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Abstract This paper follows the research mainstream aimed to link the efficiency frontier

approaches and the composite indicators (CI) methods. More in detail, the main drawbacks

of the CI methods based on Benefit of the Doubt (BoD) approach are the sensitivity to the

outliers, the perfect compensability and the lack of consideration about the marginal rate of

substitution between simple indicators. Following Simar and Vanhems (J Econ

166(2):342–354, 2012) results, we propose a weighting method that bypassing all previous

shortcomings suggests a comprehensive approach to construct robust and non-compen-

satory composite indicators. This approach is based on the integration of BoD by a

directional distance function. In order to better highlight the advantages and limitations of

our approach we present two applications: in the first one we test our approach on sim-

ulated data, while in the second one we consider the supply level of the Italian national

health service with the aim to analyse the regional differences and verify the robustness of

the results.

Keywords Composite indicators � Non-compensability � Directional distance functions �
Benefit of the Doubt � Italian public health service.

1 Introduction

Composite indicators (CI) methods are increasingly recognized as a useful tool in policy

analysis and public communication Nardo et al. (2005) for a variety of policy matters such
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as public units benchmark, health systems, industrial competitiveness, sustainable devel-

opment, quality of life assessment, intensity of innovation.

Nevertheless the Joint Research Centre of European Commission asserts that ‘‘no

uniformly agreed methodology exists to weight individual indicators before aggregating

them into a composite indicator’’.

Several weighting techniques, in fact, have been proposed in literature, derived both from

statistical methodologies, such as factor analysis, data envelopment analysis (DEA) and

unobserved components models (UCM), and from more specific methods like multi-criteria

evaluation (see e.g. Munda 2013), budget allocation processes (BAP), analytic hierarchy

processes (AHP), conjoint analysis (CA), method of penalty in the coefficient of variation

(MPCV) De Muro et al. (2010) or via Pearson’s correlation ratio Paruolo et al. (2013).

These weighting techniques have been applied in many socio-economic areas, like the

evaluation of public policies (see e.g. Prieto and ZofIo 2001; Zafra-Gomez et al. 2010;

Klaveren and Witte 2014 for local government performance evaluation; Smith 2002; Kwon

2003, for national health system performance; Storrie and Bjurek 2000, for the European

labor market analysis; Cherchye et al. 2004 for social inclusion policies at EU level and

Takamura and Tone 2003 for government agencies evaluation). They have been used also

in analysis of country performance through macroeconomic indicators (see e.g. Lovell

1995; Lovell et al. 1995; Cherchye 2001; Cherchye et al. 2005 for internal market poli-

cies), for the construction of a environmental and ecological performance indicator (see

e.g. Zhou et al. 2007; Bellenger and Herlihy 2009; Lo 2010; Sahoo et al. 2011; Rogge

2012; Zanella et al. 2013) and finally for the calculation of the Human Development Index

(see e.g. Mahlberg and Obersteiner 2001; Despotis 2005, 2005; Cherchye et al. 2008).

Several research papers concerning the comparison among different weighting methods

provide interesting results, but these findings cannot be generalized especially for the

specific domains of the applications and because these approaches often produce closed

systems in which the conclusion is the argument that has to be demonstrate.

In general, in the CI framework, there are no functional relationships among single

indicators covering different aspects of a specific economic or social phenomenon and it

cannot be assumed nomic causality Born (1949), meaning that cannot be assumed certain

or probabilistic general function covering relationship among instances. Moreover, in a

nonparametric perspective, it is not even useful to introduce constraints, parametric

functional forms or penalties which may be linked to a specific theoretical model because

results would be clearly linked to the theoretical model that has generated them.

From a logical perspective, therefore, the claim of ‘‘back to the details’’ suggested by

Nardo et al. (2005) appears misleading, because the resulting composite indicator is clearly

linked to the model that generated it.

This happens because, especially in this context, ‘‘in the mathematical knowledge the

consideration [the assumptions] is an operation that, for the objects, comes from outside; so

it follows that the real object is altered’’1Hegel (1995). Knowledge is considered as a bias

with respect to the expected measure and the measure itself influence the analysis, for

which there are no neutral actions without consequences: or the thought explains the

evolution of the object (adaequatio intellectus ad rem), or the object itself is deformed by

the thought (adaequatio rei to intellectus).

Given that premise, the choice among different weighting functions, models or evalu-

ation frameworks can be done or in an axiomatic way or according to the required

1 In Italian ‘‘Nel conoscere matematico la considerazione è un operare che, per la cosa, vien da fuori; ne
segue quindi che la cosa vera viene alterata’’.
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statistical properties: in our paper, we suggest to highlight the statistical properties in

general terms rather than compare it with the most common weighting methods.

Aware that ‘‘all models are wrong, some are useful’’ Box and Draper (1987), therefore,

we propose a data driven framework rather than a parametric method or a model linked to

the definitions of specific causalities among different dimensions. In particular, we propose

a flexible framework where the non-compensability is not imposed in a fixed direction, but

is linked to the data themselves and can be imposed in many different directions.

The paper is structured as follows: the methodological proposal and the properties of the

CI weighting method are described in Sect. 2, results based on simulated data are explained

in Sect. 3.1, while the supply level in Italian national health system is analysed in Sect. 3.2.

Concluding remarks are summarized in Sect. 4.

2 A Methodological Proposal

In the present section we first show the foundations of the BoD and directional BoD

models illustrated in Vidoli and Mazziotta (2013) and Fusco (2013) and, afterwards, we

present a comprehensive model that adds the properties of the robust frontier models to the

directional ones; finally, our proposed model is further specified in the particular case when

outliers affect the direction.

2.1 The Nonparametric Framework

Our proposal is based on the logical union of two different proposals that aim, in the

context of BoD nonparametric frontier models, to bypass two crucial drawbacks: on the

one hand the lack of estimates robustness—see Robust BoD proposed by Vidoli and

Mazziotta (2013)—and, on the other hand, the full compensability among simple indica-

tors—see directional BoD models proposed by Fusco (2013).

As highlighted by Witte and Rogge (2009), the classical BoD model can be regarded as

an output-oriented CRS–DEA2 model, with all questionnaire items considered as outputs

(Yq 2 Rþ; 8q ¼ 1. . .Q) and a single input equal to one for all observations.

Therefore the production set of a CRS–DEA model, in the BoD framework as a par-

ticular case, can be written as:

Hð1l; yÞ ¼ ProbðX � 1l;Y� yÞ ð1Þ

where W is the support of Hð1l; yÞ:

W ¼ ð1l; yÞ 2 R
1þQ
þ jHð1l; yÞ[ 0

� �
: ð2Þ

Having defined the support W and the random set Hð1l; yÞ it is possible to calculate the

Farrel–Debreu (output) efficiency score as:

kð1l; yÞ ¼ sup k[ 0jHð1l; kyÞ[ 0f g ð3Þ

and, consequently, the BoD CI as the reciprocal of kð1l; yÞ.
Composite indicators, calculated through Eq. (3), satisfy the following desirable

properties:

2 CRS–DEA: Constant Return to Scale Data Envelopment Analysis— see Charnes et al. (1978).
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BoD model is usually based on the strong assumption of compensability among dif-

ferent simple indicators, but in practical applications very often exists a preference

structure. In order to avoid this drawback, Fusco (2013) suggests to include in the classical

BoD model—equation (3)—a directional penalty using a directional distance function.

Using the BoD notation, the composite indicator can be calculated as the reciprocal of

the directional distance function Dð1l; y; gyÞ:

Dð1l; y; gyÞ ¼ supfbjð1l; yþ bgyÞ 2 Wg ð4Þ

where gy is the directional vector.

The directional BoD adds the following properties to the classical BoD model:

2.2 Robust Directional BoD with a Generic Direction

Models highlighted in Sect. 2.1 still suffer of a serious drawback: the lack of robustness

with respect to outliers. To overcome this significant shortcoming the production set W can

be translated in a probabilistic framework following Daraio and Simar (2005)’s proposal;

considering a sample of m random variables with replacement Sm ¼ fYigmi¼1 drawn from

the density of Y, we define the random set eWm as:

eWm ¼
[m

j¼1

fð1l; yÞ 2 R
1þQ
þ jX � 1l;Yj � yg: ð5Þ

Therefore, the effect of an abnormal or outlier unit is damped given that the single unit is

not compared to all the others, but to a sample subset of size m.

This generalization allows us to calculate iteratively the sample subset of size m (for

b ¼ 1; :::;B times) and for each b iteration the directional distance for the single unit from

the maximum values can be defined as:
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eDb
mð1l; y; gyÞ ¼ supfbjð1l; yþ bgyÞ 2 eWmg; 8b ¼ 1; . . .;B ð6Þ

More specifically Eq. (6) can be practically computed, in a multivariate setting, as sug-

gested by Daouia and Gijbels (2010), by using the dimensionless transformation by

minimum for the y� ¼ gy � y:

eDb
mð1l; y; gyÞ ¼ max

j¼1;:::;m
min

q¼1;:::;Q

Y�b
jq

y�:q

 !( )

ð7Þ

and the order-m directional distance estimator Dmð1l; y; gyÞ as:

Dmð1l; y; gyÞ ¼ EðeDb
mð1l; y; gyÞÞ: ð8Þ

Following Cazals et al. (2002), finally, we can approximate the order-m directional dis-

tance estimator–even in a Shepard formulation—by computing the empirical mean over B:

bDmð1l; y; gyÞ ¼ 1=bEðeDb
mð1l; y; gyÞÞ ð9Þ

The Robust directional BoD adds the following property to the classical BoD model and to

directional BoD:

For seek of clarity, Sect. 3.1 illustrates a graphical representation of the method using

simulated data, in order to highlight that units’ scores are not affected by outliers.

2.2.1 Robust PCA Directional BoD

In the previous section a generic direction gy has been included in the robust directional

method proposed.

For practical computation, however, the direction gy, can be seen, for example, as the

marginal rate of substitution among indicators; following this criteria, in case of additional

information, it may be imposed by the researcher or derived directly from the data, for

example through a principal components analysis (PCA) as in Fusco (2013).

PCA, in fact, lets to calculate the first principal component with the largest variance

showing the internal structure and the main pattern of the data with the advantages of ease

of calculation.

Despite this attractive feature, however, PCA models have several shortcomings; among

others, all the classical PCA algorithms—based on least squares techniques—are set up on

the assumption that outliers are not included in the dataset.

In order to bypass PCA outliers drawback, several robust versions of PCA have been

developed by a modification of the covariance matrix (see e.g. Campbell 1980), by Pro-

jection Pursuit (see e.g. Li and Chen 1985) or by weighting singular value decomposition

(SVD) (see e.g. Gabriel and Zamir 1979).

In particular, in this application, we propose to use Robust PCA by Projection Pursuit

because the more robust covariance matrix can be computationally intensive, especially if
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the involved covariance matrices must be estimated in a robust way (see in particular

Croux et al. 2007; Filzmoser et al. 2006).

This particular choice of gy, based on PCA by Projection Pursuit, adds the following

property to the Robust directional BoD:

Simulation in Sect. 3.1 highlights the robustness of the main direction estimated in

presence of outliers.

3 Application

In order to better describe the advantages and limitations of our approach, in this section

we present two applications: the first one is based on simulated data, to better illustrate, in a

cross-sectional framework, the robustness and the non-compensability with respect to a

main direction. In the second application based on panel data, instead, we consider the

supply level offered by the Italian national health service for the years 1998–2010 with the

aim to highlight the regional divergence and to verify the robustness of the results changing

the weighting model.

3.1 Simulated Data

In the present subsection multiple simulations3 are introduced with the aim to test the

validity of our approach, to illustrate the required properties of the suggested methods and

to proof the stability towards another ones.

More specifically, we have generated a two-dimensional dataset of 300 units i with a

marginal rate of substitution between first and second indicator equal to 0.5.

Ii1 2 Nð0:5; 0:1Þ
Ii2 ¼ 0:5 � Ii1 þNð0; 0:05Þ

�

In order to test the robustness of our measures, we have added to dataset an outlier set with

a marginal rate of substitution between first and second indicator higher than 1.5.

More specifically, in the following figures, we have plotted the simulated simple

indicators I1 and I2 with an increasing size and colour for higher values of CI; the com-

posite indicator isoquants (light green for lower values of the composite indicator, dark

green for higher values), are also displayed.

Figure 1 confirms that the selected approach is able to satisfy the requested properties

outlined in Sect. 2; in particular, it can be highlighted that—without imposing a priori

compensability or non-compensability among indicators—directional measure lets to

obtain a monotonic increasing of CI when I1 or I2 increase.

At the same time, it can be observed how outliers clearly influence (estimated rate of

substitution equal to 0.71) the estimated direction gy (internal robustness property) when

3 Simulations have been carried out thanks to Compind R package, available from the authors.
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classical PCA is used, while they don’t have any impact on the frontier estimation (external

robustness property) and on the relative ranking.

Finally, it can be noted that the CI is greater than 1 for the outlier units; this finding (in

agreement with the order-m model) doesn’t affect the scores of the other units and it is

indicative of its characteristic.

With the aim to correctly estimate the real direction, we have applied the Robust PCA

by Projection Pursuit to the same dataset obtaining an estimated rate of substitution equal

to 0.51 (see Fig. 2) very similar to the real one (0.5).

Construction of CI, in general terms, involves stages in which subjective judgements

have to be made: selection of indicators, treatment of missing values, choice of aggregation

model, estimation of the optimal weights assigned to the simple indicators and so on.

For these reasons, it is important to identify the sources of subjective assessment and/or

data errors and use uncertainty and sensitivity analysis4 (see Saltelli et al. 2008, 2004;

Saisana and D’Hombres 2008) to gain useful insights during the process of CI building,

including an appraisal of the reliability of units’ ranking.

In our paper, we have applied uncertainty analysis only with respect to changes in the

proposed frontier models—BoD, RBoD, directional BoD and Robust PCA (by Projection

Pursuit) directional BoD—in order to obtain informations about the introduction of robust

and directional measures. More specifically, we have compared the individual units scores

varying method not in terms of rank, since this would have hidden the impact of outliers,

but in terms of pure scores given that all models were based on the same underlying

assumptions.

Figure 3, showing the average score among the four models and the relative standard

deviation, is very informative: in fact, it should be noted that, for the regular units (orange

points) increasing the average score (close to the frontier) the variation of the model has

increasingly less impact, while the outlier units (blue points) show an higher standard

deviations.

Finally, to assess the impact of the direction, we have analysed, even in terms of mean

and standard deviation only two models: the Robust directional BoD and the Robust PCA

(by Projection Pursuit) directional BoD model. Figure 4 shows that the direction has no

impact on the regular units scores, while strongly penalizes outliers.

3.2 Supply Levels in Italian Health System

The evaluation and the improvement of the national health system performance has

become a key policy subject in most developed nations; in the last years many national

authorities, as the United Kingdom National Health Service (NHS) and the Canadian

Institute for Health Information, or research analysis on national health system (see e.g

Jencks et al. 2000; Kwon 2003; Nuti et al. 2011 for the Italian health care system), have put

in place.

Many subjects and objectives may be considered behind an health system evaluation

framework: the scope of performance indicators, for this reason, can be considerable

ranged for examining the state of a nation’s health system to reflect the experiences of the

individual patients. Performance, efficiency or analysis on the supply side could be carried

out at international, national, regional, local or institutional level Ibrahim (2001).

4 The purpose of uncertainty analysis is to determine the uncertainty in estimates for dependent variables of
interest, while the purpose of sensitivity analysis is to determine the relationships between the uncertainty in
the independent variables used in an analysis and the uncertainty in the resultant dependent variables.
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So a key question, especially in the complex healthcare system is: what should be

measured? In general, health care systems can be evaluated with respect to the quality/

quantity of care, to the access to care or to the cost (which, however, are not the only

analytical dimensions); Paakkonen and Seppala (2014), for example, takes into account in

its analysis the accessibility, the efficiency and equality.

But the real challenge in the evaluation models is the multidimensionality of health

systems closely linked with the development of composite measures; in order to assess,

compare and improve performance, quality or supply between or inside countries it is

crucial to dispose of: (1) a set of measurable and reliable indicators built up from a good

information system, (2) a robust and stable method to integrate indicators in a composite

one and to set benchmarks.

Smith (2002), more specifically, discusses three methodological issues in the health

sector related to composite indices: (1) the development of a set of weights, (2) the

treatment of exogenous influences on system performance and (3) the modelling of effi-

ciency; he notes that there isn’t a wide consensus regarding methodology issues, such as

the weights to be used to form the composite index. In addition, composite measures of

health system performance ‘‘lack precision and combine uncertain weighting systems,

imprecision arising from the potential non-comparability of component measures, and

misleading reliability in the form of whole-population averages that mask distribution

issues’’ Bankauskaite and Dargent (2007).

Moreover, in our opinion, there are other issues related with the correct choice of the

weights not yet fully highlighted in the literature; these matters are related to the public

nature of the service: (1) optimal weights may not coincide with the marginal utility of the

Fig. 1 Robust directional BoD on simulated data
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Fig. 2 Robust PCA (by Projection Pursuit) directional BoD on simulated data

Fig. 3 Estimated CI—mean and
standard deviation varying
models (BoD, RBoD, directional
BoD and Robust PCA (by
Projection Pursuit) directional
BoD)
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citizen and (2) weights can not be assumed as invariant to the increase of the Local

Authorities dimension (see the results of Tiebout 1956).

Given these premises, it seems even more appropriate to propose a method with this

particular characteristics: (1) weight endogeneity (property #1), variance of optimal

weights among units (linked to the property #3), (3) robustness to outliers (property #6)

and easily extension to a model that also control the effect of contextual variables (see

Vidoli and Mazziotta 2013).

From an economic point of view, in this paper research questions are linked to administrative

changes occurred in the last 15 years in Italy; we focus, therefore, on structural changes and on the

different trends—onlyon thesupplysideof the Italian regions—due to theadministrativedevolution

from the central government to the single local authority. More specifically, the aim of our appli-

cation is the measurement of the variations on the supply side and the evaluation of territorial

differences between richest regions (northern ones) and the less developed regions (southern ones).

For this purpose, we used the database of indicators regarding the health system in

Italy5, provided by ISTAT for the years 1998–2010, containing more than 4,000 indicators

on the socio-demographic aspects, lifestyles, disabilities and dependencies, monetary and

input resources and health care supply.

Specifying that the accurate analysis on the whole health system is beyond the scope of

this paper, we focus our attention, as previously mentioned, exclusively on the per capita

outputs evaluating if the regional spending and legislative autonomy of each region has

brought the healthcare system supply towards a territorial balance or not.

In order to avoid collinearity among the elementary indicators, linked to the multidi-

mensionality nature of the informative setting, in a first step we get two main independent

and informative factors through principal component analysis6 (see Table 1).

Fig. 4 Estimated CI—mean and
standard deviation varying
models (Robust directional BoD
ad Robust PCA (by Projection
Pursuit) directional BoD)

5 This database is named ‘‘Health for all’’, available at http://www.istat.it/it/archivio/14562.
6 Total variance explained by the two factors: 77 %; printed values are multiplied by 100 and rounded to the
nearest integer; values greater than 0.6 are marked with ‘‘*’’; values less than 0.3 are not printed.
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Principal component analysis highlights two factors: the first one can be interpreted as

the dimensional factor, while the second one appears to be more dependent to the proxies

of the quality of the health system.

Figures 5 and 6 show a different temporal evolution among different regions: in fact,

while supply, in terms of dimension, remains fairly stable or slightly decreasing (due to the

national spending review laws), quality seems to be very differentiated.

In Fig. 7 we plot the main [gy ¼ ð1; 1:24Þ] and the compensative [gy ¼ ð1; 1Þ] direction
on Factor 1 (dimension) and Factor 2 (quality) by regional code (lower values = northern

regions, higher values = southern regions); given this plot, we expect that, introducing the

main direction respectively in the BoD and in RBod models, the overall composite indi-

cators remain stable.

Table 2 confirms this conjecture showing how, at least in ranks, the composite indicator

is very robust to changes in the estimation model.

Even if in most regions there was an increase of the provided output—in terms of

composite indicator—from a relative point of view, we observe an highest level of per-

formance in the northern regions (Lombardia, Veneto, Emilia Romagna and Piemonte,

with a maximum in Lombardia, see Fig. 8). The chosen dataset highlights one of the

limitations of our approach: not being able to disentangle the increase due to technical

progress (frontier shifting) and due to the improvement of a single region; in this setting, in

other terms, all regions are analysed in a cross section framework, i.e. all units are com-

pared to a single frontier.

From an economic point of view, it is interesting verify if the major level of service

provided by the northern regions in the last year (2010) is due to better initial conditions or

whether it is the result of better management of resources over the time; for this purpose we

have computed, for each region i, the main trend of the composite indicator bi regressing

the directional robust composite indicator on years t:

Dir RBoDit ¼ aþ bi � t; 8i ð10Þ

In Fig. 9 is straightforward note that northern regions7 have increased their supply level

while the southern ones have, even more, decrease their services both in qualitative and

quantitative terms.

Last research question concerns the robustness and reliability of the results; in fact, even

if there is a good correlation between methods in global terms (see Table 2), Fig. 10 shows

that this result is not always verified for all regions; more specifically, in terms of rank

differences (between the Directional RBoD and BoD), the variation of the weighting

scheme seems to have a lower impact in northern regions (closer to the frontier), while it is

more consistent for the southern ones.

4 Concluding Remarks

This paper is included in the wide theme of the composite indicators construction. The

authors have before dealt with this research sector by suggesting several proposals of CI, in

which characteristics of robustness and non-compensability have been continually pursued.

In this context a method based on the Benefit of the Doubt technique has been developed

and applied overall on infrastructure simple indicators. In progress, some improvements

7 Except for Trentino-Alto Adige—regional code 4—since it’s a autonomous status region.
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Table 1 Principal component analysis, output provided

Elementary indicators Factor 1 Factor 2

Total hospitalization (number) 96 –

Inpatient acute care (number) 96 –

Inpatient private hospitals (number) 95 –

Acute care hospitalization (days) 94 –

Total hospitalization (days) 94 –

Inpatient private hospitals (days) 93 –

Inpatient rehabilitation private hospitals (number) 82 –

Inpatient rehabilitation hospitals (number) 80 –

Inpatient rehabilitation hospitals (days) 80 –

Inter-hospital mobility (active–passive)—for 10,000 inhabitants – 73

Inter-hospital mobility (active–passive)—for admissions residents – 73

Average number of resident assisted by a physician – 48

Utilization rate of hospital beds – 48

Average number of 0–14 years. resident assisted by a paediatrician – 48

Source: ISTAT

Printed values are multiplied by 100 and rounded to the nearest integer. Values less than 40 are not printed

Fig. 5 Factor 1 annual evolution (dimension) per region

646 F. Vidoli et al.

123



Fig. 6 Factor 2 annual evolution (quality) per region

Fig. 7 Directions on Factor 1 (dimension) and Factor 2 (quality) by regional code
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have been experimented; in particular: the order-m approach has been proposed in order to

face the problem of outliers, and the directional approach has been integrated in the

original BoD in order to enhance the characteristic of non-compensability of simple

indicators.

Table 2 Spearman’s rank cor-
relation coefficient by methods

BoD RBoD Dir. BoD Dir. RBoD

BoD – 0.95 0.92 0.89

RBoD 0.95 – 0.92 0.99

Dir. BoD 0.92 0.92 – 0.92

Dir. RBoD 0.89 0.99 0.92 –

Fig. 8 Output composite
indicator (Directional RBoD) by
regions, year 2010

Fig. 9 Composite indicator (Dir RBoD) main trend 1998–2010 by regional code
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The specific aim of this paper is to proceed on this research direction through the

formulation of a comprehensive method of CI construction able to strengthen the men-

tioned characteristics, limiting as much as possible the usual drawbacks of CI: the sensi-

tivity to the outliers, the non-compensability and the problem of the marginal rate of

substitution between simple indicators. For this purpose, the paper has proposed a com-

prehensive model that adds the properties of the robust frontier with the directional ones.

The paper is essentially methodological even if a simulation and an application are pre-

sented in order to illustrate the properties of the proposed method.

In summary, the method maintains the same peculiarity of previous works, namely to be

a data driven approach and to be based on data variability as principal criteria of con-

struction. More specifically, the proposed method is characterized by the following

properties: 1. Weights are endogenously determined; 2. The weighting function is weakly

positive monotone; 3. The weighting scheme is the highest as possible; 4. May be imposed

non-compensability among simple indicators; 5. The obtained CI is invariant to the nor-

malization method; 6. Outliers influence is removed (robustness); 7. Robustness by means

of directional BoD based on PCA is improved.

The illustrated simulation introduces, beside the initial two-indicators dataset, an out-

liers set characterized by the abnormal rate of substitution between those two indicators.

The construction of the composite indicator by the way of the Robust PCA Directional

BoD confirms that the proposed method assures, as much as possible, the characteristics of

robustness and non-compensability.

Finally, health system in Italy has been analysed for the years 1998–2010; results show

that differences between richer regions with respect to the other ones are increased in terms

Fig. 10 Difference in rank by regional code, year 1998–2010
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of level of service for a better management of resources over time rather than different

initial conditions.

This application, in particular, highlights two very important issues still to be considered

in our approach: i) the ability to include the temporal dimension in the model, estimating

how the composite measure changes with respect respectively to the frontier and to the

main direction over the years and ii) the inclusion of contextual variables, also in a non-

parametric way, in order to control the influence of different external conditions in the

computation of the composite indicator.
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