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Abstract
The weighting of sub-indicators is widely debated in the composite indicator litera-
ture. However, these weighting schemes’ effects on the composite indicator’s spatial 
dependence property are still little known. This research reveals a direct relationship 
between the weighting scheme of sub-indicators and the spatial autocorrelation of 
the composite indicator. The Global Moran’s Index (I) of composite indicators built 
using Data-driven (Moran’s I = 0.636) and Hybrid (Moran’s I = 0.597) weighting 
schemes is, on average, eleven percent higher than in the Equal-weights (Moran’s 
I = 0.549) and Expert opinion (Moran’s I = 0.560) weighting schemes. The average 
score of the composite indicator is higher when they are built by weighting schemes 
that better describe the spatial dependence. The spatial dependence of sub-indicators 
and composite indicators are not related. All fifteen sub-indicators show lower spa-
tial autocorrelation than the composite indicators built by Expert opinion, Hybrid, 
and Data-driven weighting schemes. The spatial weighting matrix influences the 
spatial autocorrelation but does not change the robustness and quality parameters 
of the composite indicator. The research develops a Data-driven weighting scheme 
that allows individually or simultaneously considering the opinion of experts and 
parameters of quality and robustness of the composite indicator. It also offers the 
means to reduce judgment errors and evaluation biases in Expert opinion sub-indi-
cator weighting schemes.
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1  Introduction

Composite indicators are one-dimensional measures that facilitate the interpreta-
tion and analysis of multidimensional phenomena in different areas of knowledge 
(Mazziotta and Pareto 2017; Kuc-Czarnecka et al. 2020; Bernardes et al. 2021; Ekel 
et al. 2022). In particular, composite indicators are especially useful for geographic 
analysis because they represent the several sub-indicators adjacent to the multidi-
mensional phenomenon on a single map (Carley et  al. 2018; Marzi et  al. 2019). 
However, building composite indicators involves significant shortcomings during 
normalization, weighting, and aggregation of sub-indicators (Saltelli 2007; Dialga 
and Le Giang 2017; Cinelli et al. 2021).

The weights of the sub-indicators can be assigned using the Equal-weight, Data-
driven, Expert opinion, or Hybrid weighting schemes (Becker et  al. 2017). There 
is no single best weighting scheme, as none of them are exempt from criticism, 
and each offers a different perspective of analysis (Greco et al. 2019). From a geo-
graphical point of view, the weighting scheme may or may not consider spatial 
heterogeneity.

Spatial heterogeneity is considered in methods that assign different weights to 
the same sub-indicator in different spatial units. In the Benefit-of-the-Doubt method, 
higher weights are assigned to higher performance sub-indicators of spatial units, 
offering a composite indicator that highlights the positive characteristics of each 
spatial unit (Fusco et al. 2018; Libório et al. 2022c). In the Geographic Weighted 
Principal Component Analysis method, weights maximize the variance extracted 
from the original data in the first component in each spatial unit, providing a com-
posite indicator that captures locally as many sub-indicators of the multidimensional 
phenomenon as possible (Harris et al. 2015; Kallio et al. 2018; Cartone and Postigli-
one 2021). In the Ordered Weighted Averaging operator, the assignment of weights 
makes it possible to regulate the compensation levels between sub-indicators of poor 
and above-average performance, offering a composite indicator that highlights the 
positive or negative aspects of each of them the spatial units (Badea et al. 2011).

In weighting schemes that disregard spatial heterogeneity, the weights of a sub-
indicator do not vary between spatial units, offering better comparability of com-
posite indicator scores. The Equal-weights is an objective weighting scheme, easy 
to implement, and appropriate when there is a lack of a theoretical framework that 
justifies the differentiation of weights, when the experts disagree on the weights, 
or when the statistical and empirical knowledge is inadequate (Greco et al. 2019). 
Expert opinion weighting schemes are based on the concept of the multidimen-
sional phenomenon.1 Therefore, greater weights are assigned to sub-indicators with 
greater conceptual importance, offering a composite indicator closer to the concep-
tual structure of the multidimensional phenomenon (Nardo et al. 2005). Data-driven 
weighting schemes use the data to assign weights to sub-indicators. In the principal 

1  The most popular Expert opinion weighting methods are the Analytic hierarchy process, Conjoint anal-
ysis, Public opinion and Budget allocation process (Saisana & Tarantola 2002; Nardo et al. 2005; Otoiu 
et al. 2021).
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component analysis, the weights of the sub-indicators are defined to maximize the 
variance extracted from the data in the first component (Libório et al. 2020a). This 
approach offers a composite indicator that explains most of the information con-
tained in the original sub-indicators (Saisana and Tarantola 2002). Enhanced Scatter 
Search assigns weights to sub-indicators to reduce rank reversals in robustness anal-
yses, offering a more stable composite indicator (Maricic et al. 2019). The weights 
can also be assigned to minimize the effects of correlations between sub-indicators 
on the weighting, offering a composite indicator that maximizes the transfer of 
information in the sub-indicators (Lindén et al. 2021).

Considering spatial heterogeneity or not, research on the weighting of sub-indica-
tors does not address a relevant topic for the geographic area: the spatial dependence 
of the multidimensional phenomenon. Spatial dependence is a property in which 
observations from different geographic areas can be correlated. Thus, observations 
from neighboring areas tend to be more similar than observations from distant areas 
(Goodchild 1991). The property of spatial dependence is associated with the First 
Law of Geography: "everything is related to everything else, but near things are 
more related to each other" (Tobler 1970).

The Moran’s (1950) Index and Geary’s (1954) Coefficient are two popular spa-
tial autocorrelation measures for measuring the overall spatial dependence of a set 
of observations. The Moran’s Index is based on the covariance between associated 
locations, while Geary’s Coefficient considers numerical differences between the 
associated locations (Getis 1999). These indices are calculated based on a spatial 
weighting matrix built by proximity, contiguity, or geographic distance criteria.

Several studies employ the Moran’s Index and the Geary Coefficient to analyze 
the spatial dependence of multidimensional phenomena. These researches bring 
examples of spatial autocorrelation of multidimensional phenomena in urban and 
rural areas and at different geographic scales: district, municipal, state, and regional 
(Jha and Gundimeda 2019; Katumba et al. 2019; Aljoufie and Tiwari 2020; Chau-
han et al. 2020; Adeleke and Alabede 2021; Mavhura et al. 2021). However, these 
studies ignore that sub-indicator weighting schemes directly correlate with the com-
posite indicator’s results (Greco et al. 2019) and, consequently, influence its spatial 
autocorrelation.

This research aims to examine the effect of sub-indicator weighting schemes on 
the spatial dependence of a multidimensional phenomenon. This analysis allows 
answering questions such as: How does spatial autocorrelation relate to the robust-
ness and quality parameters of the composite indicator? What are the effects of the 
weighting scheme in representing the multidimensional phenomenon? What is the 
relationship between the spatial autocorrelation of the sub-indicators and the com-
posite indicator? What is the effect of the spatial weighting matrix on spatial auto-
correction? How is this effect reflected in the robustness and quality parameters of 
the composite indicator?

The first innovation of this research is associated with the introduction of proce-
dures that avoid judgment errors and evaluation biases in the Expert opinion weight-
ing scheme. The first procedure allows the processing of different assessment for-
mats, offering flexibility and psychological comfort that reduce judgment errors. The 
second procedure allows for measuring the extent to which individual and collective 
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assessments differ by sub-indicator, signaling possible biased assessments. The sec-
ond innovation of this research is associated with developing a flexible Data-driven 
sub-indicator weighting scheme that allows for emphasizing the property of spatial 
dependence of the composite indicator, taking into account, individually or simulta-
neously, parameters of robustness and quality.

2 � Materials and methods

The details of the materials and methods used in the research are divided into six 
subsections. Section  2.1 presents the steps for building the distance and spatial 
weighting matrices and calculating Moran’s Index. In Sects. 2.2 and 2.3, the stages 
of the building of composite indicators are presented. The building method of com-
posite indicators is presented in Sect. 2.2, and the Equal-weights, Expert opinion, 
Data-driven, and Hybrid weighting schemes are presented in Sect. 2.3. The robust-
ness and quality of the compost indicator and the consistency of the results are veri-
fied in Sects. 2.4, 2.5, and 2.6.

2.1 � Spatial model of the study area: weighting matrix and spatial autocorrelation

The study area of this research is an urban conurbation composed of three cities 
in the state of Paraná, Brazil. The cities of Maringá-Sarandi-Paiçandu have an esti-
mated population of 577,611 inhabitants2 and are divided into 661 census tracts 
(IBGE, 2010). Figure 1 shows these census tracts and the location map of the study 
area.

A spatial weighting matrix was built considering the 661 census tracts of the 
study area. This matrix reflects the arrangement of spatial interactions through spa-
tial weights that represent the degree of connection between the census tracts. The 
degree of connection between the census tracts represented by the spatial weights 
was obtained using the non-binary geographic distance proximity criterion. This cri-
terion has two advantages. First, it avoids the unbalanced connectivity that occurs 
due to census tracts with many neighbors and census tracts with few neighbors. Sec-
ond, it eliminates subjectivity in defining the influence of distance from neighboring 
areas. The spatial weighting matrix was built as follows:

First, the Euclidean distances were calculated using the latitude and longitude of 
the centroids of the census tracts u, v ∈ U where U is the total number of census 
tracts:

(1)duv =

√(
ui − vi

)2
+
(
uj − vj

)2
, u, v ∈ U.

2  Population Estimates carried out by the Brazilian Institute of Geography and Statistics in July 2021. 
Accessible at https://​www.​ibge.​gov.​br/​estat​istic​as/​socia​is/​popul​acao/​9103-​estim​ativas-​de-​popul​acao.

https://www.ibge.gov.br/estatisticas/sociais/populacao/9103-estimativas-de-populacao
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Then, the spatial weight matrix can be elaborated based on the distance matrix 
d
uv

 and the distance sensitivity parameters b:

where the distance sensitivity parameter b was set to 1.
Finally, the spatial weighting matrix was normalized as

where w∗
uv

 is the normalized matrix wuv . u =
∑

v∈U wuv.
Based on w∗

uv
 , the Moran’s Index global spatial autocorrelation coefficient was 

calculated as

where N is the number of census tracts indexed by u and v , X corresponds to the 
Composite Indicator (CI) score, and the X corresponds to the average of the CI 
scores. CI is to be further explained in Sect. 2.2

(2)wuv = exp
(
−bduv

)
, u, v ∈ U

(3)w∗
uv
=

wuv∑
v∈U wuv

, so that
�
v∈U

w∗
uv
= 1,

(4)Moran�s I =
N∑

u

∑
v w

∗
uv

∑
u

∑
v w

∗
uv

�
Xu − X

��
Xv − X

�

∑
u

�
Xu − X

�2
,

Fig. 1   The study area location map: Maringá-Sarandi-Paiçandu, Paraná, Brazil



190	 M. P. Libório et al.

1 3

After calculating the Moran’s Index, the statistical significance test of spatial 
effects is performed. This test measures the model’s pseudo significance (Anselin 
1996).

2.2 � Composite indicator of social vulnerability

Social vulnerability is a multidimensional social phenomenon that reflects the con-
dition of a group of individuals on the margins of society. The condition of social 
vulnerability is not limited to the problem of the economic dimension. It includes 
dimensions that portray household conditions, quality of education, access to clean 
water and sanitation, and the environment (Davino et  al. 2021). Multidimensional 
social phenomena such as social vulnerability are also characterized by the differ-
entiation of weights of sub-indicators (Mazziotta and Pareto 2017; Libório et  al. 
2020a, b) and by the property of spatial dependence (Cutter and Finch 2008) that 
can vary according to or sub-indicator (Rufat et al. 2019).

The composite indicator of social vulnerability was built following these charac-
teristics and aggregating the fifteen objective-quantitative3 sub-indicators of the five 
dimensions listed below:

•	 Demographic Dm-1. Residents up to one year old, Dm-2. Residents per house-
hold, Dm-3. Dependents per head of household, and Dm-4. Heads of households 
between 10 and 19 years old.

•	 Economic Ec-1. Heads of households without income, Ec-2. Heads of house-
holds with income of up to two minimum wages, and Ec-3. Heads of households 
with income above 20 minimum wages.

•	 Educational Ed-1. Heads of households without literacy and Ed-2. Illiterate resi-
dents aged between 10 and 14 years.

•	 Environmental En-1. Vegetation Coverage Index (Normalized Difference Veg-
etation Index).

•	 Households Hd-1. Households rented or leased, Hd-2. Households connected to 
the water network, Hd-3. Households connected to the sewage network, Hd-4. 
Households without a bathroom, and Hd-5. Households with more than three 
bathrooms.

The data from the fifteen sub-indicators refer to the last census carried out in Bra-
zil in 2010 (IBGE, 2010). The data were collected and then normalized as

(5)Ilu =
xlu −min

(
xl
)

max
(
xl
)
−min

(
xl
) ,

3  The nature of a sub-indicator is objective-quantitative when the variable is directly measurable, objec-
tive-qualitative when the variables are objectively verifiable by the presence or absence of something 
even if not directly measurable, and qualitative-subjective when the variables are obtained from Experts 
opinion (Libório et al. 2022a).
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where xlu is the value of sub-indicator l ∈ L of census tract u ∈ U.
Simple Additive Weight (SAW) offers a more flexible and straightforward way 

of implementing different weighting schemes than other methods applied to build 
composite indicators (El Gibari et al. 2019). The aggregation of the sub-indicators 
in the SAW is performed in a compensatory way. Compensatory aggregation allows 
sub-indicators of poor performance to be offset by sub-indicators of above-average 
performance (Ekel et al. 2020). This compensation between poor and above-average 
performance sub-indicators increases the composite indicator scores, reducing its 
capability to represent multidimensional social phenomena (Libório et  al. 2022a). 
The formulas used in non-compensatory aggregation schemes involve normaliza-
tion adjustments for the calculation of geometric or harmonic means (Cinelli et al. 
2021), data standardization with the inclusion of penalties (Mazziotta and Pareto 
2018), or the ordered aggregation of sub-indicators (Libório et al. 2021). In turn, the 
building of the composite indicator by the SAW method is quite simple, facilitating 
the implementation of the weighting scheme proposed in this research through the 
expression

where wl is the weight of Il so that:

and

2.3 � Weighting of sub‑indicators

Assigning weights by Data-driven weighting schemes avoids judgment errors and 
evaluation biases in the Expert opinion weighting scheme. In turn, assigning weights 
based on expert opinion prevents weights from disagreeing with the importance of 
sub-indicators in the concept of the multidimensional phenomenon. Finally, assign-
ing Equal-weights avoids judgment errors and evaluation biases while ignoring the 
differentiation of the relative importance of indicators (Greco et  al. 2019). This 
research analyzes how the advantages and disadvantages of these four weighting 
schemes are reflected in the spatial dependence property of the composite indicator. 
For this, the following methods were used:

•	 Equal-weights is an objective weighting scheme that assigns an equal wi value to 
all xi sub-indicators from the ratio 1∕N where N is the number of sub-indicators.

•	 Data-driven is an objective weighting scheme that assigns weights that maxi-
mize the value of the Moran’s Index, subject to constraints (7) and (8), through 
the Generalized Reduced Gradient algorithm (GRG; Abadie 1969). The GRG 

(6)CI =
∑
l∈L

wlIlu,

(7)
∑
l∈L

wl = 1

(8)0 ≤ w
l
≤ 1, l ∈ L.



192	 M. P. Libório et al.

1 3

algorithm is appropriate when the objective functions and constraints have 
exponential or trigonometric powers and calculations (Lasdon et al. 1974). The 
weighting of sub-indicators by the GRG was implemented in Microsoft Excel 
(Powell and Batt 2008).

•	 Expert opinion is a subjective weighting scheme that assigns weights con-
sidering the conceptual importance of the sub-indicator in the phenomenon, 
taking as a reference the opinion of a group of experts. The assignment of 
weights to the sub-indicators was performed using the Fuzzy extension of 
Saaty’s (1988) Analytic Hierarchy Process, the so-called Fuzzy-AHP (Van 
Laarhoven and Pedrycz 1983). The Fuzzy-AHP allows the processing of 
evaluations in different formats, offering psychological comfort to specialists 
when evaluating alternatives (sub-indicators) and avoiding judgment errors 
(Ekel et  al. 2020). Assessments were performed by four experts using four 
different assessment formats (see “Appendix” for details). The degree of con-
sensus between individual and collective opinions was calculated and served 
as a basis to verify possible evaluation biases (Pedrycz et al. 2011).

•	 Hybrid is an objective-subjective weighting scheme that assigns weights by 
combining elements from the GRG and Fuzzy-AHP. This weighting scheme 
seeks an intermediate solution between the Data-driven and Expert opinion 
schemes. It assigns weights from the data without disregarding the sub-indi-
cators’ relative importance in the multidimensional phenomenon concept. 
The GRG algorithm was configured to maximize the value of the Moran’s 
Index, taking as constraints the lowest and highest weight of the sub-indica-
tor according to the group of experts (see Table 10 in “Appendix”).

2.4 � Robustness check

The robustness check consists of analyzing how the different input factors prop-
agate through the composite indicator structure and impact the positions of the 
spatial units (Nardo et al. 2005). The uncertainty analysis makes it possible to 
verify the robustness of the composite indicator through the absolute variation 
of the difference in the positions of the census tracts N  with each change in the 
input variables (Becker et al. 2017). The uncertainty analysis performed in this 
research measures the changes in the positions of the spatial units with each 
change in the weighting scheme through the following expression

where Rankref
(
CIu

)
 is the position occupied by the census sector score u in the com-

posite indicator of reference CI , Rank
(
CIu

)
 is the position occupied by the census 

sector score u in the composite indicator.
The uncertainty analysis reveals whether the classifications of spatial units 

are stable, providing a measure of the composite indicator’s robustness and 

(9)RS =
1

N

N∑
u∈U

|||Rankref
(
CIu

)
− Rank

(
CIu

)|||
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capacity to represent the multidimensional phenomenon regardless of the varia-
tions in the weights of the sub-indicators (Saisana et al. 2005).

2.5 � Quality check

Two quality checks were performed. The first quality check measures how well 
the composite indicator captures the main concept of the multidimensional phe-
nomenon. This verification is performed through Pearson’s r correlation coeffi-
cient between the composite indicator and the main individual indicator in the 
concept of the multidimensional phenomenon.

The individual indicator Average Income was used in the quality check for 
two reasons. First, because the average income is pointed out by many research-
ers as the main individual indicator of the concept of multidimensional social 
phenomena, such as social vulnerability, poverty, inequality, and social exclusion 
(Libório et al. 2022a). Second, because the individual indicator Average Income 
is not aggregated in the composite indicator of social vulnerability.

The second quality check measures how compatible the weights and relative 
importance of the sub-indicators in the concept of the multidimensional phenom-
enon are. This verification is carried out through the degree of consensus between 
the weights obtained by the different weighting schemes and the opinion of the 
experts, applying the following expression

where OG
(
zk
)
 is the position of the k th alternative of the group’s opinions and 

OEi

(
zk
)
 is the k th position of the alternative of the expert Ei results, m is the number 

of experts, and n is the number of sub-indicators.
The decision-maker stipulates the threshold value of the degree of consensus 

(Ekel et al. 2020; Libório et al. 2022a, b, c). The weight of the sub-indicator is 
compatible with its relative importance in the concept of the multidimensional 
phenomenon when the consensus threshold is reached.

2.6 � Consistency of results

The consistency analysis verifies how much the spatial weighting matrix influ-
ences the weights of the sub-indicators, the spatial dependence, and the robust-
ness and quality parameters of the composite indicator. The analysis is performed 
using alternative spatial models to the base model. In particular, alternative mod-
els were created by changing the sensitivity parameter of distance b and recalcu-
lating the spatial weighting matrix

(10)Cp = 1 −

m∑
l=1

|OG(xk)−OEi(xk)|
(n−1)

m
, p ∈ P

(11)wuv = d−b
uv
.
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Model 2 was built by applying Eq. (2) with b = 2 . Models 3 and 4 were built 
by applying Eq. (11). Model 3 uses b = 1, and Model 4 uses b = 2.

3 � Effect of the sub‑indicator weighting scheme on the spatial 
dependence property, robustness, and quality of the composite 
indicator

Table 1 shows the sub-indicator weighting scheme’s effect on the composite indi-
cator’s spatial dependence property. The intensity of this effect is greater in the 
Data-driven and Hybrid weighting schemes. On average, the Moran’s Index in 
these weighting schemes is thirteen and nine percent higher than in the Equal-
weights and Expert opinion weighting schemes. In particular, weighting the sub-
indicators by the Data-driven scheme allows obtaining a Moran’s Index fourteen 
percent higher than the Equal-weights scheme.

The results in Table 1 show that the composite indicator of social vulnerabil-
ity has a positive and significant spatial dependence, regardless of the weight-
ing scheme. However, the spatial dependence of the composite indicator of social 
vulnerability is more prominent when the sub-indicators are weighted using the 
Hybrid and Data-driven schemes.

The composite indicators obtained by the four weighting schemes have an 
uncertainty of lower than 30 positions. This level of uncertainty means that 
changing the weights of the sub-indicators implies an unimportant variation in 
the positions of the spatial units. The composite indicator with the highest level of 
uncertainty was obtained using the Equal-weights weighting scheme. The uncer-
tainty associated with the positions of the spatial units of the composite indicator 
built with Equal-weights is, on average, twenty-nine positions. The uncertainty 
associated with the weighting scheme is lower when the composite indicators are 
built using the Hybrid and Data-driven schemes. The uncertainty of the compos-
ite indicators obtained in the Hybrid and Data-driven schemes is twenty-five per-
cent lower than in the composite indicators obtained in the Equal-weights and 
Expert opinion schemes. These results suggest that composite indicators built 
in Hybrid and Data-driven weighting schemes offer a robust and representative 
measure of the multidimensional phenomenon (Saisana et al. 2005).

Table 1   The composite indicator’s spatial dependence, robustness, and quality by weighting scheme

a Statistical significance of spatial effects p value < 0.05

Parameter Equal-weights Expert opinion Hybrid Data-driven

Moran’s indexa 0.549 0.560 0.597 0.636
Uncertainty 29 27 19 23
Correlation with the aver-

age income
0.654 0.654 0.657 0.630

Degree of consensus 0.581 0.810 0.745 0.710
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The correlation coefficients between the composite indicators and the individ-
ual average income indicator exceeded 0.60 in the four weighting schemes. These 
results indicate that the main individual indicator of the multidimensional phe-
nomenon concept is captured independently of the weighting scheme.

The Expert opinion, Hybrid, and Data-driven weighting schemes generated com-
posite indicators compatible with the expert group’s opinion. The composite indica-
tors built through these weighting schemes converge with the expert group’s opinion 
above the threshold of 0.70. This high degree of consensus indicates that these com-
posite indicators are compatible with the concept of the multidimensional phenom-
enon. These results reinforce the argument that the Equal-weights weighting scheme 
should be considered when there is no theory to justify weight differentiation and no 
consensus among experts (Greco et al. 2019).

However, several sub-indicators weighted through Equal-weights, and Data-
driven weighting schemes have weights that exceed the upper and lower limits 
defined by expert opinion. Figure 2 reveals that the Equal-weights scheme has three 
sub-indicators with weights that exceed upper and lower limits defined by special-
ists. The number of sub-indicators that exceed the upper and lower limits rises to 12 
in the Data-driven weighting scheme.

The Hybrid weighting scheme assigns weights within the maximum and mini-
mum limits to two sub-indicators and weights equal to the minimum and maximum 
limits to five and eight sub-indicators, respectively.

The joint analysis of the Moran’s Index, uncertainty, correlation with average 
income, and degree of consensus suggests that Hybrid and Data-driven weight-
ing allow obtaining a better composite indicator than composite indicators built 
by Equal-weights and, Expert opinion weighting schemes. Table 2 shows that four 
sub-indicators were decisive for the best performance of the Hybrid and Data-driven 
weighting in the analyzed parameters. These sub-indicators are identified based on 
the variance criterion ( �2).

Fig. 2   Agreement between the weights of the sub-indicators according to the opinion of the experts and 
the weighting schemes (for sub-indicators descriptions see Table 2)
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The results show that the sub-indicators “Heads of households with income above 
20 minimum wages” and “Households connected to the sewage network” increase 
the spatial autocorrelation of social vulnerability in the study area. The weight of the 
sub-indicator "Heads of households with income above 20 minimum wages" is 0.37 
greater in the Data-driven weighting scheme than in the Equal-weights and Expert 
opinion weighting schemes. In the sub-indicator "Households connected to the sew-
age network," the weight obtained in the Data-driven weighting scheme is 0.17 greater 
than in the other weighting schemes. These results suggest that experts cannot consider 
the spatial dependence of sub-indicators in the weighting process. The weighting by 
Equal-weights ignores that the spatial dependence property is not equal between the 
sub-indicators.

In the Data-driven weighting scheme, the composite indicator with the highest spa-
tial autocorrelation reduced the weight of the sub-indicators "Heads of households 
without literacy" and "Household without bathroom" by 0.10 and 0.11, respectively.

Fig. 3   Effect of sub-indicator weighting schemes on Social Vulnerability in the study area

Table 3   Social vulnerability 
of census tracts by weighting 
scheme

Level of social 
vulnerability

None Low Medium High Average score

Equal-weights 126 8 268 259 0.38
Expert opinion 127 22 311 201 0.42
Hybrid 133 151 250 127 0.49
Data-driven 138 205 144 174 0.51
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4 � Influence of weighting schemes in the representation of social 
vulnerability

The influence of weighting schemes on the representation of social vulnerability in 
the study area can be seen in Fig. 3. There is a pattern in the distribution of social 
vulnerability regardless of the weighting scheme. The high social vulnerability is 
concentrated in the peripheral census tracts, especially in the eastern and western 
peripheries. Census tracts classified as having no social vulnerability are concen-
trated in the central region of the urban conurbation. However, it is possible to 
observe in the maps that the intensity of social vulnerability varies with the weight-
ing scheme. The map shows that changes in the intensity of social vulnerability are 
accompanied by changes in the Moran’s Index (Moran’s I).

The Equal-weights and Expert opinion weighting schemes have a lower Moran’s 
Index and a higher number of census tracts classified as high and medium social 
vulnerability. Table 3 shows how the Moran’s Index relates to social vulnerability in 
the study area. First, it shows a positive relationship between the Moran’s Index and 
the number of census tracts classified as having None social vulnerability. Second, 
it shows a negative relationship between the Moran’s Index and the sum of census 
tracts classified as High and Medium social vulnerability. Third, it reveals that the 
Moran’s Index is positively related to the average score of the composite indicator 
scores.

These results show that disregarding the opinion of experts through Data-driven 
weighting increases the spatial autocorrelation, the composite indicator scores, 
and the number of census tracts classified as Medium and High social vulnerabil-
ity. At the same time, it reduces the number of census tracts classified as None and 
Low social vulnerability. The number of census tracts of None and Low social 

Fig. 4   Atypical shifts in the census tracts’ position in the composite indicator ranking. Note The three 
z-score rule was applied to identify the atypical shifts corresponding to 27.6 positions
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vulnerability is 2.30 times and 1.21 times greater in the Data-driven weighting 
scheme than in the Expert opinion and Hybrid weighting schemes, respectively. 
The Data-driven weighting scheme presents 1.61 times and 1.19 times fewer cen-
sus tracts classified as Medium and High social vulnerability concerning the Expert 
opinion and Hybrid weighting schemes.

These results indicate that positive spatial autocorrelation increases the compos-
ite indicator’s average score due to the propagation of scores between census tracts. 
Therefore, disregarding the opinion of experts through Data-driven weighting can 
make it challenging to evaluate and formulate public policies to reduce social vul-
nerability, as this weighting scheme of sub-indicators tends to hide areas of Medium 
and High social vulnerability.

Furthermore, the composite indicator built by the Data-driven weighting scheme 
presents 26 census tracts with atypical positions. These census tracts show varia-
tions above 27.6 positions concerning the composite indicators built by the Hybrid, 
Equal-weights, and Expert opinion weighting schemes. The map in Fig.  4 shows 
that most of these atypical shifts occurred in census tracts located in the central area 
of the study area that presents a higher average income.

The census tracts highlighted with dots on the map shifted an average of 94.7 
positions in the ranking of the composite indicator. The average income in these 
census tracts is 8% higher than the average for the study area. This result is associ-
ated with the weighting schemes’ significant variance in the weights of the sub-indi-
cator Heads of households with income above 20 minimum wages ( �2 = 0.024). The 
weight of this sub-indicator in the Data-driven and Hybrid weighting schemes is, on 
average, 5.1 times greater than in the Equal-weights and Expert opinion weighting 
schemes. The sub-indicator Heads of households with income above 20 minimum 
wages have a greater weight in the weighting schemes that have a greater impact on 
the Moran’s Index, suggesting a relationship between these two elements.

5 � Relationship between the spatial autocorrelation 
of the sub‑indicators and the composite indicator

The direct relationship between the Moran’s Index and the average score of the 
composite indicator suggests that the Data-driven weighting scheme assigns greater 
weights to sub-indicators with greater spatial dependence. This weighting logic 
suggests that the spatial autocorrelation of the sub-indicator determines its weight. 
Therefore, conceptually important sub-indicators and low spatial autocorrelation 
may be underrepresented. Table 4 demystifies this assumption by showing a non-
significant correlation between the weights obtained by the Data-driven weighting 
scheme and the Moran’s Index of the sub-indicator.

These results allow us to reach a peculiar conclusion. The average Moran Index of 
the sub-indicators is 0.280 and is far below the Moran Index of the composite indi-
cators. The Moran’s Index of the composite indicator built by Data-driven weights 
is 1.96 times higher than the average Moran’s Index of the sub-indicators. None of 
the sub-indicators presents greater spatial autocorrelation than the composite indica-
tor built by Expert opinion, Hybrid, and Data-driven weighting. Furthermore, the 
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results show that emphasizing spatial dependence does not distort the representation 
of the multidimensional phenomenon.

The discrepancy of the Moran Index between social indicators is not new and has 
been reported in previous research (Rufat et al. 2019). However, this research results 
indicate that the composite indicator’s spatial dependence property is not related 
to the Moran Index of its sub-indicators. The aggregation of sub-indicators has a 
positive and strong impact on the Moran Index of the composite indicator, regard-
less of the weighting scheme. However, the strength of this impact is higher in the 
Data-driven weighting scheme and lower in the Equal-weights and Expert opinion 
weighting schemes.

Table 5 provides evidence that reinforces this conclusion. Moran Indices of com-
posite social indicators are normally higher when built by the Data-driven weighting 
scheme than when built by the Equal-weights and Participatory weighting schemes 
(see Adeleke and Alabede (2021) for exception).

The Hybrid weighting scheme developed in this research offers a solution that 
counterbalances the property of spatial dependence, the compatibility of the com-
posite indicator with the multidimensional phenomenon, and the agreement of the 
weights of the sub-indicators with the opinion of experts. This solution makes it 
possible to know the spatial association of the multidimensional social phenomenon 
between neighboring areas without overestimating the conditions of these areas or 
weighing sub-indicators with weights that disagree with the opinion of experts.

6 � Effect of the spatial weighting matrix on the spatial 
autocorrelation, robustness, and quality of the composite 
indicator

Composite indicators built by Hybrid and Data-driven weighting schemes, which 
emphasize spatial dependence, are more robust ( RS = 19 and RS = 23). Quality 
checks indicate that these composite indicators provide good representations of 
social vulnerability in the study area. The correlation of these composite indicators 
with the individual average income indicator was r = 0.630 in the Hybrid weighting 
and r = 0.657 in the Data-driven weighting. The degree of consensus was CG = 0.710 
in the Hybrid weighting and CG = 0.745 in the Data-driven weighting, surpassing the 
acceptance threshold of CG > 0.60.

Tables  6, 7, 8, 9 shows that changes in the spatial weighting matrices do not 
change the relationships between the weighting schemes, spatial dependence and 
robustness, and quality parameters, indicating that the results are reliable. For exam-
ple, the Moran’s Index and uncertainty remain higher in composite indicators built 
with Hybride and Data-driven weights.

These results show that the spatial weighting matrix does not change the relation-
ship of the weighting scheme with the Moran’s Index but shows that the effect of the 
weighting scheme on spatial autocorrelation is greater in spatial weighting matrices 
that are less sensitive to distance (Models 2 and 4).

Tables 7, 8, 9 shows that the spatial weighting matrix does not change the uncer-
tainty and correlation of the composite indicator with the most important individual 
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indicator in the multidimensional phenomenon. Finally, Table  8 shows that the 
weighting matrix changes the degree of consensus regarding the weights of the sub-
indicators in the Hybrid and Data-driven schemes. The degree of consensus is lower 
in models based on spatial weighting matrices that are more sensitive to distance. In 
models 2 and 4, the degree of consensus between the Data-driven and Expert group 
weights did not exceed the limit of CG = 0.70.

On the one hand, the spatial weighting matrix influences the spatial autocorrela-
tion of the composite indicator. On the other hand, the spatial weighting matrix does 
not change the effects of the weighting scheme on spatial autocorrelation, nor does it 
influence the robustness and quality parameters of the composite indicator.

Table 6   Moran’s Index of the composite indicator per model

Model 2 applies Eq. (11) with b = 1 , Model 3 applies Eq. (2) with b = 2, and Model 4 applies Eq. (11) 
with b = 2

Equal-weights Expert opinion Hybrid Data-driven

a
Model 2 0.73 0.73 0.75 0.77
Model 3 0.26 0.26 0.28 0.30
Model 4 0.62 0.62 0.64 0.66

Table 7   Uncertainty of the composite indicator per model

Model 2 applies Eq. (11) with b = 1 , Model 3 applies Eq. (2) with b = 2, and Model 4 applies Eq. (11) 
with b = 2

Equal-weights Expert opinion Hybrid Data-driven

b
Model 2 29 27 18 23
Model 3 29 27 19 24
Model 4 29 0.62 18 25

Table 8   Degree of consensus of the composite indicator per model

Model 2 applies Eq. (11) with b = 1 , Model 3 applies Eq. (2) with b = 2, and Model 4 applies Eq. (11) 
with b = 2

Equal-weights Expert opinion Hybrid Data-driven

c
Model 2 0.58 0.81 0.72 0.68
Model 3 0.58 0.81 0.75 0.70
Model 4 0.58 0.81 0.71 0.69
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7 � Conclusions

The results gathered in this research reveal that the property of spatial dependence 
of the composite indicator is influenced by the weighting scheme of the sub-indica-
tors and the spatial weighting matrix. It is possible to build composite indicators that 
emphasize the spatial aspects of the neighborhood by applying Hybrid and Data-
driven weighting schemes. Robustness and quality checks indicate that emphasiz-
ing the property of spatial dependence does not diminish the ability of composite 
indicators built through these weighting schemes to represent the multidimensional 
phenomenon.

The results offered in this research are limited to Moran’s Global Index. There-
fore, there are still numerous investigations to be carried out on the effects of sub-
indicator weighting schemes on Moran’s Local Index. In addition, the Data-driven 
weighting scheme developed in the research has the flexibility to deal with other 
spatial dimension problems. It is possible to configure the GRG algorithm for at 
least three other purposes. First, to maximize the spatial autocorrelation between 
two composite indicators. Second, maximize the correlation coefficient of a spa-
tial regression model. Third, maximize the spatial autocorrelation based on Geary’s 
(1954) Coefficient. These models can be configured to individually or simultane-
ously incorporate robustness and quality parameters. The flexibility of this weight-
ing scheme also allows finding weights that maximize the spatial dependence of 
the composite indicator and, at the same time, ensure that the correlation of the 
composite indicator with the main individual indicator of the concept of the mul-
tidimensional phenomenon exceeds a certain threshold. For example, it is possible 
to emphasize the spatial dependence of the composite indicator and guarantee an 
r = 0.65. The composite indicator obtained from the weighted sub-indicators with 
this GRG algorithm configuration allows reaching a Moran’s Index equal to 0.635 
and r = 0.650. Finally, it is possible to adapt the Data-driven weighting scheme 
introduced to build composite indicators based on other methods. Future research 
may adapt the GRG algorithm to implement the Mazziotta-Pareto Index to consider 
no compensation between sub-indicators, rather than the Ordered Weighted Aver-
age operator that simultaneously considers no compensation between sub-indicators, 
spatial dependency, and spatial heterogeneity.

Table 9   Correlation with the 
average income of the composite 
indicator per model

Model 2 applies Eq.  (11) with b = 1 , Model 3 applies Eq.  (2) with 
b = 2, and Model 4 applies Eq. (11) with b = 2

Equal-weights Expert opinion Hybrid Data-driven

d
Model 2 0.654 0.654 0.657 0.623
Model 3 0.654 0.654 0.653 0.624
Model 4 0.654 0.654 0.652 0.627
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Appendix: weighting of sub‑indicators by expert opinion

Selection of experts

Three criteria were used to select the experts. First, have a doctorate in human 
and social sciences, such as sociology and geography. Second, have a publication 
in scientific journals on social phenomena such as inequality, social exclusion, 
poverty, and social vulnerability. Third, know the social aspects of the study area.

The selection of experts from this set of criteria has advantages and disadvan-
tages. On the one hand, this set of criteria limits the number of experts qualified 
to carry out the assessments. On the other hand, this set of criteria favors the 
quality and homogeneity of the evaluations.

Four experts were selected based on the virtual curriculum system created 
and maintained by the Brazilian National Council for Scientific and Technologi-
cal Development. Different evaluation formats and the degree of consensus were 
adopted to avoid these experts’ judgment errors and evaluation biases.

Assessment of alternatives

The assignment of weights by Expert opinion is commonly associated with the 
problem of judgment errors (Greco et  al. 2019). One way to reduce judgment 
errors is to offer experts the possibility to choose the format for assessing alterna-
tives (sub-indicators) that best suits them. Alternative assessment formats are not 
without limitations, but the flexibility of choosing the assessment format gives 
the expert psychological comfort that reduces judgment errors (Ekel et al. 2020).

•	 Ordering of Alternatives (OA) an array O =
{
o
(
x1
)
, o
(
x2
)
,… , o

(
xk
)
,… , o

(
xn
)}

 , 
where o

(
xk
)
 is a permutation function that defines the position of the alterna-

tive xk among the integer values {1,2, …, k,…, n}.
•	 Multiplicative Preference Relations (MR) reflect the preference intensity ratio 

between the alternatives xk and xl , being understood as xk is m
(
xk, xl

)
 times as 

good as xl.
•	 Utility Values (UV) the preferences in X are given as a set of n UV  : 

U = {u
(
x1
)
, u
(
x2
)
,… , u

(
xk
)
,… , u

(
xn
)
 }, where u

(
xk
)
∈ [0, 1] represents the 

UV  assigned to the alternative xk.
•	 Fuzzy Estimates (FE) a fuzzy number that can be specified directly or through 

a linguistic variable in which the elements of X are directly assessed by 
experts using a set of estimates L =

{
l
(
x1
)
, l
(
x2
)
,… , l

(
xk
)
,… , l

(
xn
)}

 , where 
l
(
xk
)
 is the FE associated with the alternative xk.

•	 Non-Reciprocal Fuzzy Preference Relations (FR) indicate the degree to which 
the alternative xk is, at least, as good as the alternative xl , employing its mem-
bership function 0 ≤ μ

(
xk, xl

)
≤ 1.
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The experts assessed the weights of the sub-indicators through the Utility Val-
ues (two experts), Ordering of Alternatives, and Multiplicative Preference Rela-
tions evaluation formats. The assessments were standardized in the Non-Recipro-
cal Fuzzy Preference Relations format using the preference format transformation 
functions:

for the transformation OA → FR;

for the transformation MR → FR;

for the transformation UV → FR.

(13)FR
(
xk, xl

)
=

{
1

2
+

OAl−OAk

2(n−1)
if OAk > OAl

1 if Ak ≤ OAl

(14)FR
(
xk, xl

)
=

{
1 +

1

2
logm

MR(xk ,xl)
MR(xl,xk)

if logm M
(
xk, xl

)
< 0

1 if logm M
(
xk, xl

)
≥ 0

(15)FR
(
xk, xl

)
=

{
UV(xk)
UV(xl)

if UV
(
xk
)
< UV

(
xl
)

1 if UV
(
xk
)
≥ UV

(
xl
)

Table 10   Weights by experts, highest and lowest weights, and weights according to the group

Code Sub-indicator Exp1 Exp2 Exp3 Exp4 Group Min Max

Dm-1 Residents per household 0.08 0.06 0.04 0.04 0.05 0.04 0.08
Dm-2 Heads of households between 10 and 19 years 

old
0.08 0.07 0.01 0.04 0.05 0.01 0.08

Dm-3 Dependents per head of household 0.08 0.01 0.02 0.02 0.03 0.01 0.08
Dm-4 Residents up to 1 year old 0.07 0.04 0.11 0.14 0.09 0.04 0.14
Ec-1 Heads of households without income 0.10 0.11 0.13 0.14 0.12 0.10 0.14
Ec-2 Heads of households with income above 

20 min. wages
0.00 0.01 0.12 0.04 0.04 0.00 0.12

Ec-3 Heads of households with income up to 
2 min. wages

0.08 0.09 0.06 0.02 0.06 0.02 0.09

Ed-1 Illiterate residents aged between 10 and 
14 years

0.10 0.10 0.05 0.14 0.10 0.05 0.14

Ed-2 Heads of households without literacy 0.10 0.11 0.10 0.14 0.11 0.10 0.14
Hs-5 Household without bathroom 0.10 0.11 0.08 0.04 0.08 0.04 0.11
Hs-5 Households with more than 3 bathrooms 0.00 0.00 0.07 0.04 0.03 0.00 0.07
Hs-5 Households connected to the sewage network 0.08 0.11 0.09 0.02 0.07 0.02 0.11
Hs-5 Households connected to water network 0.08 0.11 0.10 0.14 0.11 0.08 0.14
Hs-5 Households rented or leased 0.08 0.05 0.03 0.04 0.05 0.03 0.08
En-1 Vegetation coverage index 0.01 0.02 0.00 0.00 0.01 0.00 0.02
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Applying the transformation functions is to obtain the evaluations in a single for-
mat. Then, it is possible to calculate the weights of the sub-indicators according to 
the group of experts, applying the following expression:

where xk ∈ X, 0 ≤ wy ≤ 1, for y = 1, 2,… , v, taking into account the condition ∑v

y=1
wy = 1.

Table  10 shows the weights assigned by each expert, the highest and lowest 
weights per sub-indicator, and the weights according to the group of experts.

Individual and group degree of consensus

Another common problem of weighting by Expert opinion is associated with evalu-
ation bias. This problem is especially relevant when the number of experts is small 
because biased assessments more strongly influence the results (Musa et al. 2019).

The degree of individual consensus measures how much an expert opinion 
diverges from the collective opinion, signaling possible evaluation biases. The indi-
vidual degree of consensus is obtained applying the expression:

(16)Fc
p

(
xk
)
=

v∑
y=1

wyF
y
p

(
xk
)

Table 11   Expert and group degree of consensus

Code Sub-indicator Exp1 Exp2 Exp3 Exp4 Group

Dm-1 Residents per household 0.71 1.00 0.86 0.79 0.84
Dm-2 Heads of households between 10 and 19 years old 0.71 0.93 0.64 0.79 0.77
Dm-3 Dependents per head of household 0.43 1.00 1.00 0.93 0.84
Dm-4 Residents up to 1 year old 0.50 0.57 0.86 0.71 0.66
Ec-1 Heads of households without income 1.00 1.00 1.00 1.00 1.00
Ec-2 Heads of households with income above 20 min wages 0.86 0.93 0.29 0.57 0.66
Ec-3 Heads of households with income up to 2 min wages 0.79 0.93 0.93 0.71 0.84
Ed-1 Illiterate residents aged between 10 and 14 years 0.79 0.86 0.57 0.79 0.75
Ed-2 Heads of households without literacy 0.93 0.93 0.86 0.93 0.91
Hs-5 Household without bathroom 0.64 0.64 0.93 1.00 0.80
Hs-5 Households with more than 3 bathrooms 0.93 0.86 0.64 0.50 0.73
Hs-5 Households connected to the sewage network 0.86 0.57 0.93 0.64 0.75
Hs-5 Households connected to water network 0.79 0.93 0.86 0.93 0.88
Hs-5 Households rented or leased 0.71 0.93 0.79 0.79 0.80
En-1 Vegetation coverage index 0.86 0.79 1.00 1.00 0.91

Expert and group degree of consensus 0.76 0.86 0.80 0.79 0.81
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Evaluation biases can be identified by considering the degree of consensus 
between the expert’s assessments and the expert group’s assessment. The acceptance 
threshold of the degree of consensus is a subjective measure defined by the decision-
maker (Ekel et al. 2020). When the acceptance threshold of the degree of consensus 
is not reached, the decision-maker may request the reassessment of the alternatives 
or disregard the expert’s assessments (Pedrycz et  al. 2011). After identifying and 
eliminating evaluation biases, it is possible to calculate the degree of consensus of 
the group by the following expression:

The research adopts the threshold of 0.70 as the individual and group degree of 
consensus. Table 11 shows that the four experts reached the adopted degree of con-
sensus threshold.
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