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Context: Sustainability indices (SIs) have become increasingly important to sustainability research and practice.
However, while the validity of SIs is heavily dependent on how their components are weighted and aggregated,
the typology and applicability of the existing weighting and aggregation methods remain poorly understood.
Objectives: To close the knowledge gap regarding when to use which weighting and aggregation methods for
constructing SIs, we review the most commonly used methods for weighting and aggregating SIs, discuss their
beneﬁts and drawbacks, and suggest a process-oriented approach for choosing appropriate weighting and aggregation methods depending on research objectives.
Methods: Our review synthesis was based on peer-reviewed journal articles, books, and reports by international
organizations, governmental agencies, and research institutions. After carefully examining their principles,
characteristics, and applications, we selected and classiﬁed the frequently used methods for indicator weighting
and aggregation.
Results: We systematically discuss the beneﬁts and drawbacks of nine weighting methods and three aggregation
methods. We propose a four-step process for choosing the most suitable weighting and aggregation methods
based on: research purposes, spatial and temporal scales, and sustainability perspectives.
Conclusions: In this research, we chose the most commonly used methods for weighting and aggregating SIs and
analyzed the characteristics, strengths and weaknesses of each method. We found that choosing appropriate
weighting and aggregation methods for a speciﬁc sustainability assessment project is an extremely important
and challenging task. To meet this challenge, we propose a process-oriented approach for properly selecting
methods according to the purpose, scale and sustainability concept. This approach can facilitate the proper
selection of these methods in sustainability research and practice.

1. Introduction
Sustainability is the challenge of our time (Sachs, 2015). By seeking
to achieve dynamic and simultaneous harmony among ecological subsystems (environmental sustainability), social subsystems (social sustainability), and economic subsystems (economic sustainability), sustainability is inherently complex, multi-dimensional, and embedded
with trade-oﬀs among multiple sustainability dimensions (Wu, 2013).
However, as the public’s desire for more sustainability grows stronger
(Kates and Clark, 1999; Kates et al., 2001), so does the need to
⁎

accurately assess the sustainability of our societies (Böhringer and
Jochem, 2007), which is no easy task. To capture the complexity of
sustainability, sustainability assessments often require the integration
of multiple indicators to form composite indices (Özdemir et al., 2011;
Wu and Wu, 2012). Thus, while developing sustainability indicators
and indices (SIs) is a critical tool for assessing and ultimately attaining
sustainability, the speciﬁcs of SI formulation can radically impact the
measured sustainability of a system (Singh et al., 2009; Wilson and Wu,
2017).
The main procedures for building a sustainability index include
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framework in which weighting and aggregation methods used for
constructing SIs was needed. In our paper, the classiﬁcation strategy of
weighting and aggregation methods proposed by Nardo et al. (2005)
and OECD (2008) was adopted.
Within this framework, methods for weighting indicators can be
broadly categorized into three main groups: (1) equal weighting, (2)
statistic-based weighting, and (3) public/expert opinion-based
weighting. Equal weighting means that all the indicators are given the
same weight. Statistic-based weighting derives weights from the statistical characteristics of the data (OECD, 2008). Unlike equal
weighting and statistic-based weighting, public/expert opinion-based
weighting relies on inputs from the participating public or experts,
whose judgments ultimately determine the weights to be assigned to
individual indicators (OECD, 2008). Thus, weights determined by
public/expert opinion reﬂect the value judgments of the participants
regarding diﬀerent aspects of sustainability (e.g., relative importance,
relative urgency, or substitution rates).
In contrast, aggregation methods integrate weighted components
(e.g., indicators) into a single composite index. Diﬀerent classiﬁcation
schemes for aggregation methods exist. In general, classiﬁcation
schemes include those based on the semantics of aggregation (Beliakov
et al., 2007; Grabisch, 2009) and those based on the degree of permission of compensation (OECD, 2008). We adopt the latter classiﬁcation scheme because it has a closer relation to the technical challenges of integrating weighted indicators based on sustainability
concepts (Wilson and Wu, 2017). Widely used aggregation methods
based on this classiﬁcation scheme include additive aggregation
methods (e.g., arithmetic), multiplicative aggregation methods (e.g.,
geometric) and non-compensatory aggregation methods (e.g., multicriteria analysis).

selecting appropriate sustainability indicators, weighting the selected
indicators, and aggregating those indicators into a composite index
(Meadows, 1998; Juwana et al., 2012). Disagreements on indicator
selection are relatively easy to decipher, as existing guidelines, e.g.,
Bellagio Principles (Hardi and Zdan, 1997), or indicator frameworks,
such as the Pressure-State-Response framework (OECD, 1993), can
provide guidance for indicator selection (Wu and Wu, 2012). However,
because the process of indicator integration is an inherently subjective
procedure (Morse et al., 2001), selecting appropriate weighting and
aggregation methods is challenging (Saisana and Tarantola, 2002;
Wilson and Wu, 2017).
The weighting and aggregation of index components are critically
important steps in any sustainability assessment. Weights of SIs reﬂect
the relative importance of diﬀerent dimensions in their contributions to
the sustainability performance of a system, while aggregation essentially reﬂects the substitutability of diﬀerent dimensions. The weighting
and aggregation methods utilized in SI formulation deﬁne whether dimensions can compensate or substitute for each other. Whether complete, partial, or no substitution between environmental (or natural)
and socioeconomic capital is legitimate underscores the two widely
discussed sustainability perspectives: weak sustainability and strong
sustainability (Daly et al., 1995; Markulev and Long, 2013). Weak
sustainability allows for unlimited substitution between sustainability
dimensions. Strong sustainability is a paradigm that views economic
activities as part of the social domain, and both economic and social
actions are constrained by the environment (Wu, 2013). Each perspective dictates a diﬀerent set of criteria for indicator selection and
fundamentally inﬂuences the ﬁnal verdict of a sustainability assessment
(Wu, 2013; Huang et al., 2015). Further, the weights of SIs not only
reﬂect the relative importance of diﬀerent dimensions in their contributions to overall sustainability but also symbolize the trade-oﬀ ratios among the dimensions if they are conceived as substitutable. Thus,
it should come as no surprise that the inappropriate selection of
weighting or aggregating methods can cause SIs to provide misleading
information (Böhringer and Jochem, 2007). In this sense, one of the
main challenges in developing and applying SIs is to know “when to use
what.”
Informative reviews have been published on the strengths and
weaknesses of commonly used sustainability indices (Böhringer and
Jochem, 2007; Mayer, 2008; Singh et al., 2009; Mori and
Christodoulou, 2012). These studies provided suggestions on how to
choose appropriate sustainability indicators and indices for policy decisions and discussions of those SIs’ formulation and performance. Researchers have also proposed guidelines for constructing sustainability
indices in various contexts, such as urban sustainability (Huang et al.,
2015), industry sustainability (Singh et al., 2007), energy sustainability
(Wang et al., 2009), and agricultural sustainability (Gómez-Limón and
Sanchez-Fernandez, 2010). The main goal of the present study, therefore, is to provide a practical guide for the selection of weighting and
aggregation methods in the formulation and application of SIs. We
focus on three main questions: (1) What are the most commonly used
methods for weighting and aggregation reported in the literature? (2)
What are the strengths and weaknesses of these methods for measuring
sustainability? (3) How can these methods be best utilized in SI development and applications? To address these questions, we systematically reviewed the main methods for weighting and aggregating SIs,
identiﬁed the main advantages and challenges for applying these
methods, and proposed a process-oriented approach to help researchers
and practitioners select the most suitable weighting and aggregation
methods for sustainability assessment using SIs in diﬀerent contexts.

2.2. Literature analysis
To evaluate what are the most commonly used methods for
weighting and aggregation reported in the literature, we did a statistical
analysis of published literature separate from the review discussed in
the main text. To select the papers for this analysis, we followed the
PRISMA ﬂowchart (Liberati et al., 2009), shown in Fig. 1. We searched
papers using the Web of Knowledge database by using the search by
topic option with the search terms shown in Table 1. This search was
done on April, 14th, 2017, resulting in 1319 publications, after removing duplicates. We added to these publications 98 documents that
were considered relevant, but were not available on the Web of
Knowledge database. We selected these publications based on the references from Nardo et al. (2005), Böhringer and Jochem (2007), Singh
et al. (2009), and Huang et al. (2015). Titles and abstracts of these
papers (n = 1417) were then screened to remove: (1) papers that were
cited less than 30 times, (2)literature that was unrelated to sustainability assessments, and (3) papers on indicator sets instead of composite indicators. The remaining 230 articles were then assessed to
remove articles presenting indices that did not provide speciﬁc
weighting and aggregating methods or that provided duplicate indices
without any modiﬁcations in the methods used for weighting or aggregation. A total of 90 SIs, including 96 weighting scheme variations
and 90 aggregation scheme variations, were identiﬁed. As some SIs use
diﬀerent weighting/aggregation methods to integrate sub-indicators
into the ﬁnal composite indices, we counted each weighting/aggregation scheme as a separate index, and thus a total of 96 diﬀerent SIs were
used for the analysis.
2.3. Literature analysis results

2. Methodology
Among the 96 SIs reviewed in our paper, 46.88% adopted equal
weighting methods, 21.88% adopted statistical-based methods (principal component analysis, beneﬁt of the doubt approach, regression
analysis, unobserved component models), and 23.95% adopted

2.1. Analytical framework
To ensure this review is as representative as possible, an analytical
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Fig. 1. Preferred reporting items for systematic reviews and
meta-analysis ﬂowchart (Liberatiet al., 2009).

Several sustainability indices, such as the Living Planet Index (Loh
et al., 1998; Loh et al., 2005), Human Development Index (UNDP,
1990), and Genuine Saving Index (WorldBank, 1999), have been built
using an equal weighting strategy. Although simple and straightforward, the use of equal weighting has caused controversies, most of
which focus on the validity and transparency of indices using this
procedure (Table 2) (McClelland 1978; Gordon, 1995; Finnveden,
1999; Geniaux et al., 2009; Rowley et al., 2012; Mikulić et al., 2015).

Table 1
Keyword combinations used for the database searches.
Search no.

Search term

1
2
3
4
5
6

Sustainability
Sustainability
Sustainability
Sustainability
Sustainability
Sustainability

indicators AND weighting
indicators AND aggregation
indicators AND weighting AND aggregation
indices AND weighting
indices AND aggregation
indices AND weighting AND aggregation

3.2. Principal components analysis or factor analysis
participatory-based methods (budget allocation, public opinion, analytic hierarchy process, conjoint analysis) (Fig. 2). Regarding the aggregation methods, most SIs (86.46%) use an additive strategy (Fig. 2).
In Sections 3 and 4 we review and discuss the 9 weighting and 3 aggregation methods analyzed in this section.

Both principal components analysis (PCA) and factor analysis (FA)
aim to reduce the dimensionality of the data without signiﬁcant information loss using linear transformation techniques (Dunteman,
1989; DeCoster, 1998). Utilizing the correlation structure of the original data set, PCA extracts orthorhombic, or perpendicular, factors
that highly correlated indicators are likely to share. Factors that account for the largest proportion of the variance are retained, while less
informative factors are ignored (Smith, 2002). These retained factors
are rotated so that each original indicator is loaded solely in one of the
new principal factors. To be utilized as an SI, the new factors, which
may include information from one or more indicators, are deﬁned as
diﬀerent dimensions (or components) of sustainability. The weights of
each dimension can then be calculated from the factor loadings, as
these factor loadings express the ratio of the overall variance of the

3. Commonly used methods for weighting
3.1. Equal weighting
Equal weighting can be used when all the indicators are considered
equally important or when no statistical or empirical evidence supports
a diﬀerent scheme (Nardo et al., 2005). It is also recognized as the
simplest strategy and can be replicated easily by others (Land, 2006).
493
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Fig. 2. Proportions of methods used for indicator weighting (left) and aggregation (right).

benchmark is based on the maximum weighted sum of a unit employing
the same weight as the one to be assessed (Cherchye et al., 2007). Thus,
if no unit has the highest score in all sub-indicators, the benchmark will
be unit dependent, which means that no unique benchmark will exist
for all the units under analysis.
An advantage of this method is that it can eﬀectively integrate the
processes of weighting, aggregation, and index formation. In addition,
weights obtained using this method may help deﬁne trade-oﬀs, mitigating some of the diﬃculties arising from linear aggregation methods
(Nardo et al., 2005). These weights are selected to maximize the index
for each unit, and therefore, potential complaints about unfair or
harmful weighting schemes can be minimized (Cherchye et al., 2007).
However, multiple potential results, the incomparability among them,
and low transparency are the major disadvantages of this method
(Nardo et al., 2005; Shwartz et al., 2009) (Table 2).

indicator explained by the factors (OECD, 2008; Riedler et al., 2015; Li
et al., 2016; Vitunskiene and Dabkiene, 2016) (Table 2).
Because PCA/FA reduces the dimensionality of the original indicator set, these methods are most valuable when a large number of
indicators need to be considered. Techniques based on PCA/FA can
reduce the risk of double weighting, which may occur in the equal
weighting method (Yeheyis et al., 2013). However, PCA/FA was originally developed to examine the relationships between variables or
indicators, not determine weights (Hermans et al., 2008). Hence, two
main drawbacks are evident when weighting SIs using PCA/FA. First,
the real meaning of the dimensions extracted using these methods may
be diﬃcult to deﬁne, especially when seemingly unrelated indicators
are grouped into the same dimension because of spurious correlations.
Further, the optimal number of dimensions may ﬂuctuate if diﬀerent
methods for principal components extraction are used (OECD, 2008),
and unpredictable outcomes may also occur when weighting dimensions because weights are based on correlations instead of real-world
links among assessed indicators (Hermans et al., 2008). For example,
PCA/FA may assign lower weights to a crucial dimension simply because it is weakly correlated with other dimensions. As weights do not
correspond to the relative importance of dimensions in the real world,
weights derived through PCA/FA can be invalid when used for a sustainability assessment (Mikulić et al., 2015). The second disadvantage
of this method is that it only works if a suﬃcient number of indicators
are used and if they present a certain degree of correlation (OECD,
2008).

3.4. Regression analysis
Regression analysis is a multivariable technique, whose purpose is
to assess relationships among a set of variables using statistical methods
(Kleinbaum et al., 2013). Using regression analysis, weights can be
determined by discerning the relationship between a set of indicators
and a single output measure (Nardo et al., 2005) (Table 2). This method
performs well when there are a large number of independent variables
or indicators, and it can be used for updating or validating the applied
set of weights (Nardo et al., 2005). However, some requirements of this
method hinder its application for weighting indicators. First, multicollinearity is not acceptable when building multiple linear regression
models. This limitation is particularly problematic in sustainability
assessments, where multi-collinearity is common (e.g., income is often
positively associated with education and health indicators, but all three
are independently relevant for measuring sustainability). Second, the
basic objective of multiple linear regression analysis is to discern how
the predictor variables explain the variation of the response variable.
This condition assumes that the indicators selected can properly explain
the variation of the response variable, which is not always the case.
Therefore, it is extremely important to choose an appropriate dependent variable that can reﬂect the target and be explained by the indicators. Under these circumstances, there would be no need to calculate another index based on those weights to replace the “dependent
variable” used in regression models (Muldur, 2001).

3.3. Beneﬁt of the doubt approach
The beneﬁt of the doubt approach (BOD) is an application of data
envelopment analysis (DEA) (Nardo et al., 2005). BOD has the following key characteristics (see its mathematical formulation in
Table 2): (1) The weights of indicators are revealed by the relative
performance of a set of indicators, which means that indicators with
more beneﬁcial impacts on the unit’s overall estimation of sustainability are assigned higher weights, and vice versa. Thus, the weights of
indicators are retrieved endogenously and speciﬁcally for each unit to
be assessed (e.g., a country, region, or locality) to optimize the composite measure using weighting summation (Shwartz et al., 2009). (2)
Indices constructed by BOD are ratio based, where the composite
measure of a particular unit is compared with a benchmark value,
which is acquired endogenously through optimization. (3) The
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Type

Equal
weighting

Statistic-based

Statistic-based

Statistic-based

Statistic-based

Public/Expert
opinion-based

Public/Expert
opinion-based

Public/Expert
opinion-based

Public/Expert
opinion-based

Method Name

Equal weighting

PCA/FA

Beneﬁt of the doubt
approach (BOD)

Regression analysis (RA)

Unobserved component
models (UCM)

Budget allocation (BAL)
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Public opinion (PO)

Analytic hierarchy
process (AHP)

Conjoint analysis (CA)

Indicator of quality of life in
the city of Istanbul (Ülengin
et al., 2001)

The Eco-indicator 99
(Goedkoop and Spriensma,
2001)
Overall Health System
Attainment (Murray et al.,
2000)
Concern about environmental
problems Index (Parker,
1991)
Composite sustainability
performance index (Singh
et al., 2007)
Index of Environmental
Friendliness (Puolamaa et al.,
1996)

The aggregate governance
indicators (Kaufmann et al.,
1999)

National Innovative Capacity
(Porter and Stern 2001)

Human Development Index
(UNDP, 1990)
Genuine Savings (WorldBank,
1999)
Environmental Sustainability
Index (Sands and Podmore
2000)
The 2006 European eBusiness Readiness Index
(Pennoni et al., 2006)
Meta-index of Sustainable
Development (Cherchye and
Kuosmanen 2004)
Macro-economic performance
evaluation (Melyn and
Moesen 1991)

Examples

m

∑im= 1 ωc, iIc, i
∑im= 1 ωc, iI j, i
yij ∈ ⎧studied units ⎫
⎨
⎬
⎩
⎭
max

δi−2
m
1+∑
δ −2
i=1 i

∂P(I1, … , Im)
∂Ii

where P(I1,…,Im) is the preference function deﬁned by researchers and Ii the
ith indicator

ωi =

where A is the comparison matrix, λ the largest eigenvalue of A, and ω the
weight vector as well as the eigenvector corresponding to λ

Aω = λ ω

–

–

i = 1…,m
where δi is the variance of the ith indicator

ωi =

∀ i = 1, …, m; ∀ j = 1, …, n
where ωc is the weight vector of unit c, ωc,i the weight of the ith indicator of
unit c, Ic,i the normalized score of the ith indicator of unit c, and Ij,i the
normalized score of the ith indicator of the jth unit
ωi=βi, i = 1,…,m
where βi is the regression coeﬃcient of the ith indicator

s.t.∑i = 1 ωc, iI j, i ≤ 1, ωc, i ≥ 0

ωc, i

ωc = a rg max

Has a hierarchical structure that
is in line with the structure of
sustainability frameworks.
Simple and ﬂexible.
Providing consistent veriﬁcation
operation.
Available for both quantitative
and qualitative data.
Results can be easily used for
making sustainability plans.
Available for both quantitative
and qualitative data.

Transparent and participatory.

The processes of weighting,
aggregation, and index
construction are eﬃciently
integrated.
Statistical signiﬁcance can be
expressed when conducting
comparisons.
Transparent and explicit.

Results can be used for updating
or validating weights.

Requires a large sample of respondents.
Has complicated estimation process.

Requirement of a high number of pairwise
comparisons. Inconsistency and cognitive
stress may exist if there are too many
indicators in each cluster.

Measuring concern instead of importance;
region-speciﬁc.

Measuring urgency instead of importance;
region-speciﬁc.

Either multi-collinearity among indicators or
an improper dependent variable may lead to
poor results.
Results are sensitive to outliers. Problems of
identiﬁcation may occur if indicators are
highly correlated.
Reliability and robustness of the model may
be lost when adequate data are not
available.

Results may not be comparable and lack
transparency.
A multiplicity of solutions exists.

Dimensions of sustainability are
unpredictable, and weights may diﬀer from
reality.

Reduces the risk of double
weighting, classifying ungrouped
indicators.

i = 1,…,m; j = 1,…,n
where rj is the proportion of the explained variance of factor j (or the
intermediate composite j) in the data set, lij the factor loading of the ith
indicator on factor j and Ej the variance explained by the factor j
The processes of weighting,
aggregation, and index
construction are eﬃciently
integrated.
Weights are selected to maximize
the index for each unit.

No insights into indicator relationships; risk
of double weighting.

Simple, replicable and
straightforward.

ωi = ω, i = 1, …,m ,
where ωi is the weight of the ith indicator and ω a constant used as the
weights for all the indicators
ωi = r j (lij 2/ Ej )

Drawbacks

Beneﬁts

Formulas

Table 2
Common methods for indicator weighting (primarily based on Nardo et al. (2005), OECD (2008), Hermans et al. (2008), and Mikulić et al. (2015)).
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attention to biodiversity protection than to air pollution, although the
former is as important as the latter for sustainable development (Huang
and Wang, 2001). Similar to BAL, this method also lacks transferability
among diﬀerent systems (Table 2).

3.5. Unobserved component models
Unobserved component models (UCMs) are statistical tools pioneered in economics that have been used for constructing aggregate
governance indicators (Kaufmann et al., 1999). The core assumption of
this approach is that sustainability is diﬃcult to observe directly or that
an indicator is only an imperfect signal of an unobserved sustainability
component. UCMs seek to isolate the informative signal of the unobserved sustainability component common to each indicator and develop the best possible index performance through an optimal combination of the available data. To be more concrete, the values of
indicators generated by the common unobserved sustainability component are expressed as a linear function of the unobserved component
plus a random error term. Based on a number of important assumptions
regarding the error terms and unobserved component, and by estimating parameters of the linear functions, the unobserved sustainability component of the unit can be ﬁnally estimated. In addition, the
weights of indicators can be retrieved using a series of decreasing
functions of variances of indicators (Table 2) (Thomas, 2010; Kaufmann
et al., 2011). This relation implies that when the precision of an indicator is lower, the weight of that indicator will also be lower.
The UCM method, like the BOD method, is an approach that combines the processes of weighting, aggregation, and index construction.
The most interesting characteristic of UCMs is that they can provide
interval estimates of a sustainability index instead of a speciﬁc value
based on observed indicators. Therefore, statistical signiﬁcance can be
expressed when two diﬀerent systems, or a single system in time, are
compared to each other (Kaufmann et al., 2011). However, because
outliers in the indicator set may lead to low weights for this indicator
due to the decreasing function of variance of indicators, weights based
on this method are sensitive to outliers. This method also requires enough data to keep the model reliable and robust. Lastly, when using this
method, indicators cannot be highly correlated, and this method may
perform poorly due to identiﬁcation problems (Nardo et al., 2005).

3.8. Analytic hierarchy process
Analytic hierarchy process (AHP) is a structured technique for
multiple criteria decision making based on pairwise comparisons of
alternative elements. As implied by its name, the ﬁrst step is to translate
a complex problem into a hierarchical structure consisting of an overall
goal (e.g., sustainability assessment), several criteria contributing to
this goal (e.g., sustainability dimensions), and a number of attributes
(e.g., indicators). The second step requires comparisons in a pairwise
fashion of each cluster pertaining to the same level in the hierarchy.
The comparisons are performed by experts, who answer two questions:
First, which of these two elements is more important? Second, by how
much?
A fundamental scale is used in making the comparisons, which
consists of verbal judgments ranging from equal to extreme and corresponding numerical judgments often ranging from 1 to 9 (Saaty,
1990, 2008). The comparisons result in a series of reciprocal squared
matrices. The third step is to calculate the relative weights of indicators
from the comparison matrix using an eigenvector technique (Table 2).
Some degree of inconsistency may occur due to careless errors or over
stated judgments during the process of comparisons made by experts
(Krajnc and Glavič, 2005). However, AHP tolerates these inconsistencies only if the consistency ratio, an index measuring the consistency of a matrix, does not exceed 0.10 (Nardo et al., 2005; Hermans
et al., 2008).
AHP has been widely used as a multiple-criteria decision-making
tool (Vaidya and Kumar, 2006; Arranz-López et al., 2017) and is a
useful method for weighting sustainability indicators. AHP has the
characteristics of a hierarchical structure, which is aligned with the
structures of most sustainability frameworks and makes the process
easy to comprehend for stakeholders (Singh et al., 2007; Hermans et al.,
2008). Second, AHP is simple and ﬂexible, which allows it to be combined with other techniques such as mathematical programming, entropy weight and DEA (Ho, 2008; Freeman and Chen, 2015). Third,
unlike other participatory methods, AHP provides a consistent veriﬁcation operation, which can be considered a feedback mechanism for
experts or decision-makers to review and revise their judgments (Ho
et al., 2010). Lastly, this method can be used with both qualitative and
quantitative data (Nardo et al., 2005). Disadvantages of AHP include
the high number of pairwise comparisons and the requirement for a
parsimonious number of indicators in each analyzed cluster.

3.6. Budget allocation
Budget allocation (BAL), or expert opinion (Saisana and Tarantola,
2002), is a participatory method wherein experts representing extensive
knowledge and experience are joined together to distribute a budget of
“n” points over a number of indicators (Nardo et al., 2005; OECD,
2008). Based on the experts’ experience, indicators judged to be more
important are given a larger proportion of the budget. Indicator weights
are then calculated according to the distribution of the points.
BAL has advantages of transparency and explicitness. However, the
meanings of weights based on this method may be obscure or misleading, as weighting may measure the urgency or need for political
intervention instead of importance (Nardo et al., 2005). As a result, the
weights may not be transferable from one region to another because
they may reﬂect speciﬁc local conditions. In addition, weighting a large
number of indicators in a short period of time may lead to inconsistencies arising from the cognitive stress of experts (Saisana and
Tarantola, 2002) (Table 2).

3.9. Conjoint analysis
Conjoint analysis (CA) is a statistical technique used for decomposing multivariate data and has been widely applied in marketing to
reveal how individuals make trade-oﬀs among diﬀerent choices (Wind
and Green, 2013). Because of its usefulness in participatory modeling
and problem structuring, CA has been used for weighting sustainability
indicators (Ülengin et al., 2001). The weighting process using CA is
based on the concept of “decomposition”. Individuals are ﬁrst given a
set of alternative scenarios, and then each individual responds to the
scenarios by sorting them according to his or her overall preferences.
Afterwards, these preferences are decomposed based on a form of the
preference function (e.g., a weighted sum) to ﬁnd a set of “part worth”
for the assessed attributes or indicators (Green and DeSarbo, 1978).
Weights for the indicators can then be calculated if the parameters of
the preference function are estimated (Table 2).
CA requires the respondents’ opinions about their overall preference
of scenarios, not about each diﬀerent attribute or indicator. Thus, unlike preference aggregation methods such as AHP, this preference-

3.7. Public opinion
Weights based on public opinion can be obtained by public opinion
polling, which is easy and inexpensive (Parker, 1991). Stakeholders can
express their preferences on a public agenda in terms of “concern”(Van
Haaster et al., 2017). Indicators receiving high concern are allocated
relatively high weights and vice versa. This process is useful for multicriteria decision processes and can make the process participative and
transparent (Munda, 2004). However, weights based on this method are
deﬁned by measuring public concern rather than importance (Nardo
et al., 2005), which may not reﬂect the real relevance of measured
factors for sustainability. For example, people may pay much less
496
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Computational problems may be caused
by the increasing number of units or
indicators.
Losing information on the intensity of
sustainability.

disaggregation method ﬁrst focuses on what respondents want and then
decomposes those preferences (Ülengin et al., 2001). Disadvantages of
CA include the requirement of a large sample of respondents and a large
set of their preference data, potentially inconsistent results from different classes of respondents, and a relatively complicated estimation
process.
4. Commonly used methods for aggregation
4.1. Additive aggregation methods
Additive aggregation methods employ functions that sum up the
normalized values of sub-indicators to form a sustainability index. By
far the most widespread additive method is the weighted arithmetic
mean (Table 3). The continuity characteristic of the weighted arithmetic mean implies that the bound for the sustainability index can be
precisely deﬁned if the relative measurement error of a set of indicators
is already known. This property can be used for sensitivity analysis and
uncertainty quantiﬁcation, both of which are important elements in
sustainability assessment (Pollesch and Dale, 2015).
However, two important features of additive aggregation must be
noted. The ﬁrst is connected to preferential independence. SIs must be
mutually preferentially independent when using linear additive aggregation methods. This means that the contributions of all indicators
can be added together to yield a total value, implying that no synergy or
conﬂict exists among diﬀerent indicators, an assumption that seems
unrealistic in many situations (Chen and Pu, 2004; Nardo et al., 2005).
Second, weights used in additive methods are substitution rates instead
of importance coeﬃcients because the intrinsic nature of additive
methods implies a compensatory logic. Thus, additive methods should
not be used when interactions between indicators are substantial.

where SI is the sustainability index, ωi the weight of the ith indicator, and Ii the normalized
score of the ith indicator.
Rank(Uniti)
s. t . φ = max ∑ ejk
*
i = 1,…,n
where Rank (Uniti) is the overall ranking of the n researched units, φ*the corresponding
score of the ﬁnal ranking of the researched units, and ejk the generic element of the
outranking matrix.

No ad hoc restrictions.

Rigorous prerequisites exist, such as
mutually preferentially independence.
Transparent and simple. Can be
used for all kinds of ratio-scale
variables.

4.2. Geometric aggregation methods

Index for “Social Multi-Criteria
Evaluation”(Munda 2004)

Geometric aggregation methods utilize multiplicative instead of
additive functions. The most widespread geometric aggregation function is the weighted geometric mean (Table 3).
Unlike additive aggregation methods, which are fully compensatory, geometric mean-based methods only allow compensability between indicators within certain limitations. This requirement exists
because of the “geometric-arithmetic means inequality” (Beliakov et al.,
2007; Bullen, 2013), which limits the ability of indicators with very low
scores to be fully compensated for by indicators with high scores. Simultaneously, signiﬁcant marginal eﬀects maybe measured using geometric methods when increasing the values of indicators with relatively
low absolute values (OECD, 2008).
The limitations of geometric aggregation methods also must be
noted. First, geometric aggregation methods are not fully non-compensatory techniques, and thus they allow for trade-oﬀs among indicators, because geometric methods, like additive methods, have the
characteristic of being preferentially dependent (Keeney, 1973, 1974;
OECD, 2008). Furthermore, with geometric aggregation methods, sensitivity analyses and uncertainty quantiﬁcations cannot be analyzed
using measurement errors of indicators (Calvo et al., 2002; Beliakov
et al., 2007).
4.3. Non-compensatory aggregation methods
As both additive and geometric aggregations imply that compensation among the sub-components of sustainability is acceptable, the
use of these methods to aggregate indicators is often contentious,
especially when taking the perspective of strong sustainability into
account (Rowley et al., 2012; Pollesch and Dale, 2015). When substitution between sub-components is deemed unacceptable, non-compensatory aggregation methods become important. These methods are
apparently based on two points of view: the properties of aggregation

Non-compensatory
aggregation methods

m

∏ Iiωi
SI = I1ω1I2ω2⋯Imωm =

Geometric aggregation

i=1

Rigorous prerequisites exist, such as
mutually preferentially independence.
Transparent and simple.
Easy to execute sensitivity analysis
and uncertainty quantiﬁcation.
Additive aggregation

m

SI = ω1I1 + ω2I2 + … + ωmIm = ∑i − 1 ωiIi

Environmental Performance Index
(Esty et al., 2006)
Well Being Index (Prescott-Allen
2001)
Living Planet Index(Loh et al.,
1998; Loh et al., 2005)

where SI is the sustainability index, ωi the weight of the ith indicator, and Ii the normalized
score of the ith indicator.

Formulas
Examples
Common methods for
aggregation

Table 3
Common methods for indicator aggregation (based mainly on Munda and Nardo (2005), Beliakov et al. (2007), OECD (2008), and Pollesch and Dale (2015)).

Beneﬁts

Drawbacks

X. Gan et al.
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Fig. 3. An illustration of the relationships among the key steps in constructing sustainability indices and selecting weighting and aggregation methods.

the method, and thus, all the weights reﬂect the relative importance of
each indicator instead of a trade-oﬀ ratio. Furthermore, there are no
restrictions on the type of variables or indicators that can be used,
which means that both quantitative and qualitative data can be used.
Two possible drawbacks of this method are computational limitations
associated with the increasing number of units or indicators and the loss
of information on the intensity of sustainability (Munda and Nardo,
2005).

functions (Pollesch and Dale, 2015) and the perspective of multi-criteria decision making (MCDM) (Guitouni and Martel, 1998; Munda,
2005).
The literature on aggregation function properties deals with the use
of extreme elements as input variables and particularly focuses on
conjunctivity and disjunctivity (Beliakov et al., 2007). Neither conjunctive nor disjunctive aggregation functions permit the existence of
compensation because the output of the conjunctive function must be
bounded above by the min(x) function, whereas the output of the disjunctive function must be bounded below by the max(x) function
(Pollesch and Dale, 2015).
For example, SIs based on conjunctive function depend on the
lowest value among the indicators. This suggests that sustainability
follows the Law of the Minimum, or Liebig’s Barrel, and that sustainable
development is limited by the dimension with the poorest performance,
no matter how well other indicators perform. Therefore, an aggregation
function may satisfy strong sustainability if the function is conjunctive
(Pollesch and Dale, 2015). Aggregation methods that use conjunctive
functions can be easily understood and operated; however, these
methods lose the information of indicators whose values are not extreme, and thus, the index may be of limited use for decision making.
In contrast, MCDM is a major class of research that deals with decision making in the presence of a number of decision criteria. The aim
of MCDM is to elicit clear subjective preferences (Munda, 2003;
Pohekar and Ramachandran, 2004). From this perspective, every sustainability assessment is in fact a multi-criteria problem (Munda, 2005;
OECD, 2008). Diﬀerent classes of MCDM methods exist, almost all of
which use decision-maker preferences to reach their conclusions
(Guitouni and Martel, 1998). Among these is the non-compensatory
multi-criteria approach, which has been used for aggregating sustainability indicators (Nardo et al., 2005).
The non-compensatory multi-criteria approach is based on decisionmaker preferences and is centered around the fact that a general objective of most indices is to create rankings (Munda and Nardo, 2005).
Therefore, the core of this method is to construct a ranking algorithm
that is more consistent than the linear aggregation rule (Munda, 2005).
Two procedures are used to calculate the index: (1) units are compared
pairwise according to the whole set of sub-indicators to construct a
ranking matrix; (2) units are ranked in a complete pre-order according
to the ranking matrix (Table 2) (Munda and Nardo, 2005).
The output of this method is a rank rather than a concrete output
value for each unit. No compensation is allowed among indicators in

5. A process-oriented approach for answering “when to use what”
Weighting and aggregation are key steps in building SIs (Jollands,
2005; Nardo et al., 2005), as they are the processes by which sustainability information is transferred from variables to sub-indicators and
then from sub-indicators to indices (Fig. 3). Although various methods
for weighting and aggregating exist (see Sections 2–4), each method has
unique strengths and weaknesses (Tables 2 and 3). Despite the critical
importance of weighting and aggregation for SI performance, the literature lacks information that speciﬁcally guides researchers and
practitioners on “when to use what” weighting and aggregation
method. If weighting and aggregation methods are not properly selected, the results from SIs will not successfully represent what the
particular SI seeks to measure.
To solve the aforementioned question, it is necessary to consider the
characteristics of sustainability science. As noted by Kates (2012),
sustainability science is place-based and use-inspired fundamental research. Thus, purpose orientation, scale dependence, and concept deﬁnition should be fundamental features underlying the construction of
SIs (Meadows, 1998). It has been widely accepted that the steps for
constructing SIs include deﬁning the policy goals, selecting indicators
based on a framework, selecting suitable weighting and aggregation
techniques, and checking for robustness and sensitivity (McGranahan,
1971; Booysen, 2002; Jollands, 2005). These steps are not separated
and are in fact closely related to each other (Nardo et al., 2005).
Therefore, in the process of indicator weighting and aggregation, as in
other steps, it is extremely important to take into account research
purposes, scales and sustainability concepts (Singh et al., 2009).
In this context, the following questions are critical for the selection
of weighting and aggregation methods for building SIs: (1) How should
appropriate weighting and aggregation methods be selected according
to the explicit purpose of SIs, as the purposes of sustainability are so
diverse that no single method can meet all the requirements (Singh
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Table 4
A process-oriented approach for answering “when to use what.”.
Methods

Purposes
Assessing State/
Prediction

Scales
Comparison

Sustainability perspectives

Spatial scales

Temporal scales

Coarse

Fine

Long

Short

Weak
sustainability

Strong
sustainability

Weighting

EW
PCA
BOD
RA
UCM
BAL
PO
AHP
CA

REC
REC
REC
REC
REC
REC
REC
REC
REC

OK
OK
NO
OK
OK
OK
OK
OK
OK

REC
REC
REC
REC
REC
NO
NO
NO
NO

REC
OK
OK
OK
OK
REC
REC
REC
REC

REC
OK
OK
OK
OK
REC
REC
REC
REC

REC
REC
REC
REC
REC
REC
REC
REC
REC

REC
REC
REC
REC
REC
OK
OK
REC
REC

NO
NO
NO
NO
NO
OK
OK
NO
NO

Aggregation

Additive aggregation
Geometric aggregation
Non-compensatory
aggregation methods

REC
REC
REC

OK
OK
OK

REC
REC
REC

REC
REC
REC

REC
REC
REC

REC
REC
REC

REC
REC
NO

NO
NO
NO

NO
REC

REC
OK

REC
REC

REC
REC

REC
REC

REC
REC

NO
REC

NO
REC

Conjunctive/
disjunctive functions
MCDM

Combined methods

Note: REC, OK, and NO denote that a method is recommended, applicable, and not to be used in a given situation, respectively, assuming that each method is used alone.

sustainability development (Gordon, 1996). Nevertheless, information
intensity may be lost during the processes of preference-based methods
(Munda, 2012). Therefore, preference-based methods are good choices
for handling comparisons. This does not mean that weighting and aggregation methods that produce concrete values of SIs cannot be used
for comparison. However, due to their data-dependent structures and
complex formulations, they are less eﬃcient for building indicators
based on rankings. Therefore, weighting and aggregation methods resulting in concrete values are best used for state monitoring and projections in time. In contrast, weighting and aggregation methods based
on preferences are eﬀective when SIs are used for comparison (Table 4).

et al., 2009)? (2) How should weighting and aggregation methods that
consider diﬀerences of spatial and temporal scales be chosen, as proper
weighting and aggregation methods may vary from national to local
scales between and long- and short-term perspectives (Farrell and Hart,
1998; Mayer, 2008)? (3) How should suitable weighting and aggregation methods be employed in accordance with sustainability concepts
(weak or strong), as no single aggregation method can capture these
concepts thoroughly (Wilson and Wu, 2017)? (4) How should the
purposes, scales and sustainability concepts be systematically integrated to generate SIs that eﬀectively measure what they are intended
to measure?
Deciding which weighting and aggregation methods are best ﬁt for
particular SIs should be framed as a multi-step decision. Herein, we
provide a process-oriented approach that explicitly aims to answer this
question by focusing on what particular methods are more suitable for
use based on the purposes, scales, and sustainability concepts underlying the structuring of the SIs. Under this approach, the process of
selecting the most suitable weighting and aggregation techniques from
the commonly used methods set can be completed by following four
main steps: (1) deﬁning the purposes of SIs; (2) determining spatial and
temporal scales of analysis; (3) deciding on sustainability concepts
(weak or strong sustainability); and (4) integrating the purposes, scales
and concepts to construct SIs (Fig. 3).

5.2. Determining scales of research
Sustainability assessments must be conducted at speciﬁc spatial and
temporal scales. It is therefore essential to select weighting and aggregation methods that are consistent with the scale at which the assessment will be conducted (Table 4). Weighting methods based on
public participation are more powerful at ﬁner scales than at coarser
scales not only because of the high cost for organizing stakeholders but
also because opinions on controversial issues are spatially auto correlated (Van de Kerk and Manuel, 2008). As a result, weights based on
participatory methods at local scales cannot be directly applied at
larger scales as they likely reﬂect local conditions. However, weighting
methods based on statistical methods are more eﬀective at coarse
spatial scales and in politically bounded systems (Mayer, 2008).
The temporal scale of the sustainability assessment also aﬀects
which weighting and aggregation method should be selected. Statisticbased methods rely heavily on data completeness and integrity.
However, both data availability and inter-operator variability become
more challenging problems as study periods extend. Therefore, statisticbased methods may be more appropriate for assessments covering short
timescales, while participatory or equal weighting methods are preferable for long timescales, when data completeness cannot be guaranteed. In addition, public opinions on sustainability may change
substantially over long periods of time.

5.1. Conﬁrming the purposes of the SI
Weighting and aggregation methods should be carefully chosen
according to what the SI is meant to measure. Generally, the main
purposes of SIs include assessing development states in relation to goals
and targets; comparisons across time periods, locations or situations;
and anticipating future conditions and trends (Saisana and Tarantola,
2002; Singh et al., 2009). Each of these purposes may be best achieved
by diﬀerent combinations of weighting and aggregation methods.
Most weighting and aggregation methods, except for BOD and
preference-based methods, result in concrete SI values. Methods providing concrete values possess information integrity, accuracy, and
high sensitivity to change, and hence, they can be used for state monitoring and projection (Cairns et al., 1993). However, these SIs do not
necessarily measure whether the resulting value is good or bad, especially when no reference or target is available (Warhurst, 2002). Conversely, outputs taking the form of ranks or relative values based on
preferences are easy to understand, provide a relative measure on how
good or bad the results are, and can promote action in favor of

5.3. Deciding on weak or strong sustainability
The type of sustainability an SI measures is directly deﬁned by the
weighting and aggregation method it utilizes (Wilson and Wu, 2017).
On one hand, weak sustainability allows for substitution, and therefore,
compensatory weighting and aggregation methods can be used for
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6. Conclusions

assessing sustainability under a weak sustainability paradigm. On the
other hand, according to the deﬁnition of strong sustainability, some
types of social and environmental capital are critical and cannot be
substituted for by economic capital. Nevertheless, substitutability
among diﬀerent kinds of capital is still allowed as long as a system
exists within the constraints of its environmental and social structures
(Wu, 2013). Therefore, indices representing strong sustainability must
take into account non-compensability as well as threshold values for
each indicator, above which substitutability cannot be allowed (Ekins
et al., 2003; Mori and Christodoulou, 2012). This implies that combined
aggregation methods should be employed for constructing strong SIs.
For example, Dı́az-Balteiro and Romero (2004) introduced a function:

Sustainability is deﬁned to measure how far we are from our targets
or how well aligned we are to a desired development path. SIs are
fundamental for measuring current levels of sustainability, gauging
whether implemented strategies are eﬀectively accomplishing their
objectives and designing strategies that target sustainability issues that
are most relevant to sustainable development. The tenets of sustainability require that the process of SI construction be transparent and
that their results are easily communicable and interpretable in order to
be embraced by decision-makers and the non-expert community
(Munda and Nardo, 2005).
However, measuring sustainability is a challenging task. SIs aim to
measure outputs of complex systems and integrate multiple elements
related to speciﬁc purposes, scales and concepts of sustainability used
in their formulation (Saisana and Tarantola, 2002). Weighting and
aggregation is an important step. There are various weighting and aggregation methods for compositing SIs. Weighting methods can be categorized into equal weighting, statistical-based methods, and participatory methods. Aggregation methods can be categorized into additive,
geometric and non-compensatory methods. Diﬀerent weighting and
aggregation methods symbolize diﬀerent substitutabilities for diﬀerent
dimensions of SIs.
Considering that each method has its own strengths, weaknesses,
and applicable situations, it is important to know “when to use what.”
Nevertheless, it remains unclear which weighting and aggregation
methods are more suitable for building SIs in diﬀerent situations. This
study has sought to close this knowledge gap. Because SIs can be developed to measure diﬀerent types of sustainability (weak to strong) at
diﬀerent spatial and temporal scales, it is evident that the “one-size-ﬁtsall” approach for weighting and aggregation is inappropriate. Instead,
we propose a four-step process for choosing the most suitable weighting
and aggregation methods:

m

SI = (1 − λ )[min(ωiIi )] + λ ∑ ωiIi ,
i

i=1

(1)

where λ∈[0,1] is a compensation parameter, and ωi is the weight for
indicator Ii. Formula (1) represents a combination of internal and
conjunctive functions that is controlled by the parameter λ. When λ
equals 1, the function becomes a weighted arithmetic mean, while
when λ equals 0, the function can be used to represent a non-compensatory aggregation function. Therefore, the parameter λ determines
which type of sustainability is being measured.
In terms of weighting, equally weighted methods cannot be used to
measure strong sustainability (Huang et al., 2015; Wilson and Wu,
2017). Similarly, SIs developed through statistic-based methods (e.g.,
PCA/FA) cannot be considered strong sustainability indices, as the
weights based on those methods represent the statistical characteristics
of data and not the critical limits to substitution. Participatory
weighting methods, in contrast, allow respondents to convey their own
preferences on weights, which may or may not conform to the ideals of
strong sustainability (Table 4).
Therefore, to conduct strong sustainability assessments, appropriate
weighting and aggregation methods should (1) explicitly deﬁne the
relationships among types of capital, (2) use proper non-equal weights,
(3) combine both compensational and non-compensational aggregation
functions and (4) consider utilizing adjustment parameters or threshold
values to reﬂect the limit substitutions among dimensions.

(1) Clearly describe the purpose of developing or using SIs;
(2) Determine the particular spatial and temporal scales at which the
SIs are to be applied;
(3) Be explicit about the speciﬁc type of sustainability that the SIs are
used to assess; and
(4) Conduct a comprehensive evaluation of the built SIs based on the
previous three factors.

5.4. Integration of purposes, scales and concepts to construct SIs
By this point, the SI designer should have deﬁned the purposes of SI,
the scales at which the SI will be used, and what type of sustainability
the SI seeks to measure. The ﬁnal step in SI formulation is to integrate
research purposes, scales and concepts to construct SIs to assess whether the SI is correctly structured to meet its goals. In other words, it is
necessary to conﬁrm the selection of the weighting and aggregation
methods in a speciﬁc context.
Although we have treated each of the previous steps as separate,
they are intrinsically connected. Deﬁning the purpose of an SI is a
prerequisite for determining the scale at which it will be measured and
applied. Furthermore, in a landscape in which development and protection must occur simultaneously, the scale at which the SI is to be
applied is directly connected to the type of sustainability to be measured (Wu, 2013). Therefore, the usefulness of an SI is deﬁned by the
weighting and aggregation method utilized at each level.
Let us consider a speciﬁc scenario in which a sustainability index
will be constructed to assess a natural reserve. The purpose of the index
is to evaluate the sustainability status, while the research scale is ﬁner.
Given that the major function of a natural reserve is to protect ecosystems, the concept of strong sustainability should be employed for the
sustainability assessment. Therefore, according to the process we have
proposed, the participatory weighting methods (e.g., PO and BAL) are
better choices under this speciﬁc situation. In addition, aggregation
methods that combine compensatory and non-compensatory methods
are more appropriate in this case.

We acknowledge that for building eﬀective SIs, it is necessary to not
only select appropriate weighting and aggregation methods but also
address several other challenges, including data availability and the
particular socio-ecological context in which the SIs will be implemented. Nevertheless, weighting and aggregation methods are critical to the ﬁnal SI measurement. Therefore, it is our hope that this
process-oriented approach will help researchers and practitioners select
the appropriate weighting and aggregation methods for their goals and
improve our capacity to measure sustainability in the long term.
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