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Abstract. Composite indicators are increasingly recognized as a useful tool in policy
analysis and public communication. However, if poorly constructed, they can send
misleading policy messages. Perhaps the most difficult aspect of constructing a composite
indicator is choosing weights for the components. The categorization of Croatian
territorial units for development policy is based on the value of the composite indicator
called the development index. The main goal of this paper is to propose an empirical
approach for weight selection. In order to generate the set of non-subjective weights,
principal component analysis and linear programming methods have been applied. An
application of data envelopment analysis to the field of composite indicators, known as
the Benefit-of-the-Doubt approach, has been demonstrated subject to proportional subindicator share restrictions. Additionally, the Monte Carlo simulation of weights was
conducted, and confidence intervals for the values of the development index were
estimated. Owing to the fact that the examined weighting schemes have resulted in the
different categorization of territorial units, use of unit-specific weights and incorporating
uncertainty in the construction of a composite indicator looks promising for further
work.
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1. Introduction
Composite indicators (CI) are increasingly recognized as a tool for policy making
in a wide range of fields such as the environment, economy and human
development. The construction of CIs involves stages where subjective
judgments need to be made: selection of indicators, treatment of missing values,
choice of aggregation model and weights of indicators, etc. These choices can
even be used to manipulate results [4]. The inescapable subjectivity involved in
∗
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their construction is often invoked to undermine the credibility of CIs, thus it is
important to identify the sources of subjectivity. Therefore, sensitivity and
uncertainty analysis should be undertaken to assess the robustness of CIs. The
absence of an objective way to determine weights and aggregation methods does
not necessarily lead to a rejection of the validity of CIs, as long as the entire
process is transparent [12].
Assessing the development level of territorial units is crucial for regional
planning and development policy, and is a key criterion for allocating various
structural funds and national subsidies [5]. There are several different
approaches to assessing regional development level. This paper is focused on
CIs, especially on the development index, as a main instrument of Croatian
regional policy. This index is a CI, which is calculated as the weighted average
of five basic normalized socio-economic indicators: income per capita (X1),
budget revenue per capita (X2), unemployment rate (X3), change in population
number (X4), and educational attainment rate (X5), relative to the national
average. The value of the development index for a territorial unit c is calculated
using the formula
𝐼𝐼𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺 = 0.25𝑥𝑥1𝑐𝑐 + 0.15𝑥𝑥2𝑐𝑐 + 0.3𝑥𝑥3𝑐𝑐 + 0.15𝑥𝑥4𝑐𝑐 + 0.15𝑥𝑥5𝑐𝑐

(1)

where 𝑥𝑥𝑖𝑖𝑖𝑖 , 𝑖𝑖 = 1,2, … ,5 represent normalized value of a sub-indicator Xi for a
territorial unit c. The indicators and their corresponding weights are determined
by a government decree [7]. The index is calculated for a three-year period. In
this paper, the development index obtained for the period 2010 – 2012 is used.
A priori determination of weights for various components implies the
existence of a universally acceptable human development function, which is not
the case [14]. This paper proposes a new method for weight selection, which is
based on an empirical approach. This approach appears worthwhile pursuing, as
it uses non-subjective weights, and thus generates less biased results. The aim of
this paper is to contribute to a better understanding of the complexity of CIs,
and to improve the techniques currently used to build the development index.
In order to generate a set of non-subjective weights, principal component
analysis (PCA) and linear programming methods have been applied.
Furthermore, an application of data envelopment analysis (DEA) to the field of
CIs, known as the Benefit-of-the-Doubt (BOD) approach, has been
demonstrated. This approach provides unit-specific weights, ensuring a
maximum value of a CI for every territorial unit. Additionally, assuming the
weight setting as the only source of uncertainty, a Monte Carlo simulation of
weights was conducted and CI values for each territorial unit were calculated. A
„random weights‟ technique was used to test the sensitivity of summary
indicator values to different weighting schemes.
The rest of the paper is organized as follows: section 2 describes a
methodology used in the construction of CIs and gives a brief overview of the
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government methodology used in the construction of the development index;
section 3 is focused on applying data-driven methods to the development index
while section 4 gives some concluding remarks.

2. Composite indicators
Perhaps the most difficult aspect of constructing a CI is choosing weights for
the components. The selection of weights should be done according to the
underlying theoretical framework. Existing literature offers quite a rich menu of
weighting methods. Some of them, such as factor analysis and PCA, DEA and
the unobserved components model, are based on statistical methods and linear
programming. On the other hand, participatory methods, such as budget
allocation processes, analytic hierarchy processes and conjoint analysis,
incorporate various stakeholders – experts, citizens and politicians. Weights that
are based on explicit agreements between policymakers as to the desirability of
different development goals, derived from policy statements of governments and
development agencies, or derived from collective utility functions based on
individual preference functions of the particular population, are often singled out
for their arbitrariness in weighting [1]. There is no general consensus on using
any one of the weighting schemes. The most common is equal weighting, i.e. all
variables are given equal weights, due to simplicity and transparency. This
essentially implies that all variables are ’worth’ the same in the composite, but
it could also disguise the absence of a statistical or an empirical basis, e.g. when
there is insufficient knowledge of causal relationships or a lack of consensus on
the alternative [12]. Weights can be chosen to reflect the quality of data,
assigning higher weights to statistically more reliable data. In linear aggregation,
it is well known that weights have the meaning of trade-offs, while experts
usually interpret weights as importance coefficients. This perception can be
grossly off the mark. Nominal weights are not a measure of variable importance
and the relative importance of variables depends on the characteristics of their
distribution as well as their correlation structure [16]. An overview of different
weighting methods (and details viz. scaling, normalization and aggregation)
used in the construction sustainability indices can be found in [23].
Multivariate techniques present an empirical and relatively more objective
option for weight selection, allowing no control over the selection of a weighting
scheme. Apart from weight selection, these techniques can help to investigate
some other important issues like the presence of outliers and multicollinearity.
Different multivariate methods have been applied to evaluate the development
index [17]. PCA was applied in the field of CIs [13] and, especially, to evaluate
the development index [18]. PCA enables the reduction of the variables in the
multivariate data set by a small number of latent variables. This method may
be used to detect outliers to uncover data structures that account for a large
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percentage of the total variance, and to create new hypothetical constructs that
may be employed to predict or classify observations into groups [24]. The
objective is to explain the variance of the data through a few linear
combinations of the original data, minimizing the information loss. The first
principal component 𝐼𝐼1 is the linear combination of the standardized variables
that has the greatest possible variance.
𝐼𝐼 𝑗𝑗 = ∑5𝑖𝑖=1 𝑤𝑤𝑖𝑖 𝑋𝑋𝑖𝑖 , 𝑗𝑗 = 1, …, k .
𝑗𝑗

(2)

Each subsequent principal component 𝐼𝐼 𝑗𝑗 is a linear combination of the
standardized original variables that has the greatest possible variance and is
uncorrelated with previously defined components. Various guidelines have been
developed on the issue how many linear combinations k should be retained (in
the case of development index it is obviously k ≤ 5). The most commonly used
technique to determine the number of components to be extracted is the latent
root criterion [9]. The main weakness in CIs derived from PCA is the
minimization of the contribution of individual indicators which do not move
along with other individual indicators (correlations do not necessarily represent
the real influence of the sub-indicator!). Furthermore, PCA is sensitive to outlier
presence and to modifications in the basic data. PCA derived weights are
difficult to interpret and to communicate, and as a result the use of PCA in this
context is not widespread [16].
In the absence of specific knowledge about the true weights, it is
questionable whether a fixed weighting scheme should be applied, especially
since fixed weighting can depreciate some units while favoring others. The DEA
approach helps to overcome this issue by allowing unit specific weights. DEA
was initially developed by Charnes [2] as a linear programming tool for
measuring efficiency of a set of peer entities. The application of data
envelopment analysis to the field of the CI is known as “benefit of the doubt
approach” (BOD) [12]. This method was originally proposed to evaluate
macroeconomic performance. Elaboration of this method as a weighting method
can be found in work of Cherchye et al. [3]. A well-known property of the
original DEA model [2] is units invariance; i.e. the CI values are independent of
the units in which the constituent sub-indicator values are measured [4]. The
DEA was already applied in the field of CI providing alternative weighting
systems ([11], [8], [3], [4], [22]). It was reported that the use of DEA overcomes
some key limitations, the undesirable dependence of final results from the
preliminary normalization of sub-indicators, and from subjectivity in weighting
[4]. The optimal weights are obtained by solving the optimization problem (3).
𝐶𝐶𝐼𝐼 ∗ = max 𝑤𝑤𝑖𝑖𝑖𝑖 ∑𝑄𝑄𝑖𝑖=1 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖

∑𝑄𝑄𝑖𝑖=1 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖 ≤ 1 , 𝑐𝑐 = 1, … , 𝐶𝐶

𝑤𝑤𝑞𝑞𝑞𝑞 ≥ 0, 𝑞𝑞 = 1, … , 𝑄𝑄, 𝑐𝑐 = 1, …,C

(3)
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Each territorial unit c has its own optimal set of weights, 𝑤𝑤𝑖𝑖𝑖𝑖 , 𝑖𝑖 = 1, … , 𝑄𝑄.
This guarantees the best position of a unit among all other units in the sample.
Though the obtained weights are unit specific, it is possible to estimate a
common set of weights using regression [25]. The full flexible optimization
problem (1) has two main disadvantages. First, many territorial units achieve
the value of 1, which is the maximum score of a CI, and second, zero weights
are assigned to many sub-indicators. Incorporating some available information
(expert opinion) about appropriate weights to make the weights acceptable is
considered useful. Sub-indicator share restrictions (4) can be interpreted as
bounds for the importance of sub-indicators in a composite score [3].
Restrictions on sub-indicator shares provide an easy and natural representation
of previous information on the importance of CI components [3]. An
introduction to an extended BOD approach subject to restrictions on weights
and sub-indicator shares can be found in [3].
𝑥𝑥𝑞𝑞𝑞𝑞 𝑤𝑤𝑞𝑞𝑞𝑞

𝛼𝛼𝑞𝑞 ≤ ∑𝑁𝑁

𝑖𝑖=1 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖

≤ 𝛽𝛽𝑞𝑞 , 𝛼𝛼𝑞𝑞 , 𝛽𝛽𝑞𝑞 ∈ [0, 1], q = 1, … , Q , c = 1, … , C

(4)

When using min-max normalization, obtaining sub-indicator share
restrictions (4) with 𝛼𝛼𝑞𝑞 > 0 leads to infeasibilities since a normalized indicator
value xqc is equal to 0 for at least one territorial unit c. In some cases, it is
possible to obtain sub-indicator category share restrictions (5) where SJ captures
the category J. In the case of the development index, sub-indicators are
classified into two categories: demographic and economic category.
𝛼𝛼𝐽𝐽 ≤

∑𝑗𝑗∈𝑆𝑆 𝑥𝑥𝑗𝑗𝑗𝑗 𝑤𝑤𝑗𝑗𝑗𝑗
𝐽𝐽

∑𝑁𝑁
𝑖𝑖=1 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖

≤ 𝛽𝛽𝐽𝐽 , 𝑐𝑐 = 1, … , 𝐶𝐶

(5)

Since the quality of a model also depends on the soundness of its
assumptions, good modelling practice requires that the modeler evaluate
confidence in the model, assessing the uncertainties associated with the
modelling process and the subjective choices taken [12]. Uncertainty analysis
focuses on how uncertainty in the input factors (normalization methods,
weighting schemes and weight) propagates through the structure of the CI and
affects the values of the CI [20]. In this paper, the uncertainty analysis is limited
to weight setting as the only source of uncertainty.

3. Application to the development index
3.1.

The development index

The development index provides development level assessment and
categorization of units on both regional (20 counties and the City of Zagreb)
and local (556 municipalities and towns) level. According to the value of the
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development index, local units are categorized into 5 groups, while regional
units are classified into 4 groups [10] as shown in table 1. If a territorial unit has
an index value 𝐼𝐼𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺 < 75%, it is rated as lagging behind in development and
thus has a special status and a granted special support from the central level.
Table 1 also provides the number of territorial units classified in each group (n).
Group
Group
Group
Group
Group

I
II
III
IV
V

Local level
𝐼𝐼𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺 < 50%
50% ≤ 𝐼𝐼𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺 < 75%
75% ≤ 𝐼𝐼𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺 < 100%
100% ≤ 𝐼𝐼𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺 < 125%
125% ≤ 𝐼𝐼𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺

(n=556)
(47)
(217)
(173)
(93)
(26)

Regional level
𝐼𝐼𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺 < 75%
75% ≤ 𝐼𝐼𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺 < 100%
100% ≤ 𝐼𝐼𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺 < 125%
125% ≤ 𝐼𝐼𝑐𝑐𝐺𝐺𝐺𝐺𝐺𝐺
-

(n=21)
(12)
(3)
(3)
(3)

Table 1: Categorization of territorial units based on the development index

As mentioned in the first section, the development index is calculated as
the weighted average deviation from the national average of five basic indicators
(1). Before aggregating into a single value, all of the sub-indicators are
normalized. First, a min-max normalization of each sub-indicator was conducted
𝑥𝑥𝑖𝑖𝑁𝑁 =

𝑥𝑥𝑖𝑖−𝑥𝑥𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚

.

(6)

𝑥𝑥𝑖𝑖 −𝑥𝑥𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚

(7)

𝑥𝑥𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚 −𝑥𝑥𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚

Afterwards, the ratio of a normalized sub-indicator was taken respective to the
normalized national average
x 𝐺𝐺𝐺𝐺𝐺𝐺
i

=

𝑥𝑥𝑖𝑖 −𝑥𝑥𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚
𝑥𝑥𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚 −𝑥𝑥𝑖𝑖,𝑚𝑚𝑖𝑖𝑖𝑖
𝑥𝑥𝑖𝑖,𝐻𝐻𝐻𝐻 −𝑥𝑥𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚

𝑥𝑥𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚 −𝑥𝑥𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚

=

𝑥𝑥𝑖𝑖,𝐻𝐻𝐻𝐻−𝑥𝑥𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚

where 𝑥𝑥𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚 = min𝑐𝑐 𝑥𝑥𝑖𝑖𝑖𝑖 ; 𝑥𝑥𝑖𝑖,𝑚𝑚𝑚𝑚𝑚𝑚 = max 𝑐𝑐 𝑥𝑥𝑖𝑖𝑖𝑖 ; while 𝑥𝑥𝑖𝑖,𝐻𝐻𝐻𝐻 represents a national
average of an indicator Xi. This type of normalization (further called
governmental normalization) actually computes the distance to the worst
territorial unit respective to the distance of the national average to the worst
unit (see formula (7)). Another drawback of the governmental normalization
method is its sensitivity to outlier presence. In the collection of Croatian local
units, municipality Vir stands out as an outlier [18].
In calculating the development index, the largest weight was assigned to
the unemployment rate ( 𝑤𝑤3𝐺𝐺𝐺𝐺𝐺𝐺 =30%), sub-indicator incomes per capita weights
𝑤𝑤1𝐺𝐺𝐺𝐺𝐺𝐺 =25% while the other three indicators (budget revenue per capita, change
in population number, and educational attainment rate) have equal weights
𝑤𝑤2𝐺𝐺𝐺𝐺𝐺𝐺 = 𝑤𝑤4𝐺𝐺𝐺𝐺𝐺𝐺 = 𝑤𝑤5𝐺𝐺𝐺𝐺𝐺𝐺 =15%. In summary, the economic category (X1, X2, X3) has
a weight of 70% and the demographic category (X4, X5) a weight of 30%. The
weights were assigned based on expert opinion concerning their relevancy for
development level assessment [19]. Still, this failed to ensure the relevance of
each sub-indicator in computing CI. When analyzing the contribution of a
sub-indicator or category to the overall value of CI, i.e. sub-indicator
shares or category shares (these are in fact products 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖 , 𝑖𝑖 = 1, … ,5, 𝑐𝑐 =
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1, … , 𝐶𝐶 or the sum of the products ∑3𝑖𝑖=1 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖 , ∑5𝑖𝑖=4 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖 ), it becomes evident
that significant discrepancies do exist. For example, on the regional level, subindicator X4 has a proportional share of more than 40% in 3 counties (County of
Virovitica-Podravina, County of Slavonski Brod-Posavina and County of
Vukovar-Sirmium) while for the case of the County of Slavonski Brod-Posavina,
the proportional share of the demographic category exceeds 95%. At the local
level, 94 local units have a demographic category share greater than 40%. The
average proportional shares of sub-indicators and category shares are presented
in Table 2.
Sub-indicator

X1 (%)

X2 (%)

X3 (%)

X4 (%)

X5 (%)

Economic
(%)

Demographic
(%)

Local level

20.29

10.40

34.94

19.23

15.15

65.63

34.37

Regional
level

19.93

12.08

31.52

19.17

17.30

63.53

36.47

Table 2: Average proportional shares of sub-indicators and the average category share

3.2.

Data driven weights: applied to the development index

3.2.1. Multivariate analysis
Composite indicators often include some of the indicators with which they are
being correlated, leading to double counting [12]. Still, it is not strictly necessary
to exclude highly collinear variables. High correlation between indicators could
be seen as a problem which should be corrected by making appropriate weights.
Two indicators, income per capita and local budget revenue, are highly
correlated. Since local revenues depend mostly on tax revenues, especially on
income tax and surtax on income tax [15], the inclusion of both indicators may
be redundant. Both indicators were retained in further analysis.
X1

X2

X3

X4

X1

1

X2

0.92

1

X3

-0.68

-0.67

1

X4

0.44

0.55

-0.59

1

X5

0.79

0.81

-0.57

0.66

X5

1

Table 3: Correlation matrix; regional
level

X1

X2

X3

X4

X1

1

X2

0.51

1

X3

-0.67

-0.48

1

X4

0.25

0.51

-0.39

1

X5

0.73

0.55

-0.55

0.51

X5

1

Table 4: Correlation matrix; local level
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PCA was based on a correlation matrix of the components. The latent root
criterion was applied to verify the a priori criterion for selecting only the first
component 𝐼𝐼 𝑃𝑃𝑃𝑃𝑃𝑃. PCA analysis on the regional level and based on the
correlation matrix resulted with only one eigenvalue exceeding 1.0, indicating a
single retaining component that explained 74% of the total variance. On the
local level, PCA analysis also resulted in only one eigenvalue exceeding 1.0,
indicating a single retaining component that explained 62% of the total
variance. On the local level, the PCA was also performed after the exclusion of
an outlier where the results were almost equivalent as without outlier exclusion.
PCA can lead to different results using factor rotation – a problem some cite as
a drawback of the method. Table 5 shows the weights obtained by PCA and
scaled to a unity sum.
Normalized weights 𝑤𝑤 𝑃𝑃𝑃𝑃𝑃𝑃

𝑤𝑤1𝑃𝑃𝑃𝑃𝑃𝑃

0.2

𝑤𝑤3𝑃𝑃𝑃𝑃𝑃𝑃
0.2

𝑤𝑤4𝑃𝑃𝑃𝑃𝑃𝑃
0.17

𝑤𝑤5𝑃𝑃𝑃𝑃𝑃𝑃

Variance explained (%)

0.21

𝑤𝑤2𝑃𝑃𝑃𝑃𝑃𝑃

0.22

62

Local level
Outlier excluded

0.21

0.19

0.2

0.17

0.21

63

Regional level

0.21

0.22

0.19

0.17

0.21

74

Local level

Table 5: Normalized weights derived from PCA

The results of PCA at the local level are presented graphically and
compared to the original values of the development index (Figure 1).
2
1.5
1
0.5
1
22
43
64
85
106
127
148
169
190
211
232
253
274
295
316
337
358
379
400
421
442
463
484
505
526
547

0
Development index

PCA index

Figure 1: PCA derived indicator vs the development index, on the local level

Compared with the values of 𝐼𝐼 𝑃𝑃𝑃𝑃𝑃𝑃 , the 𝐼𝐼 𝐺𝐺𝐺𝐺𝐺𝐺 underestimates the development
level of the local units classified in Groups 1 and 5 (low and high development
level), while overestimating the development level of units classified in Groups
2, 3 and 4 (medium development level). Figure 2 presents the difference IPCAIGOV relative to the mean index value (IPCA+IGOV)/2 and revealing the latter
statement.
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Figure 2: The difference between IPCA and IGOV, on the local level

The uncertainty analysis is conducted using Monte Carlo simulation. As
mentioned in the second section, this paper assumes weight setting as the only
type of uncertain input. For each sub-indicator, 500 weights from uniform
distribution U(0.1,0.6) were generated. Afterwards, the weights were scaled to a
unity sum. The latter ensured the weights ranged between 0.04 and 0.6. For
each local unit, 500 values of a new CI were computed together with a relative
frequency of classification into groups defined by 𝐼𝐼 𝐺𝐺𝐺𝐺𝐺𝐺 (Table 1). The results of
the Monte Carlo simulation reveal that 82 local units are probably misclassified
since the relative frequency of classification into the group assigned by 𝐼𝐼 𝐺𝐺𝐺𝐺𝐺𝐺 is
lower than 50%. On average, the local units did not change assigned groups in
80% of simulations.
CI values and corresponding ranks of the regional units were computed
using PCA weights, and presented in Table 6 together with the linear
programming and simulation results.
3.2.2. The Benefit-of-the-Doubt approach and simple linear optimization
Due to the complexity of operations, linear programming methods were applied
only to units on a regional level. Two types of sub-indicator share restrictions
were imposed: a proportional sub-indicator share restrictions (8) and restrictions
pertaining to category shares (9). When applying the min-max normalization
and the general normalization (7), it is possible to set only the upper bound for
each proportional sub-indicator share (8). This upper bound was set to 50%
higher than the weights determined by the government decree, 𝑤𝑤𝑞𝑞𝐺𝐺𝐺𝐺𝐺𝐺 . In the
second case (9), restrictions on two category shares, economic and demographic,
were established. The upper bound was set to 25% higher than the sum of the
corresponding government’s weights, while the lower bound is the sum
decreased by 25% (in the case of the economic indicator, the sum of weights is
equal to 0.7, while in the case of demographic indicators, it is 0.3). Category
share restrictions lead to a domination of a single indicator in each category, the
other sub-indicators do not matter, as their relative weight is equal to zero.
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Sub-indicator share restrictions
𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖

∑5
𝑖𝑖=1 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖

≤ 1.5𝑤𝑤𝑞𝑞𝐺𝐺𝐺𝐺𝐺𝐺 , 𝑞𝑞 = 1, … ,5 (8)

Restrictions pertaining to category
shares
∑3

0.525 ≤ ∑𝑖𝑖=1
5
0.225 ≤

𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖

𝑖𝑖=1 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖

≤ 0.875

(9)

∑5𝑖𝑖=4 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖
≤ 0.375
∑5𝑖𝑖=1 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖

Despite the introduction of new restrictions, all units still achieved the
value of 1, the maximal value of the CI. To overcome this, a common condition
for every unit c ∑5𝑖𝑖=1 𝑤𝑤𝑖𝑖 = 1 was introduced. Since the values of the BOD
development index are bounded by 1 they are not directly comparable to the
original values of the development index. Subsequently, the corresponding ranks
were compared (Table 6).
The condition ∑𝑄𝑄𝑖𝑖=1 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖 ≤ 1 ensures an upper bound for the CI-value.
While the government’s methodology allows values for the development index to
be greater than one, which clearly has a natural interpretation, the specified
condition was excluded and two simple linear optimization problems (10a, 10b)
were also conducted. The maximum values obtained from the optimization
problems (10a) and (10b) are now comparable to the original values of a
development index 𝐼𝐼 𝐺𝐺𝐺𝐺𝐺𝐺 and to the values obtained from PCA, 𝐼𝐼 𝑃𝑃𝑃𝑃𝑃𝑃 (Table 6).
𝐶𝐶𝐼𝐼 ∗ = max 𝑤𝑤𝑖𝑖𝑖𝑖 ∑𝑄𝑄𝑖𝑖=1 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖.
∑𝑄𝑄𝑖𝑖=1 𝑤𝑤𝑖𝑖𝑖𝑖 = 1 , 𝑐𝑐 = 1, … , 𝐶𝐶
𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖
≤ 1.5𝑤𝑤𝑞𝑞𝐺𝐺𝑂𝑂𝑂𝑂 ,
5
∑𝑖𝑖=1 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖

(10a)
𝑞𝑞 = 1, … ,5

𝑤𝑤𝑖𝑖𝑖𝑖 ≥ 0, 𝑞𝑞 = 1, … , 𝑄𝑄, 𝑐𝑐 = 1, … , 𝐶𝐶

𝐶𝐶𝐼𝐼 ∗ = max 𝑤𝑤𝑖𝑖𝑖𝑖 ∑𝑄𝑄𝑖𝑖=1 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖.
∑𝑄𝑄𝑖𝑖=1 𝑤𝑤𝑖𝑖𝑖𝑖 = 1 , 𝑐𝑐 = 1, … , 𝐶𝐶
0.525 ≤

0.225 ≤

(10b)

∑3𝑖𝑖=1 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖
≤ 0.875
∑5𝑖𝑖=1 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖

∑5𝑖𝑖=4 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖
≤ 0.375
∑5𝑖𝑖=1 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖

𝑤𝑤𝑖𝑖𝑖𝑖 ≥ 0, 𝑞𝑞 = 1, … , 𝑄𝑄, 𝑐𝑐 = 1, … , 𝐶𝐶

The uncertainty analysis is conducted using Monte Carlo simulation. For
each indicator, 1000 weights from the distribution U(0.1, 0.6) were generated.
Afterwards, weights were scaled to a unity sum. For each regional unit, 1000
values of a new CI were computed and a 90% confidence interval was estimated.
Furthermore, a relative frequency of classification into groups defined by the
development index was computed for each county. Only one county, SplitDalmatia, was found to be misclassified by government weights; 71% of
conducted simulations provided a classification into the group with a higher
development level.
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County of
ViroviticaPodravina
Slavonski
Brod-Posavina
VukovarSirmium
Bjelovar
Bilogora
PožegaSlavonia
SisakMoslavina
Osijek-Baranja
Karlovac
KoprivnicaKriževci
Lika-Senj
Međimurje
KrapinaZagorje
Šibenik-Knin
Varaždin
Split-Dalmatia
Zadar
DubrovnikNeretva
Zagreb
PrimorjeGorski kotar
Istria
City of Zagreb

Min max
normalization
10b*
0.06
(2)
0.03
(1)
0.07
(3)
0.15
(4)
0.31
(6)
0.32
(7)
0.30
(5)
0.39
(8)
0.45
(9)
0.51
(10)
0.61
(14)
0.54
(12)
0.56
(13)
0.66
(15)
0.53
(11)
0.76
(16)
0.78
(17)
0.84
(19)
0.82
(18)
0.93
(20)
1.00
(21)

10a*
0.0154
(1)
0.0155
(2)
0.06
(3)
0.13
(4)
0.19
(5)
0.21
(6)
0.24
(7)
0.34
(9)
0.32
(8)
0.39
(12)
0.377
(10)
0.38
(11)
0.47
(13)
0.484
(15)
0.476
(14)
0.63
(16)
0.697
(17)
0.70
(18)
0.75
(19)
0.84
(20)
0.97
(21)

Governmental
normalization
10b
0.13
(2)
0.04
(1)
0.14
(3)
0.27
(4)
0.55
(5)
0.64
(7)
0.59
(6)
0.77
(8)
0.87
(9)
0.91
(10)
1.15
(14)
0.96
(12)
0.94
(11)
1.17
(15)
1.05
(13)
1.34
(16)
1.36
(17)
1.59
(18)
1.68
(19)
1.75
(20)
2.18
(21)

* condition

10a
0.04
(2)
0.03
(1)
0.12
(3)
0.25
(4)
0.38
(5)
0.42
(6)
0.54
(7)
0.69
(9)
0.69
(8)
0.79
(12)
0.74
(10)
0.78
(11)
0.91
(13)
0.94
(14)
0.97
(15)
1.18
(16)
1.33
(17)
1.38
(18)
1.49
(19)
1.69
(20)
1.99
(21)

∑𝑄𝑄
𝑖𝑖=1 𝑥𝑥𝑖𝑖𝑖𝑖 𝑤𝑤𝑖𝑖𝑖𝑖

𝐼𝐼 𝑃𝑃𝑃𝑃𝑃𝑃

0.07
(1)
0.22
(4)
0.22
(2)
0.22
(3)
0.29
(5)
0.42
(6)
0.49
(7)
0.54
(9)
0.52
(8)
0.61
(10)
0.62
(12)
0.61
(11)
0.82
(14)
0.77
(13)
1.01
(15)
1.09
(16)
1.22
(18)
1.18
(17)
1.42
(19)
1.54
(20)
1.88
(21)

≤ 1 included

𝐼𝐼 𝐺𝐺𝐺𝐺𝐺𝐺
0.06
(1)
0.18
(2)
0.19
(3)
0.23
(4)
0.34
(5)
0.39
(6)
0.46
(7)
0.56
(8)
0.59
(9)
0.65
(10)
0.70
(11)
0.73
(12)
0.81
(13)
0.86
(14)
0.94
(15)
1.06
(16)
1.21
(17)
1.24
(18)
1.39
(19)
1.57
(20)
1.86
(21)
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90% confidence
interval
<0.05, 0.09>
<0.15, 0.33>
<0.16, 0.29>
<0.21, 0.23>
<0.23, 0.37>
<0.32, 0.48>
<0.44, 0.55>
<0.45, 0.61>
<0.41, 0.64>
<0.5, 0.7>
<0.52, 0.78>
<0.51, 0.74>
<0.76, 0.89>
<0.68, 0.89>
<0.91, 1.13>
<0.96, 1.3>
<1.16, 1.3>
<1.09, 1.33>
<1.32, 1.48>
<1.46, 1.63>
<1.7, 2.01>

Table 6: CI values using different weighting schemes, regional level

4. Conclusion
The main instrument of Croatian regional policy is the development index. This
index is a composite indicator constructed with the aim of assessing the
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development level of Croatian territorial units (towns, municipalities and
counties) and is calculated as the weighted average of five basic normalized
socio-economic indicators.
Composite indicators are increasingly becoming a useful tool for policy
evaluation and public communication. However, if poorly constructed, composite
indicators can be used to send misleading policy messages or even manipulate
results. The subjectivity involved in constructing CIs, for instance, if the
weighting procedures are not transparent, is the cause of doubts concerning the
credibility of the CI. One of the most difficult aspects of constructing CI is
choosing weights for the components.
This paper focuses on weight setting as the only source of uncertainty,
while keeping other types of uncertainties such as the selection of sub-indicators
and data normalization fixed. Uncertainty and sensitivity analysis may increase
transparency or make policy inference more defensible. While the uncertainty
analysis conducted in this paper is somewhat partial, a recommendation for
future work would be a synergic use of these two methods including all sources
of uncertainty. The goal of this paper was to propose an empirical approach for
weight selection and to contribute to a better understanding of the complexity
of CIs with the aim of improving techniques currently used to build the
development index. PCA was undertaken and resulted in similar weights on the
local and regional level. On the regional level, linear programming tools
provided county specific weights maximizing the CI value subject to the subindicator proportional share restrictions and category restrictions. These
restrictions enable inclusion of expert opinion, thus allowing for an easy and
natural interpretation of previous information on the importance of CI
components. Monte Carlo simulations provided confidence intervals for the
development index instead the unique point estimation, and served for
estimation of misclassification purposes based the values of the development
index. The main advantage of the proposed methods is non-subjectivity.
Simulations incorporate uncertainty in the construction of composite indicators,
but they do not allow ranking of units. On the other hand, the BOD approach
ensures unit-specific weights, which ensure a maximum value of a CI for every
territorial unit and allow for unit ranking. Thus, pairwise comparison of units is
possible.
The classification of Croatian territorial units for regional policy purposes is
based on the value of the development index. Different classifications result in
different beneficiaries and different incentive intensity. Thus, for many
local/regional units, categorization under the development index is crucial for
further development. This paper shows that the examined weighting schemes
result in different categorization of territorial units, thus it is important to be
aware that weights do matter.

Data-driven weights and restrictions in the construction of composite indicators
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