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Abstract 

Background: Decision making in the health area usually involves several factors, options and data. In addition, it 
should take into account technological, social and spatial aspects, among others. Decision making methodologies 
need to address this set of information , and there is a small group of them with focus on epidemiological purposes, 
in particular Spatial Decision Support Systems (SDSS).

Methods: Makes uses a Multiple Criteria Decision Making (MCDM) method as a combining rule of results from a set 
of SDSS, where each one of them analyzes specific aspects of a complex problem. Specifically, each geo-object of the 
geographic region is processed, according to its own spatial information, by an SDSS using spatial and non-spatial 
data, inferential statistics and spatial and spatio-temporal analysis, which are then grouped together by a fuzzy rule-
based system that will produce a georeferenced map. This means that, each SDSS provides an initial evaluation for 
each variable of the problem. The results are combined by the weighted linear combination (WLC) as a criterion in a 
MCDM problem, producing a final decision map about the priority levels for fight against a disease. In fact, the WLC 
works as a combining rule for those initial evaluations in a weighted manner, more than a MCDM, i.e., it combines 
those initial evaluations in order to build the final decision map.

Results: An example of using this new approach with real epidemiological data of tuberculosis in a Brazilian munici-
pality is provided. As a result, the new approach provides a final map with four priority levels: “non-priority”, “non-prior-
ity tendency”, “priority tendency” and “priority”, for the fight against diseases.

Conclusion: The new approach may help public managers in the planning and direction of health actions, in the 
reorganization of public services, especially with regard to their levels of priorities.

Keywords: Epidemiology, Spatial analysis, Space–time analysis, Multiple Criteria Decision Making, Spatial Decision 
Support Systems, Brazil
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Introduction
Decision making in a dynamic and rapidly evolving world 
is a great challenge, since several factors can influence the 
final decision, such as: the decision maker, conflicts of 
interest, the importance of the decision, different criteria 
involved in the problem, among others [1]. In the spatial 
context, the decision making process is also complex and 

requires spatialized information produced from many 
sources and interpreted by a variety of decision makers 
in relation to different criteria, objectives and/or alterna-
tives [2].

A method that can take into account different criteria is 
the Multiple Criteria Decision Making (MCDM) defined 
as a set of procedures to help decision makers investigate 
multiple choice possibilities on the basis of multiple cri-
teria and generate an order of preference for alternatives 
[3, 4].

The use of MCDM allows structuring the decision 
making process in well-defined stages, thus assisting such 
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process [5]. Thokala and Duenas [6] define four main 
elements in the MCDM: the criteria by which the alter-
natives are evaluated, the alternatives to be evaluated, 
weights of criteria that measure the relative importance 
of each criterion in comparison with others and scores 
that reflect the value of the expected performance of 
the alternatives. MCDM is one of the most well-known 
branches of decision making [7].

Multiple Criteria Decision Making has been applied in 
areas of knowledge such as: energy, environment and sus-
tainability, supply chain management, material, quality 
management, geographic information systems, construc-
tion and project management, security and risk manage-
ment, strategic management, knowledge management, 
production management, tourism management, among 
others [8]. It has generally been used in the face of com-
plex, uncertain and conflicting situations [9].

Decision making related to the health area is complex 
and difficult because it involves multiple factors, options, 
imperfect information and different order of preferences 
to those involved [10]. In this area of knowledge, spatial 
information has been relevant for the decision making 
by managers. It is of special interest in epidemiological 
surveillance, Spatial Decision Support Systems (SDSS) 
which can point out regions by priority level in a geo-
graphical region, according to epidemiological measures 
and specific knowledge about a disease, in order to pre-
vent epidemiological outbreaks.

SDSS has been applied in various areas of knowledge 
such as flood risk management [11], earthquake disas-
ters [12], infrastructure planning [13] and public edu-
cation management [14]. SDSS has not been employed 
in health-related tasks in a significant proportion [15]. 
SDSSs combine spatial and non-spatial characteristics in 
the decision making process. Spatial data can be repre-
sented by the geographical coordinates of a location and 
its spatial relationships, being essential in the final deci-
sion making process [15]. Ferretti and Montibeller [16] 
highlighted the relevance of MCDM to the SDSS and 
the challenges of integrating spatial data and MCDM 
methods.

In the scientific literature some studies address the spa-
tial relationship with the multiple criteria [16–21]. It was 
possible to identify Multicriteria Spatial Decision Sup-
port Systems (MC-SDSS), an SDSS class based on the 
association of Geographic Information System (GIS) and 
MCDM, which uses spatial data and decision maker pref-
erences to provide the final decision [3, 21]. It has been 
approached in three distinct ways: conventional MCDM 
for spatial decision making, spatially explicit MCDM and 
spatial multiobjective optimization [21].

According to Malczewski and Rinner [21], the conven-
tional MCDM approach to spatial problems is usually 

characterized by not satisfying the fundamental proper-
ties of spatial data such as spatial dependence and het-
erogeneity. Therefore, it assigns spatial homogeneity to 
the preferences of the decision maker and value functions 
[21]. Conventional MCDM has been employed to treat 
spatial problems [21] and the frequently used methods 
are: weighted linear combination (WLC) and related pro-
cedures [22, 23], reference ideal methods [24], the analyt-
ical hierarchy and network process [25], and outranking 
methods [26].

In this paper, we propose using WLC as a combining 
rule of a set of SDSS, where each one of them analyzes 
specific aspects of a complex problem. Each SDSS pro-
vides a preliminary assessment regarding a specific vari-
able of the problem and its dimension, and it generates 
georeferenced maps pointing out priority clusters with 
respect to that variable. In the following, a WLC serve as 
a combining rule of the previous results, in order to pro-
vide a final decision map with respect to levels of priority 
for the fight against a disease.

To elucidate the proposed approach, tuberculosis (TB) 
data from the state of Paraíba, Brazil in 2013 were used. 
Therefore, this work aims to contribute with a new com-
bining rule for spatial decision making using the weight-
ing of criteria derived from spatial epidemiological 
information. The use of this approach in health surveil-
lance can provide a scientific way of setting priorities for 
the fight against diseases, such as TB.

Methods
SDSS has been employed in healthcare as in the following 
examples. In [27], a system was used to analyze the spa-
tial variation of accessibility to certain services within the 
area of a city, based on network analysis, and share the 
results with potential users (citizens and decision mak-
ers) in the form of a web application. Another research 
developed a SDSS and evaluated its usefulness to sup-
port management of a program to eliminate malaria and 
verified high acceptability as an operational data manage-
ment and surveillance system [28].

In addition, other studies have shown that the system 
has been successfully used to support malaria eradication 
in other countries [29], in health care [30] and epidemio-
logical problems, such as: acquired immune deficiency 
syndrome (AIDS) and dengue fever [31, 32].

Given the applicability of SDSS, the one developed by 
Moraes et al. [31] stands out for presenting an architec-
ture that considers epidemiological aspects for decision 
making in public health management. The data are rep-
resentative for area elements, i.e., the exact geographi-
cal location of each occurrence is unknown, but the total 
occurrence value of each area can be determined. This 
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architecture differs from the others by considering spa-
tial and non-spatial data, inferential statistics, spatial and 
spatio-temporal analysis agglutinated by a fuzzy rule-
based system.

The architecture of Moraes et al. [31]
Moraes et al. [31] proposed an architecture that took into 
account only one criterion and epidemiological aspects 
for decision making in public health management. As 
presented in Fig. 1, this architecture has as inputs a set of 
attributes, spatial and non-spatial data and maps. It con-
sists of modules of statistical analysis, spatial analysis and 
space–time analysis, with their respective developments 
and a fuzzy rule-based system. All modules and the fuzzy 
rule-based system will be explained below for a better 
understanding.

In the statistical analysis module, descriptive analyzes, 
tables and graphs can be generated in order to know the 
distribution and statistical characteristics of the disease 
under study. Subsequently, the Spatial Incidence Ratio 
(SIR) seeks to know the relative contribution of observed 
cases in an area in relation to the population of such 
area. For this, it is essential to know some concepts of 
spatial analysis: geographic region and geo-object. The 
geographic region is the defined area of the study in 
which the events of interest occur, and the geo-object is 
exposed by a set of diverse and geographically identifiable 
objects within the geographic region [33]. For example, 
Brazil could be the geographic region under study and 
each of its states would be a geo-object. Formally, let A be 

a geographic region constituted by a set of n geo-objects 
indicated by a1, a2,…,an. Let V(ai) be a random variable 
that refers to the number of occurrences of an epidemio-
logical event in a limited period of time within each geo-
object in ai, expressed as v1, v2,…,vn. Lastly, let X(ai) be 
the population under risk for that epidemiological event 
within each geo-object of a ai, denoted by x1, x2,…,xn [34, 
35]. The SIR for each geo-object ai can be presented as in 
the following equation [34, 35]:

that is, the SIR of the geo-object ai is given by the inci-
dence ratios of the occurrence of the event in that geo-
object with respect to the geographic region. Table  1 
shows the interpretation of the SIR according to its 
classification.

Also in the statistical analysis module, the normality 
test aims to verify if a dataset can be approximated by the 
normal distribution [36]. One possible test to use is the 
Lilliefors test. This will define the set of possible methods 
to be used later.

Correlation analysis is a measure used to verify the 
degree of correlation between variables [36]. If the study 
data do not present a normal distribution, nonparametric 
statistical tests, such as the Spearman correlation coef-
ficient, can be used. Spearman’s correlation coefficient 
is a measure of association between two variables and 

(1)SIR(ai)=

V(ai)
X(ai)

∑n
i=1 V(ai)

∑n
i=1 X(ai)

Fig. 1 The architecture of Moraes et al. [31]
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requires both to be measured at least on an ordinal scale 
[36].

where di2 : difference between each rank of the values 
corresponding to the observations and N: number of 
pairs of observations.

The values of the coefficient range from − 1 to 1, 
with 0.75 ≤ rs ≤ 1.00 referring to a strong correlation, 
0.50 ≤ rs < 0.75 a moderate correlation,  rs< 0.50 a weak 
correlation, 0 indicates absence of correlation and  rs = ± 1 
is a perfect correlation.

In the classification analysis module, the fuzzy paral-
lelepiped method can be used to determine the urban 
areas scattered in a heterogeneous environment, allowing 
to assign a geo-object to more than one priority level for 
the fight against diseases, according to a certain degree of 
pertinence. In general, fuzzy methods have been shown 
to be more appropriate than conventional methods for 
the classification of heterogeneous areas [37].

The spatial analysis module is intended to detect and 
infer spatial clusters. One possible method is the Circular 
Scan Statistic [38]. This methodology uses a circle, posi-
tioned on the center of mass of each geo-object of the 
geographic region under study, in order to identify the 
spatial clusters in which the occurrence of the event is 
significantly more likely inside the circle than outside it. 
The radius of the circle is increasing and can range from 
zero to a maximum value of 50% of the population at risk 
[38]. Due to the nature of the epidemiological data being 
discrete, the Poisson probabilistic model is a good alter-
native. In general, a significance level of 5% is used for 
the hypothesis tests of Monte Carlo simulations with 999 
random replications of the data with the null hypothesis 
of spatial randomness [38].

According to the assumption of the Poisson model, 
the radius with values of p(a) and q(a) that maximize the 
likelihood function conditioned to the total of observed 
cases are computed, where the likelihood ratio is under-
stood as the one that tests the hypothesis of an event 

(2)rs=1−
6
∑N

i=1 d
2
i

N3 − N

occurring randomly. Assuming a possible cluster, the 
Scan (S) statistic can be calculated according to the fol-
lowing equations [38]:

where A represents a geographic region formed by a set 
of n geo-objects, or of all possible cluster candidates, 
denoted by: a1, a2,…, an, with p̂(a) and q̂(a) being esti-
mates of p(a) and q(a) , where p(a) is a probability of indi-
viduals being inside the circle, while q(a) is a probability 
of individuals being outside. L0 can be defined as:

where O is the total number of observed cases across 
the entire geographic region A and X is the total popu-
lation exposed to risk in the geographic region A. 
L
(

a, p̂(a), q̂(a)
)

 can be defined as:

where exp represents the exponential function, c(a) and 
c(i) (a, i = 1, 2,…,n) are, respectively, the number of cases 
in the geo-object a and in the geo-object i and X(a) is the 
number of individuals at risk in geo-object a.

In the space–time analysis, we try to detect clusters 
that happen in space and time concomitantly. One pos-
sible methodology is the space–time Scan statistic. The 
main difference between the Scan circular statistic and 
the space–time Scan is the time period and the cylin-
drical scanning format. The sweep is made by means of 
cylinders that present a circular base, equivalent to the 
geographic dimension, and the height, corresponding to 
the interval of time. This base is centered on one of the 
centroids of the geo-objects contained in the geographic 
region of study with the radius varying in size continu-
ously. It is indicated that the time interval is limited to 
half of the total period and the geographical dimension 

(3)S = maxa∈A
L
(

a, p̂(a), q̂(a)
)

L0

(4)L0=
OO(X− O)X−O

XX

(5)
L
(

a, p̂(a), q̂(a)
)

=
exp[−p(a)X(a)− q(a)(X(A)− X(a))]

O!

× p(a)c(a)q(a)C−c(a)
∏

i

c(i)

Table 1 Values and interpretation of the Spatial Incidence Ratio

Values Interpretation

SIR(ai) = 0 When the geo-object under study has no epidemiological incidence

0 < SIR(ai) < 0.5 The SIR is less than half of the total incidence of the geographical region

0.5 ≤ SIR(ai) < 1.0 SIR is more than half of the total incidence, but is less than the epidemiological incidence 
of the geographical region

1.0 ≤ SIR(ai) < 1.5 Then SIR is higher than the total incidence of the geographical region by less than 50%

1.5 ≤ SIR(ai) < 2.0 The SIR exceeds the global incidence of the geographical region by more than 50%

SIR(ai) ≥ 2.0 Then SIR is two or more times higher than the total incidence of the geographical region
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to half the number of expected cases [39]. Therefore, the 
cylindrical window moves in space and time so that for 
every possible geographic location, it also visits every 
possible period of time, translating to overlapping cylin-
ders of different sizes that are tested for the probability 
of composing a space–time cluster. The significance of a 
cluster is calculated using the Monte Carlo simulation, of 
which the null hypothesis asserts its non-existence and 
the alternative hypothesis that there is at least one cluster 
with a 5% level of significance [39].

In space–time Scan, time can be approached as a ret-
rospective or prospective analysis. Retrospective analysis 
aims to detect clusters over a given period of time by per-
forming a single analysis [39], while in the prospective it 
happens repeatedly in the period of time [40].

The results from these modules serve as input to a fuzzy 
rule-based system which agglutinates this information 
and produces as output a map indicating areas with differ-
ent levels of priorities for the fight against diseases. In the 
study, a fuzzy rule-based system based in [41] was used. 
The knowledge used in the rule base comes from experts 
in the specific field of application. In this case, the rules 
come from the relationships between the epidemiological, 
spatial and spatiotemporal statistics of the disease and the 
priority levels that must be given to combat them.

The fuzzy set was proposed by [42] and is characterized 
by pertinence functions, assigned to each object of the 
set, which vary between zero and one. Let H be a space 
of points, with a generic element of H denoted by h. A 
fuzzy set B in H is characterized by a pertinence function 
μB (h) that assigns to each point in H a real number in the 
interval [0,1], where μB (h) corresponds to the pertinence 
degree of h in B. A fuzzy rule-based system is composed 
by: fuzzification, rules, inference and defuzzification [43, 
44]. Fuzzification has the intent of transforming a non-
fuzzy set in a fuzzy set. The rules are formulated with 
linguistic variables that are represented by a variable of 
which the values are words or phrases in a natural or arti-
ficial language. In the inference process, logical connec-
tives were used with the objective of indicating the fuzzy 
relationship that models the rules, while the defuzzifica-
tion corresponds to the last stage, in which the resulting 
fuzzy set is converted to a numeric value [43, 44].

The modules explained above can be suppressed or 
modified in their methodology, according to the needs of 
the problem in question [30]. It allows an adaptive contri-
bution in the process of decision making.

WLC for spatial decision making
The WLC is a simple, easy-to-understand method and 
has been consistently used in the MCDM method with 
GIS [23]. It can be defined as a technique which uses 

spatial data and decision maker preferences to provide 
the decision map [21]. The WLC takes into account two 
components: the weight for each criterion and the value 
function. The weight represents the importance of each 
criterion in the understanding of the decision maker 
(expert). The sum of the weights must be equal to one 
[23, 45]. The value function converts the different lev-
els of a criterion on a comparable scale [45]. The WLC 
method to choose the best alternative for each geo-object 
can be expressed by the equation:

where P*(a) is the best score among the m alternatives 
for each geo-object a; zij is the value function of the i-th 
alternative in terms of the j-th criterion for each geo-
object, and wj is the weight attributed to each of the K 
criteria.

The new approach
In this paper, we propose using and replying the archi-
tecture proposed by Moraes et al. [31] for each variables 
that composes the dimensions of a spatial problem, gen-
erating georeferenced maps for each of them. Subse-
quently, the WLC is applied as a combining rule for each 
geo-object of the geographic region (Fig. 2). For example, 
the TB can be analyzed according to several georefer-
enced dimensions that are analyzed separately, according 
to their relevant variables. For example, the dimension 
“gender” has two epidemiological variables: “occurrence 
of the disease in men” and “occurrence of the disease 
in women”; the dimension “level of schooling” has two 
epidemiological variables: “occurrence of the disease in 
people with schooling” and “occurrence of the disease in 
people without schooling”. It is noteworthy that the vari-
ables are grouped in these dimensions due to the similar-
ity of knowledge used in the rule-based system. Experts 
in the specific field of application in line with the sci-
entific literature developed the rules for each SDSS and 
assigned the weights of each criterion. Specifically, each 
geo-object of the geographic region is processed, accord-
ing to its own spatial information, by an SDSS using spa-
tial and non-spatial data, inferential statistics and spatial 
and spatio-temporal analysis, which are then grouped 
together by a fuzzy rule-based system that will produce 
a georeferenced map. The results from each variable are 
combined by the WLC as a criterion in a MCDM prob-
lem, producing a final decision map about the priority 
levels for fight against a disease.

(6)
P*(a)=maxi







K
�

j=1

zij(a)wj







, ∀i=1,2,...,m;

j=1,2,...,K and a=1,2,...,n
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Fig. 2 The new approach
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Results
Application of the new approach
Tuberculosis is an infectious disease of chronic evolution, 
being one of the ten leading causes of death worldwide. 
In 2017, it is estimated that 10 million people through-
out the world developed the disease, with approximately 
5.8 million being males, 3.2 million females and 1.0 mil-
lion children. In the same year, about 1.3 million deaths 
were registered [46]. According to the new classification 
of the World Health Organization (2016–2020), Brazil 
ranks 20th in the list of 30 countries with high TB burden 
and 19th in the list of 30 countries with high tuberculo-
sis–human immunodeficiency virus (HIV) co-infection 
[46]. In view of the seriousness of this epidemiological 
scenario, the new approach was applied on TB notified 
cases in the city of João Pessoa, in the Brazilian state of 
Paraíba, in order to demonstrate its usefulness.

A total of 2352 cases of TB were reported in  the city 
of João Pessoa between 2009 and 2013. The dimensions 
used in the study were gender (occurrence of the disease 
in men and occurrence of the disease in women) and 
level of schooling (occurrence of the disease in people 
with schooling and occurrence of the disease in people 
without schooling). Each of the dimensions is analyzed 
initially by the architecture proposed by [31] indepen-
dently, producing as a result a map for that variable. The 
resulting of each variable, in turn, became input criteria 
to the MCDM according to its specific considerations, 
composing the new approach proposed in this article 
(Fig. 2).

Weights for each criterion were assigned by special-
ists in the specific field of application, who were also 
based on the disease-specific scientific literature. These, 
in turn, can be modified according to certain particulari-
ties. Accordingly, the rules that make up each rule-based 
fuzzy system within each SDSS should also be changed. 
Studies show that TB is more frequent in males individu-
als [46–49], perhaps as a result of men being more prone 
to alcoholism, malnourishment or co-infection with the 
HIV virus [50]. Regarding the educational level, investiga-
tions show association of TB with illiteracy and low level 
of schooling [50, 51]. Low level of schooling is associated 
with delayed diagnosis of the disease [52], and adhesion 
to treatment [53]. Illiteracy is also associated with TB 
mortality [54]. Thus, the highest weights were attributed 
to male individuals and those with no schooling.

 where 0.30: weight attributed to the male individuals; 
0.15: weight attributed to the female individuals; 0.40: 
weight attributed to those with schooling; 0.15: weight 
attributed to those without schooling.

wj = [0.30 0.15 0.40 0.15]

As a final result, a new map was obtained showing the 
four alternatives for the fight against diseases: “non-pri-
ority”, “non-priority tendency”, “priority tendency” and 
“priority”, i.e., priority levels for each geo-object present 
in the geographic region being studied. The “non-priority 
tendency” applies in the case of a neighborhood that does 
not belong to a significant spatial cluster, but has had 
negative correlation analysis of the SIR in the last 3 years. 
The “priority tendency” refers to neighborhoods that do 
not belong to a significant spatial cluster, but present 
positive correlation analysis of the SIR. This map refers 
to the  city of João Pessoa, representing the four prior-
ity levels for the fight against TB in each neighborhood. 
Figure 3 presents the 36, of the 64 neighborhoods of the 
city, which were considered to be “non-priority”. They 
were dispersed throughout the municipality. Thirteen 
presented “priority tendency”, with a greater concentra-
tion in the west and ten were considered “priority” for 
the fight against TB. Five presented a “non-priority ten-
dency”, of which the majority were located in the north-
west region of the city.

Discussion
From the epidemiological point of view, the alternatives 
“priority” and “priority tendency” require immediate and 
future interventions by the public manager, respectively. 
These alternatives help the manager to make a decision 
in a coherent and assertive way. In addition, if there is 
availability and resources, this intervention can be done 
immediately in both situations.

Most of the neighborhoods that were considered “pri-
ority” or “tendency priority” have higher population den-
sities or socioeconomic vulnerability. In the region with 
the highest concentration of priority neighborhoods 
there is a prison, in addition to some points of prostitu-
tion. The prevalence of TB is higher in the prison popu-
lation, which can be justified by overcrowding and poor 
lighting and ventilation conditions [55].

The research of [56] stated that the spatial distribution 
of TB was more concentrated in neighborhoods with 
higher population and intradomiciliary densities, cor-
roborating the results of the present study. Another study 
found that TB occurred predominantly in the central 
region of Divinópolis, Minas Gerais, Brazil, and a signifi-
cant association can be found between the disease and 
the sites with the highest population density [49], simi-
larly to the findings of this work. In a study conducted in 
Fortaleza, Brazil, it was found that TB cases were agglom-
erated in areas with high informal settlement rates [57].

In general, TB is a disease that affects the economically 
disadvantaged population [58]. The occurrence of TB is 
associated to socioeconomic inequalities [56]. As such, it 
is important to articulate several public services, such as 
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the health, housing, infrastructure, social assistance and 
education sectors, with the objective of minimizing the 
social burden of TB [56].

Using the architecture proposed by [31] through rep-
lication for each variable of the problem, an in-depth 
analysis of each one was possible. They composed the 
set of criteria in the context of the final decision mak-
ing for each geo-object of the geographic region. There-
fore, this approach can contribute to the management 
of epidemiological surveillance taking into account the 
administrative and epidemiological information, espe-
cially in what concerns the priority areas for the fight 
against diseases. Another contribution of this work is a 
new combination rule for spatial decision making using 
the weighting of criteria derived from spatial epidemio-
logical information. As epidemiological problems of 
this nature are all structured in a similar way, it is pos-
sible  to use this new approach for analyzing different 
diseases. It is worth noting that this approach is gen-
eral and can be applied to other problems in health sci-
ences, as well as in other areas beyond that, taking into 
account georeferenced information.

The limitation of this research refers to the use of 
secondary data, which requires information of good 
quality and accurately recorded, and such information 
is sometimes not available. However, future works may 
increase the number of epidemiological or surveillance 
information.

Conclusion
The present study presented an innovative approach with 
an interdisciplinary point of view, involving statistical 
and spatial analysis, multicriteria decision making and 
epidemiology. No other similar approach was found in 
the scientific literature. It allowed the application of epi-
demiological data and the identification of areas with dif-
ferent levels of priority for the fight against diseases. This 
approach can be adopted for other diseases, using spe-
cific modules according to the problematic in question. It 
allows an adaptive contribution in the process of decision 
making using georeferenced data.
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Fig. 3 Map resulting from the application of the new approach in cases of tuberculosis the city of João Pessoa, Paraíba, Brazil, for the year 2013



Page 9 of 10de Lima et al. Int J Health Geogr           (2019) 18:25 

Authors’ contributions
LMML contributed as well as analysis and interpretation of the analysis results 
and was a major contributor in writing this manuscript. LRS contributed the 
conception of the study, data acquisition, as well as analysis and interpretation 
of the analysis results. AFUSM contributed interpretation of the analysis results. 
JAN, RPTV and RMM supervised the data processing and interpretation of 
results. RMM contributed substantially to the analysis of data. All authors read 
and approved the final manuscript.

Funding
Financial support for this study was provided in part by 88887.144662/2017-00 
of Coordination of Superior Level Staff Improvement (CAPES)/Foundation for 
Research Support of the State of Paraíba (FAPESQ/PB) and 308250/2015-0 of 
the National Council for Scientific and Technological Development (CNPq).

Availability of data and materials
Not applicable.

Ethics approval and consent to participate
The project was evaluated and approved by the Health Education Manage-
ment of the Municipal Secretariat of Health of João Pessoa, Paraíba, Brazil, 
according to process nº 17.868/2014.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
1 Graduate Program in Decision Models and Health, Department of Statistics, 
Federal University of Paraíba, João Pessoa, Paraíba, Brazil. 2 Department of Sta-
tistics, Federal University of Paraíba, João Pessoa, Paraíba, Brazil. 3 Department 
of Nursing, Federal University of Paraíba, João Pessoa, Paraíba, Brazil. 4 Depart-
ment of Nutrition, Federal University of Paraíba, João Pessoa, Paraíba, Brazil. 

Received: 14 August 2019   Accepted: 24 October 2019

References
 1. Bhushan N, Rai K. Strategic decision making: applying the analytic hierar-

chy process. Berlin: Springer Science & Business Media; 2004.
 2. Sugumaran R, Degroote J. Spatial decision support systems: principles 

and practices. Boca Raton: CRC Press; 2010.
 3. Malczewski J. GIS and multicriteria decision analysis. Hoboken: Wiley; 

1999.
 4. Zardari NH, Ahmed K, Shirazi SM, Yusop ZB. Weighting methods and 

their effects on multi-criteria decision making model outcomes in water 
resources management. Springer briefs in water science and technology. 
Berlin: Springer; 2015.

 5. Guarnieri P, editor. Decision models in engineering and management. 
Berlin: Springer; 2015.

 6. Thokala P, Duenas A. Multiple criteria decision analysis for health 
technology assessment. Value Health. 2012;15(8):1172–81. https ://doi.
org/10.1016/j.jval.2012.06.015.

 7. Triantaphyllou E. Multi-criteria decision making methods: a comparative 
study. Applied optimization, vol. 44. Dordrecht: Springer Science & Busi-
ness Media; 2000.

 8. Mardani A, Jusoh A, Nor KMD, Khalifah Z, Zakwan N, Valipour A, et al. 
Multiple criteria decision-making techniques and their applications—a 
review of the literature from 2000 to 2014. Ekon Istraz. 2015;28(1):516–71. 
https ://doi.org/10.1080/13316 77X.2015.10751 39.

 9. Sen P, Yang J-B. Multiple criteria decision support in engineering design. 
London: Springer Science & Business Media; 1998.

 10. Marsh K, Goetghebeur M, Thokala P, Baltussen R, editors. Multi-criteria 
decision analysis to support healthcare decisions. Berlin: Springer; 2017.

 11. Horita FEA, Albuquerque JP, Degrossi LC, Mendiondo EM, Ueyama J. 
Development of a spatial decision support system for flood risk manage-
ment in Brazil that combines volunteered geographic information with 

wireless sensor networks. Comput Geosci. 2015;80:84–94. https ://doi.
org/10.1016/j.cageo .2015.04.001.

 12. Nyimbili PH, Erden T. Spatial decision support systems (SDSS) and 
software applications for earthquake disaster management with special 
reference to Turkey. Nat Hazards. 2018;90(3):1485–507. https ://doi.
org/10.1007/s1106 9-017-3089-7.

 13. Kim HY, Lee HK. Enhanced validity and reliability of spatial decision sup-
port systems (SDSS) for sustainable transportation decision-making. Appl 
Geogr. 2014;51:65–71. https ://doi.org/10.1016/j.apgeo g.2014.03.009.

 14. Carvalho VDH, Barbirato JCC, Cirilo JVA, Poleto T. Uma metodologia para 
sistemas espaciais de apoio à decisão aplicados à gestão da educação 
pública. In: 7º Congresso Luso Brasileiro para o Planejamento Urbano, 
Integrado e Sustentável. Contrastes, Contradições e Complexidades. Mac-
eió, Brasil. 2016.

 15. Keenan PB, Jankowski P. Spatial decision support systems: three decades 
on. Decis Support Syst. 2019;116:64–76. https ://doi.org/10.1016/j.
dss.2018.10.010.

 16. Ferretti V, Montibeller G. Key challenges and meta-choices in designing 
and applying multi-criteria spatial decision support systems. Decis Sup-
port Syst. 2016;84:41–52. https ://doi.org/10.1016/j.dss.2016.01.005.

 17. Carver SJ. Integrating multi-criteria evaluation with geographical 
information systems. Int J Geogr Inf Sci. 1991;5(3):321–39. https ://doi.
org/10.1080/02693 79910 89278 58.

 18. Jankowski P. Integrating geographical information systems and multiple 
criteria decision making methods. Int J Geogr Inf Sci. 1995;9(3):251–73. 
https ://doi.org/10.1080/02693 79950 89020 36.

 19. Malczewski J. GIS-based multicriteria decision analysis: a survey 
of the literature. Int J Geogr Inf Sci. 2006;20(7):703–26. https ://doi.
org/10.1080/13658 81060 06615 08.

 20. Coutinho-Rodrigues J, Simão A, Antunes CH. A GIS-based multicriteria 
spatial decision support system for planning urban infrastructures. Decis 
Support Syst. 2011;51(3):720–6. https ://doi.org/10.1016/j.dss.2011.02.010.

 21. Malczewski J, Rinner C. Multicriteria decision analysis in geographic 
information science. Advances in geographic information science. New 
York: Springer; 2015.

 22. Drobne S, Lisec A. Multi-attribute decision analysis in GIS: weighted 
linear combination and ordered weighted averaging. Informatica. 
2009;33(4):459–74.

 23. Malczewski J. On the use of weighted linear combination method in GIS: 
common and best practice approaches. Trans GIS. 2000;4(1):5–22. https ://
doi.org/10.1111/1467-9671.00035 .

 24. Cables E, Lamata MT, Verdegay JL. RIM-reference ideal method in multic-
riteria decision making. Inf Sci. 2016;337:1–10. https ://doi.org/10.1016/j.
ins.2015.12.011.

 25. Lee M-C. The analytic hierarchy and the network process in multicriteria 
decision making: performance evaluation and selecting key performance 
indicators based on ANP model. In: Convergence and hybrid information 
technologies. IntechOpen; 2010.

 26. Joerin F, Thériault M, Musy A. Using GIS and outranking multi-
criteria analysis for land-use suitability assessment. Int J Geogr Inf Sci. 
2001;15(2):153–74. https ://doi.org/10.1080/13658 81005 10304 87.

 27. Burdziej J. A web-based spatial decision support system for accessibility 
analysis-concepts and methods. Appl Geomat. 2012;4(2):75–84. https ://
doi.org/10.1007/s1251 8-011-0057-x.

 28. Wangdi K, Banwell C, Gatton ML, Kelly GC, Namgay R, Clements ACA. 
Development and evaluation of a spatial decision support system 
for malaria elimination in Bhutan. Malar J. 2016;15(1):180. https ://doi.
org/10.1186/s1293 6-016-1235-4.

 29. Kelly GC, Seng CM, Donald W, Taleo G, Nausien J, Batarii W, et al. A spatial 
decision support system for guiding focal indoor residual spraying inter-
ventions in a malaria elimination zone. Geospat Health. 2011;6(1):21–31. 
https ://doi.org/10.4081/gh.2011.154.

 30. Delmelle E, Delmelle EC, Casas I, Barto T. HELP: a GIS-based health explor-
atory analysis tool for practitioners. Appl Spat Anal Policy. 2011;4(2):113–
37. https ://doi.org/10.1007/s1206 1-010-9048-2.

 31. Moraes RM, Nogueira JA, Sousa AC. A new architecture for a spatio-tem-
poral decision support system for epidemiological purposes. In: Decision 
making and soft computing: proceedings of the 11th international-FLINS 
conference. World Scientific; 2014. https ://doi.org/10.1142/97898 14619 
998_0006.

https://doi.org/10.1016/j.jval.2012.06.015
https://doi.org/10.1016/j.jval.2012.06.015
https://doi.org/10.1080/1331677X.2015.1075139
https://doi.org/10.1016/j.cageo.2015.04.001
https://doi.org/10.1016/j.cageo.2015.04.001
https://doi.org/10.1007/s11069-017-3089-7
https://doi.org/10.1007/s11069-017-3089-7
https://doi.org/10.1016/j.apgeog.2014.03.009
https://doi.org/10.1016/j.dss.2018.10.010
https://doi.org/10.1016/j.dss.2018.10.010
https://doi.org/10.1016/j.dss.2016.01.005
https://doi.org/10.1080/02693799108927858
https://doi.org/10.1080/02693799108927858
https://doi.org/10.1080/02693799508902036
https://doi.org/10.1080/13658810600661508
https://doi.org/10.1080/13658810600661508
https://doi.org/10.1016/j.dss.2011.02.010
https://doi.org/10.1111/1467-9671.00035
https://doi.org/10.1111/1467-9671.00035
https://doi.org/10.1016/j.ins.2015.12.011
https://doi.org/10.1016/j.ins.2015.12.011
https://doi.org/10.1080/13658810051030487
https://doi.org/10.1007/s12518-011-0057-x
https://doi.org/10.1007/s12518-011-0057-x
https://doi.org/10.1186/s12936-016-1235-4
https://doi.org/10.1186/s12936-016-1235-4
https://doi.org/10.4081/gh.2011.154
https://doi.org/10.1007/s12061-010-9048-2
https://doi.org/10.1142/9789814619998_0006
https://doi.org/10.1142/9789814619998_0006


Page 10 of 10de Lima et al. Int J Health Geogr           (2019) 18:25 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your research ?  Choose BMC and benefit from: 

 32. Melo JCS, Moraes RM. Sistema Espacial de Suporte à Decisão para 
Gestão do Combate ao Dengue Usando Lógica Fuzzy. TEMA (São Carlos). 
2018;19(3):405–21. https ://doi.org/10.5540/tema.2018.019.03.0405.

 33. Goodchild M. Geographical data modeling. Comput Geosci. 
1992;18(4):401–8. https ://doi.org/10.1016/0098-3004(92)90069 -4.

 34. Pinto MMPS, Silva ATMC, Moraes RM. Detecção de aglomerados espaciais 
dos casos de crianças/adolescentes em condição crônica em hospitais 
de referência na Paraíba, Brasil. In: III Congresso Brasileiro de Ciências da 
Saúde (CONBRACIS 2018). 13–15 Junho, Campina Grande, Brasil. 2018.

 35. Lima LMM, Melo ACO, Vianna RPT, Moraes RM. Análise espacial das anom-
alias congênitas do sistema nervoso. Cad Saúde Colet. 2019;27(3):257–63. 
https ://doi.org/10.1590/1414-462X2 01900 03031 3.

 36. Siegel S. Nonparametric statistics for the behavioral sciences. Interna-
tional Student edition. New York: McGraw-Hill; 1956.

 37. Console E, Mouchot MC. Fuzzy classification techniques in the urban 
area recognition. In: IGARSS’96. 1996 international geoscience and 
remote sensing symposium. 1996; IEEE. https ://doi.org/10.1109/IGARS 
S.1996.51622 4.

 38. Kulldorff M, Nagarwalla N. Spatial disease clusters: detection and infer-
ence. Stat Med. 1995;14(8):799–810. https ://doi.org/10.1002/sim.47801 
40809 .

 39. Kulldorff M, Athas WF, Feurer EJ, Miller BA, Key CR. Evaluating cluster 
alarms: a space–time scan statistic and brain cancer in Los Alamos, New 
Mexico. Am J Public Health. 1998;88(9):1377–80. https ://doi.org/10.2105/
AJPH.88.9.1377.

 40. Kulldorff M. Prospective time periodic geographical disease surveillance 
using a scan statistic. J R Stat Soc Ser A Stat Soc. 2001;164(1):61–72. https 
://doi.org/10.1111/1467-985X.00186 .

 41. Mamdani EH, Assilian S. An experiment in linguistic synthesis with a 
fuzzy logic controller. Int J Man Mach Stud. 1975;7(1):1–13. https ://doi.
org/10.1016/S0020 -7373(75)80002 -2.

 42. Zadeh LA. Fuzzy sets. Inf Control. 1965;8(3):338–53. https ://doi.
org/10.1016/S0019 -9958(65)90241 -X.

 43. Zadeh LA. Outline of a new approach to the analysis of complex 
systems and decision processes. IEEE Trans Syst Man Cybern B Cybern. 
1973;3(1):28–44. https ://doi.org/10.1109/TSMC.1973.54085 75.

 44. King PJ, Mamdani EH. The application of fuzzy control systems to 
industrial processes. Automatica. 1977;13(3):235–42. https ://doi.
org/10.1016/0005-1098(77)90050 -4.

 45. Malczewski J. Local weighted linear combination. Trans GIS. 
2011;15(4):439–55. https ://doi.org/10.1111/j.1467-9671.2011.01275 .x.

 46. World Health Organization. Global tuberculosis report 2018. Geneva: World 
Health Organization. https ://apps.who.int/iris/handl e/10665 /27445 3.

 47. Trigueiro DRSG, Nogueira JA, Sá LD, Monroe AA, Anjos UU, Villa TCS, et al. 
The influence of individual determinants in the delay of the tuberculo-
sis diagnosis. Texto Contexto Enferm. 2014;23(4):1022–31. https ://doi.
org/10.1590/0104-07072 01400 13700 13.

 48. Horton KC, MacPherson P, Houben RMGJ, White RG, Corbett EL. Sex 
differences in tuberculosis burden and notifications in low- and middle-
income countries: a systematic review and meta-analysis. PLoS Med. 
2016;13(9):e1002119. https ://doi.org/10.1371/journ al.pmed.10021 19.

 49. Silva MA, Oliveira CDL, Neto RGT, Camargos PA. Spatial distribution of 
tuberculosis from 2002 to 2012 in a midsize city in Brazil. BMC Public 
Health. 2016;16(1):912. https ://doi.org/10.1186/s1288 9-016-3575-y.

 50. San Pedro A, Oliveira RM. Tuberculose e indicadores socioeconômi-
cos: revisão sistemática da literatura. Rev Panam Salud Publica. 
2013;33:294–301.

 51. Kapoor AK, Deepani V, Dhall M, Kapoor S. Pattern of socio-economic 
and health aspects among TB patients and controls. Indian J Tuberc. 
2016;63(4):230–5. https ://doi.org/10.1016/j.ijtb.2016.09.011.

 52. Li Y, Ehiri J, Tang S, Li D, Bian Y, Lin H, Marshall C, Cao J. Factors associated 
with patient, and diagnostic delays in Chinese TB patients: a system-
atic review and meta-analysis. BMC Med. 2013;11(1):156. https ://doi.
org/10.1186/1741-7015-11-156.

 53. Vieira AA, Leite DT, Adreoni S. Tuberculosis recurrence in a priority city in 
the state of São Paulo, Brazil. J Bras Pneumol. 2017;43(2):106–12. https ://
doi.org/10.1590/s1806 -37562 01600 00000 02.

 54. Gomes NMF, Bastos MCM, Marins RM, Barbosa AA, Soares LCP, Abreu 
AMOW, et al. Differences between risk factors associated with tuberculo-
sis treatment abandonment and mortality. Pulm Med. 2015. https ://doi.
org/10.1155/2015/54610 6.

 55. Nogueira PA, Abrahão RMCM, Galesi VMN. Tuberculosis and latente tuber-
culosis in prison inmates. Rev Saude Publica. 2012;46(1):119–27. https ://
doi.org/10.1590/S0034 -89102 01100 50000 80.

 56. San Pedro A, Gibson G, Santos JPC, Toledo LM, Sabroza PC, Oliveira RM. 
Tuberculosis as a marker of inequities in the context of socio-spatial 
transformation. Rev Saude Publica. 2017;51:9. https ://doi.org/10.1590/
s1518 -8787.20170 51006 533.

 57. Harling G, Neto ASL, Sousa GS, Machado MMT, Castro MC. Determinants 
of tuberculosis transmission and treatment abandonment in Fortaleza, 
Brazil. BMC Public Health. 2017;17(1):508. https ://doi.org/10.1186/s1288 
9-017-4435-0.

 58. Neves RR, Ferro PS, Nogueira LMV, Rodrigues ILA. Acesso e vínculo ao 
tratamento de tuberculose na atenção primária em saúde. Res Fund 
Care Online. 2016;8(4):5143–9. https ://doi.org/10.9789/2175-5361.2016.
v8i4.5143-5149.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://doi.org/10.5540/tema.2018.019.03.0405
https://doi.org/10.1016/0098-3004(92)90069-4
https://doi.org/10.1590/1414-462X201900030313
https://doi.org/10.1109/IGARSS.1996.516224
https://doi.org/10.1109/IGARSS.1996.516224
https://doi.org/10.1002/sim.4780140809
https://doi.org/10.1002/sim.4780140809
https://doi.org/10.2105/AJPH.88.9.1377
https://doi.org/10.2105/AJPH.88.9.1377
https://doi.org/10.1111/1467-985X.00186
https://doi.org/10.1111/1467-985X.00186
https://doi.org/10.1016/S0020-7373(75)80002-2
https://doi.org/10.1016/S0020-7373(75)80002-2
https://doi.org/10.1016/S0019-9958(65)90241-X
https://doi.org/10.1016/S0019-9958(65)90241-X
https://doi.org/10.1109/TSMC.1973.5408575
https://doi.org/10.1016/0005-1098(77)90050-4
https://doi.org/10.1016/0005-1098(77)90050-4
https://doi.org/10.1111/j.1467-9671.2011.01275.x
https://apps.who.int/iris/handle/10665/274453
https://doi.org/10.1590/0104-07072014001370013
https://doi.org/10.1590/0104-07072014001370013
https://doi.org/10.1371/journal.pmed.1002119
https://doi.org/10.1186/s12889-016-3575-y
https://doi.org/10.1016/j.ijtb.2016.09.011
https://doi.org/10.1186/1741-7015-11-156
https://doi.org/10.1186/1741-7015-11-156
https://doi.org/10.1590/s1806-37562016000000002
https://doi.org/10.1590/s1806-37562016000000002
https://doi.org/10.1155/2015/546106
https://doi.org/10.1155/2015/546106
https://doi.org/10.1590/S0034-89102011005000080
https://doi.org/10.1590/S0034-89102011005000080
https://doi.org/10.1590/s1518-8787.2017051006533
https://doi.org/10.1590/s1518-8787.2017051006533
https://doi.org/10.1186/s12889-017-4435-0
https://doi.org/10.1186/s12889-017-4435-0
https://doi.org/10.9789/2175-5361.2016.v8i4.5143-5149
https://doi.org/10.9789/2175-5361.2016.v8i4.5143-5149

	A new combination rule for Spatial Decision Support Systems for epidemiology
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusion: 

	Introduction
	Methods
	The architecture of Moraes et al. [31]
	WLC for spatial decision making
	The new approach

	Results
	Application of the new approach

	Discussion
	Conclusion
	Acknowledgements
	References




