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Executive Summary
Policy makers dealing with composite indicators are often confronted with the issues of the
robustness of composite indicators and of the reliability of the concluded policy messages. In the
Communication from the Commission COM (2000) 619 one can read: “[…because composite
indicators invite strong policy messages to be concluded, they need to be robust and based on a
sound methodology]”.
This final report of the Exploratory Research, “Integration of thematic composite indicators”
provides first a review of both methodological aspects and practical test cases of composite
indicators. Several methods are investigated such as aggregation systems, multiple linear
regression models, principal components analysis and factor analysis, cronbach alpha,
neutralization of correlation effect, efficiency frontier, distance to targets, experts opinion (budget
allocation), public opinion, and Analytic Hierarchy Process. The report further presents concisely
twenty-four published studies on composite indicators in a number of fields such as environment,
economy, research, technology and health, including practices from the Directorates General of
the European Commission. For each composite indicator reviewed, general information is
provided, on the number and type of sub-indicators, on the preliminary treatment (normalisation,
detrending etc.) and on the weighting system considered. Finally, a brief assessment of each
composite indicator regarding the appropriateness of the selected aggregation methodology, in
terms of the complexity and inter-correlations of the data, is offered.
This ‘state-of-the-art’ aims at creating a background in the development of composite indicators
and at identifying the main problems encountered when constructing composite indicators. One
of the most common problems is the plurality of perspectives on the relative importance of the
sub-indicators (variables) and its influence on the outcomes of the composite indicator. To this
end, a number of statistical tests have been framed. We propose the use of uncertainty analysis
(UA) and sensitivity analysis (SA) to gain useful insights during the process of composite
indicators building, as well as in the assessment of their quality, their transparency and their
suitability to defend policy messages. These issues are discussed on the Technology Achievement
Index (TAI), a composite indicator developed by the United Nations (2001). Two participatory
methods have been used for assigning weights to the sub-indicators (Analytical Hierarchy Process
and Budget Allocation), following a pilot survey among JRC informed individuals.
The statistical treatment for robustness analysis of the composite indicators has been deemed
necessary by several Directorates General of the Commission, including: MARKET, ECFIN,
RTD, EMPL and ENTR.

Objectives of project
With a view to support the attempts of composite indicators that have been and will be developed
by the Commission Services and Statistical Offices, this exploratory research project has been
carried out with the objectives:

•
•
•

To review methodological aspects considered when developing composite indicators;
To review practices of composite indicators;
To illustrate pitfalls of constructing composite indicators, exemplifying a well-known
composite indicator;
• To attract the interest of the Commission Services.
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State-of-the-art
Many services of the European Commission, the United Nations, regional and local Institutions
have been focusing on the development and use of composite indicators to convey concise
information to the public about several economic, environmental, technological, social domains.
Composite indicators are deemed useful because they provide “the big picture”, they attract
public interest and invite the conclusion of strong policy messages. Yet their proliferation has
been raising skepticism on their accuracy and reliability. Given the seemingly ad hoc nature of
their computation, the sensitivity of the results to different weighting and aggregation techniques,
and continuing problems of missing data, composite indicators can result in distorted findings on
country performance and incorrect policy prescriptions. Despite their many deficiencies,
composite indicators will continue however to be developed due to their usefulness as a
communication tool and, on occasion, for analytical purposes.
Perhaps Parker (1991) gave the most collective presentation of composite indicators, focusing on
environmental indicators and indices. Since then, there has been a clear need for a work that gives
an overview of the most common methods used when developing composite indicators, as well as
the pitfalls and lessons learned from previously developed composite indicators. A further
necessity to answer many questions on the development of composite indicators is clearly stated
in the Communication from the Commission COM (2000) 619: “[…because composite indicators
invite strong policy messages to be concluded, they need to be robust and based on a sound
methodology]”.
It is to this end that this exploratory research has aimed at.

Innovative aspects
The present work attempts to introduce the necessity of applying statistical thinking in the process
of developing composite indicators. It is therefore important to test composite indicators for
robustness, sensitivity and other quality criteria using a set of well-established procedures,
applied thus far in applications of model output ([42]-[46]).
General procedures for building composite indicators, which acknowledge uncertainty in the
weights of the sub-indicators, are described. In particular, two important aspects are addressed:
Uncertainty Analysis (UA) and Sensitivity Analysis (SA). In the field of building composite
indicators, UA is much more widely adopted than SA and the two types of analysis are almost
always treated separately. A synergistic use of UA and SA is proposed and presented in this
work, considerably extending earlier attempts in this direction (Tarantola et al., 2000).

Overview of methodologies and practices
Composite indicators are calculated combining well-chosen sub-indicators into a single index, on
the basis of an underlying model of the policy domain that one wishes to measure. This is
normally achieved by a weighted combination of normalised sub-indicators values.
There are several stages for the construction of composite indicators, such as:
•

Deciding on the phenomenon to be measured – and whether it would benefit from the use of
composite indicators.
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•
•

•
•
•

Selection of sub-indicators – A clear political idea is needed of which sub-indicators are
relevant to the phenomenon to be measured. There is no fully objective way of selecting the
relevant sub-indicators.
Assessing the quality of the data – There needs to be high quality data for all the subindicators, otherwise the analyst has to decide whether to drop the data or find ways of
constructing the missing data points. In case of data gaps, alternative methods could be
applied, e.g. mean substitution, correlation results, time series, and assess how the selection
of the method can affect the final result.
Assessing the relationships between the sub-indicators – Methods such as Principal
Components Analysis can provide insight into the relationships between the sub-indicators. It
can be considered as prerequisite for the preliminary analysis of the sub-indicators.
Normalising and weighting of the indicators – Many methods for normalising and weighting
the sub-indicators are reported in the literature. The selection of the appropriate methods
depends on the data and the analyst.
Testing for Robustness and Sensitivity – Inevitably changes in the weighting system and the
choice of sub-indicators will affect the results the composite indicator shows. However it is
important to test the degree of sensitivity of the country rankings to avoid basing policy
messages on rankings which are highly sensitive to small changes in the construction of the
composite indicator. The values of the composite indicator should be displayed in the form of
confidence bounds.

Calculating composite indicators
The most representative forms used to calculate composite indicators, as well as the most
established ones in the literature, are presented in Table 1 from the simplest (Method 1) to the
most complex (Method 6).
Method 1. This is the simplest aggregation method. It entails ranking the countries for each subindicator and then summing the country rankings (e.g. Information and Communication
Technologies index [17]). Method 1 is therefore based on ordinal levels. Its advantages are its
simplicity and the independence to outliers. The disadvantage of this method is that it loses
absolute level information.
Method 2. This method only uses nominal level data for each indicator. It simply takes the
difference between the number of indicators that are above and below an arbitrarily defined
threshold around the mean. This method is used in the 2001 Innovation Scoreboard of DG
Enterprise [13]. Its advantages are its simplicity and the fact that this method is unaffected by
outliers. The disadvantage of this method is that it loses interval level information. For example,
assume that the value of indicator x for country A is 300% above the mean and the value for
country B is 25% above the mean, with a threshold of 20% above the mean. Both country A and
B are then counted equally as ‘above average’.
Method 3. This method essentially takes the average of the ratios (or percentages) around the EU
mean for each indicator. For example, assume that the EU mean for indicator x is 4, and the value
is 6 for country A, 16 for country B, and 1 for country C. The ratios are: country A = 1.5, country
B = 4, country C = 0.25. The ratios for all countries are then summed and divided by the number
of indicators (if all weights = 1). The advantage of this method is that it can be used for
calculating changes in the composite indicator over time. However, this method has one
important disadvantage. It is less robust when there are outliers.
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Method 4. The method has been applied for example by the DG MARKT for the development of
the Internal Market Index (Scoreboard version 9). The values of the sub-indicators are substituted
by the differences in the values between the year in question and the previous year and divided by
the value at the previous year.
Method 5. This method has been widely used in other composite indicators (e.g. Environmental
Sustainability Index [56]). The composite indicator is based on the standardised scores for each
indicator which equal the difference in the indicator for each country and the EU mean, divided
by the standard error. This method is more robust when dealing with outliers than Method 3, but
it does not entirely solve the problem. This is because the range between the minimum and
maximum observed standardised scores will vary for each indicator. This characteristic of
Method 5 is not necessarily undesirable. The method gives greater weight to an indicator in those
countries with extreme values. This could be a desirable property if we wish to reward
exceptional behaviour, for example if we believe that a few exceptional indicators are worth more
than a lot of average scores. With a view to allow comparisons between years, an alternative to
this method is to calculate the composite indicator for each year using the values of the EU mean
and standard deviation for a reference year.
Method 6. This method is similar to Method 5, except that it uses re-scaled values of the
constituent indicators. The result is that the standardised scores for all indicators have an identical
range. This makes this method more robust when there are outliers. However, this characteristic
introduces the opposite problem - the range for indicators with very little variation are increased.
These indicators will therefore contribute more to the composite indicator than they would using
Method 5. The result is that Method 6 is more dependent on the value of the weightings for each
indicator than methods 3 and 5, where the contribution of each indicator to the composite
indicator depends on both the weighting and the variance in the indicator.
Table 1. Methods for calculating composite indicators
Method
1. Sum of country rankings
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Notes:

CI ct is the composite indicator value for country c at time t. xict is the value of indicator i for

country c at time t. wi is the weight given to indicator i in the composite index. In Method 2, p = an
arbitrarily chosen threshold above and below the mean.

Primary to the selection of the method for calculating a composite indicator, several
considerations should be made, involving:
• Making variables comparable, when necessary, by dividing by population, income, land area
etc. Care should be given if the choice of the denominator variable has a great influence on the
results;
• Missing data imputation and how different methods affect the results;
• Taking logarithms of highly skewed variables;
• Truncating distributions to 95 % range, to account for inaccuracy of data at the extremes and
to avoid that very extreme cases become benchmarks for the entire population;
• Standardizing variables, for example using minimum and maximum values or by subtracting
the mean and dividing by the standard deviation. The advantage of the latter scaling is that it
avoids attaching excessive importance to extreme values.
At a next stage, the choice of the weighting method is difficult, as it depends on the objective of
the composite indicator, the characteristics of the sub-indicators, the degree of correlation among
the sub-indicators, the number of sub-indicators and also on the computational cost one can
afford. In general:
(a) The equal weighting can be applied after a proper scaling of the sub-indicators. Equal
weighting works well if all sub-indicators are uncorrelated, or they are all highly correlated.
However, when a few highly correlated indicators are involved, this method, albeit simple,
may not provide the best means of aggregation.
(b) Multiple regression models can handle a large number of indicators. This approach can be
applied in cases where the sub-indicators considered as input to the model are related to
various policy actions and the output of the model is the target. The regression model,
thereafter, could quantify the relative effect of each policy action on the output, i.e. the single
indicator. However, this means that there must be a “dependent variable” that accurately (and
satisfactorily) measures the target in question. Measuring the influence of a number of
independent variables on this policy target is a reasonable question. However, in such cases
the dependent variable is not a composite indicator, as the latter is defined by the Note on
Composite Indicators. Alternatively such an approach could be used for forecasting purposes.
In a more general case of multiple output indicators, canonical correlation analysis that is a
generalization of multiple regression could be applied. However, in any case, there is always
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the uncertainty that the relations, captured by the regression model for a given range of inputs
and output, may not be valid for different ranges.
(c) The Principal Components Analysis is a very interesting exploratory technique to examine
the correlation structure of groups of variables. In the development of composite indicators, it
has been argued to apply PCA to identify the dimensions of the data and/or define the
weights for the base indicators, while Factor Analysis is usually employed as a
supplementary method with a view to examine thoroughly the interrelationsips of the base
indicators. However, there are two crucial problems with these arguments. First, weights
assigned to sub-indicators in both of these techniques are based on correlations which do not
necessarily correspond to the underlying relationships between the sub indicators and the
phenomena being measured. In other words there is confusion between correlation and
causality. It is not possible to know (or estimate) the real weights since we would need a
dependent variable. If there were a satisfactory dependent variable there would be no need for
a composite indicator. It is further not advisable to use PCA when the base indicators have
different cycles, as this would reduce the reliability of the composite indicator because some
indicators perform better in one cycle and others in a different cycle [34].
(d) The Cronbach alpha is used to verify whether a set of indicators measures a single
dimension. A coefficient of α = 0.80 or higher is considered in most applications as
“evidence” that the indicators are measuring the same underlying construct. When the
indicators have a multidimensional structure, Cronbach alpha will usually be low. In such
case, PCA or FA could be undertaken to see which indicators load highest on which
dimensions, and then calculate the alpha of each subset of indicators separately to verify the
reliability of the analysis.
(e) The neutralization of correlation effect method works well when there are a few indicators,
some of which are highly correlated or are different forms of the same issue. This is an
empirical method, which has received limited application.
(f) The efficiency frontier approach is extremely parsimonious as regards the weighting
assumptions, because it lets the data decide on the weighting issue. It is argued, though, that
such an empirical approach might not indicate the appropriate direction of a policy for a
given country in order to improve its situation.
(g) A way to avoid the immediate selection of weights is to measure the need for political
intervention and the “urgency” of a problem by the distance to target approach. Using policy
goals as targets convinces the policy makers for the “soundness” of the weighting method, as
long as those policy makers have defined the policy targets themselves. This approach is
technically feasible when there is a well-defined basis for a certain policy, such as a National
Policy Plan or similar reference documents. For international comparisons, such references
are often not available, or they deliver contradictory results. Another counter-argument for
the use of policy goals as targets is that the benefits of a given policy must be valued
independently of the existing policy goals.
(h) Expert judgement is adopted when a participatory method of evaluating the weights is
sought. It is essential to bring together experts that have a wide spectrum of knowledge,
experience and concerns, so as to ensure that a proper weighting system is found for a given
application. The budget allocation is optimal for a maximum number of 10-12 indicators. If a
too large number of indicators is involved, this method can give serious cognitive stress to the
experts who are asked to allocate the budget.
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(i) Public opinion polls have been extensively employed for many years for the setting of
weights. In public opinion polls, issues are selected which are already on the public agenda,
and thus receive roughly the same attention by the media. In many case studies, public
opinion polls in different countries and years resulted in similar weighting schemes for
certain environmental problems, which indicates that public opinion about the main threats to
the environment is remarkably stable across both space and time. Therefore fears that the
public evaluates environmental issues on an irrational basis, and therefore weights base upon
public opinion will produce instability, appear to be unfounded.
(j) The Analytic Hierarchy Process is a widely used technique for multi-attribute decision
making and as weighting method enables the decision-maker to derive weights as opposed to
arbitrarily assign them. An advantage of AHP is that unlike many other methods based on
Utility Theory, its use for purposes of comparisons does not require a universal scale.
Furthermore, AHP tolerates inconsistency in the way people think through the amount of
redundancy (more equations are available than the number of weights to be defined). This
redundancy is a useful feature as it is analogous to estimating a number by calculating the
average of repeated observations. The resulting weights are less sensitive to errors of
judgement. These advantages render the weights derived from AHP defended and justified in
front of public.
Selected case studies
Twenty-four representative studies are reviewed: five composite indicators in the area of
Economy, six composite indicators related to Environment, four composite indicators on
Research and Innovation, four indices measuring on Scientific, Technological and Information
aspects and finally five composite indicators that express Social concerns (see Table 2.). For
each study presented, general information on the scope of the composite indicator, the set of subindicators, the preliminary treatment and the considered aggregation methodologies is offered.
Additionally, a brief assessment of each composite indicator and the appropriateness of the
selected aggregation methodology, in terms of the complexity and inter-correlation of the data is
further given. The review is given in a concise way in Table 3.
Our conclusion at this stage of the review is that there have been several methods applied for the
development of composite indicators, depending on the knowledge of the developers, or the
complexity of the data. Participatory methods, in the form of experts opinion or public opinion
polls, are often preferred for the evaluation of the importance of the indicators in respect to purely
statistical methods, so that the composite indicator will be accepted by the public and the policymakers. As Brundtland [19] argues “...All political decisions must, in fact, be supported by, or
have the potential support of the people”. An equal weighting system is adopted in various case
studies, given that, as the developers of the index claim, that there is no evidence of the sound
weighting procedure to follow.
The consideration of the uncertainty associated to the data and the weights in building composite
indicators is rarely cited in the case studies. The Human Development Index produced annually
since 1990 by the United Nations Development Programme has encouraged improvement in the
indicators used in its formulation. “No index can be better than the data it uses. But this is an
argument for improving the data, not abandoning the index.” [53]. A good analytical practice is to
report the values of the composite indicator with uncertainty intervals (due to data and weight
uncertainty) in order to communicate to the user the plausible range of estimates and extend this
practice to the official publications.
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A typical feature of some weighting procedures is the identification of correlations in the set of
indicators. However, the weights assigned by methods based on correlations bear no relation to
the underlying analytical model that the composite indicator is trying to represent. As a result, a
good strategy is to use several different analytical techniques to explore groups of indicators. The
analysis of correlation patterns, through the use of some of the techniques presented here like
PCA, is indeed extremely interesting. However, the final choice of weights should be made on the
basis of sound qualitative and theoretical understanding of the phenomena in question. The
results of the composite indicator can further be analysed through the implementation of
uncertainty and sensitivity analysis. These types of analyses could well assist the defensibility of
the results.
Table 2. Selected case studies on composite indicators
FIELD

Economy

Environment

NAME OF COMPOSITE INDICATOR
•
•
•
•
•
•
•
•
•
•
•
•
•

Society

Research and
Innovation
Science,
Technology and
Information

•
•
•
•
•
•
•
•
•
•
•

Economic Sentiment Indicator (by the European Commission)
Composite Leading Indicators (by OECD)
Internal Market Index (by DG MARKT)
Business climate indicator (by DG ECFIN)
Index of sustainable and economic welfare (by CES and NEF)
Environmental Sustainability Index (by World Economic Forum)
Synthetic Environmental Indices (by Isla M., )
Eco-Indicator 99 (by Pre Consultants, the Netherlands)
Concern about Environmental Problems (by Parker)
Index of Environmental Friendliness (by Puolamaa et al., Finland)
Environmental Policy Performance Index (by Adriaanse, the
Netherlands)
Human Development Index (by the United Nations)
Relative intensity of regional problems in the Community (by the
European Commission)
Employment (by Storrie and Bjurek)
Overall Health System Attainment (by WHO)
National Health Care Systems Performance (by King’s Fund, England)
Summary Innovation Index (by DG ENTR)
National Innovation Capacity (by Porter and Stern)
Investment in the knowledge based economy (by DG RTD)
Performance in the knowledge based economy (by DG RTD)
Technology Achievement Index (by the United Nations)
General Indicator of Science and Technology (by NISTEP, Japan)
Information & Communication Technologies (by Fagerberg)
Success of software process improvement (by Emam et al.)
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Scaling in [-100, 100]

5

“Business
climate
indicator”
(by DG ECFIN)

of

Percentage annual differences.

Preliminary treatment
sub-indicators
Mean subtraction

19

Number of
sub-indicators
17

“Internal
Market
Index”
(by DG MARKT)

“Summary Innovation
Index”
(by DG ENTR)

Name

Table 3. Summary Table of the Composite Indicators Review

• The index varies between +10 (all indicators are above
average) to -10 (all indicators are below average).
• The figure 20% was chosen considering the accuracy of
the data. A sensitivity analysis showed a high correlation
(R2 = 0.98) between the index using a 20% boundary and
those for a 15% and 25% boundary.
• Given that a generally applicable model describing how
each indicator influences innovation is not available, all
indicators are given equal importance by the authors.
• A different calculation approach for a summary index
was tested based on the average percentage by which each
indicator varied from the overall EU average. This indicator
was strongly correlated with the retained SII (R2 = 0.89).
The retained SII was finally preferred over the percentage
index because it ignored minor differences from the EU
average, which may not be meaningful.
• The weights were derived from PCA because the
authors considered that this method deals appropriately
with correlation between variables. However, the intercorrelations between the sub-indicators are very low (there
is no r>0.7). This implies that a simpler weighting system
might have been more efficient (same case as composite
indicator developed by Isla).
• The number of Principal Components is equal to the
number of the sub-indicators (i.e. 19), which implies that
the total information of the sub-indicators could not be
summarised in the first place by PCA.
• The PCA requirements of stationarity of the series are
confirmed by the empirical autocorrelograms (significant
up to the 8th order) and the augmented Dickey-Fuller test.
• PCA indicated that a single factor is sufficient to explain
the bulk of the common information (92% of the variance).

Number of indicators that
are more than 20% above
the European average
minus the number of
indicators which are more
than 20% below and
division by the total
number
of
available
indicators for each country.

PCA applied to define
weights. One principal
component adopted as the
composite indicator.

PCA used to define
weights for the subindicators.
The 19
Principal Components are
further weighted by the %
variation of the total
information explained by
each Principal Component.

Comments

Aggregation methodology

1. Trend estimation by using
month-to-month changes.
2. No smoothing.
3. Normalisation by dividing
the month-to –month changes
with the average month to

4

3

Normalised
indicators
calculated by mean subtraction
and division by the standard
deviation
Normalised
indicators
calculated by mean subtraction
and division by the standard
deviation

7

“Performance in the
knowledge
based
economy”
(by DG RTD)
“Relative intensity of
regional problems in
the Community”
(by the European
Commission)
“Economic Sentiment
Indicator”
(by the European
Commission)

Normalised
indicators
calculated by mean subtraction
and division by the standard
deviation

7

“Investment in the
knowledge
based
economy”
(by DG RTD)

Sub-indicators are divided
in two groups with equal
weights within group. The
second group is given ½
the weight of the first
group.

Choice of weights is up to
the user.
Composite indicator is in
progress.
Empirical weights are
determined considering the
degree
of
correlation
between two sub-indicators

Choice of weights is up to
the user.
Composite indicator is in
progress.
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• The performance of the Index is evaluated against total
industrial production as a proxy for economic activity.
• The authors consider that applying principal
components analysis to choose the weights would minimise
the contribution of the indicators which do not move with
the other indicators. This may reduce the reliability of the

• A thorough examination of the interrelationships of the
sub-indicators was undertaken by using Factor Analysis.

This gave a statistical justification to the authors for the
choice of summarizing a priori the information by means of
a single composite indicator. In this case the phenomenon
that the composite indicator aims to measure has one
statistical dimension.
• An instrument in Excel leaves the choice of the weights
up to the user (Muldur, 2001).
• High correlation between pairs of sub-indicators is
identified, which suggests that PCA could be used to
identify the statistical dimensions of the data.
• Two principal components are identified by PCA, one
consisting of four indicators and one of two. One indicator
is not loaded on any principal component, thus, on a purely
statistical basis, this indicator could be omitted. However,
this indicator is of political interest, therefore it is worth to
keep it.
• JRC carried out uncertainty analysis to identify how
much the variation of the weights can affect the values of
the composite indicator for the various countries. A further
sensitivity analysis helped to identify which weights are
influential to the differences of close ranked countries.
• The correlation between the sub-indicators is not high in
general. PCA reveals that there are indeed 5 main principal
components.

Leading

“Human Development
Index”
(by
the
United
Nations)

“Information
and
communication
technologies”
(by J. Fagerberg)
“Environmental
Sustainability Index”
(by
the
World
Economic Forum)

“Composite
Indicators”
(by OECD)

1. Division by population or Arithmetic average of the
income or populated land area.
2. Missing data imputation
via bivariate correlations.
3. Logarithms for highly
skewed variables.
4. Truncating distributions to
95% range (account for
inaccuracy of data).
5. Normalisation by mean
subtraction and division by the
standard deviation. The sign
was changed for those
indicators
where
high
observed values corresponded
to low levels of sustainability.
Scaling in [0, 1]

22

3

Arithmetic average of the
scaled indicators

normalised indicators

Sum of rankings

Country rankings for each
indicator

5

Arithmetic average of the
normalised indicators

1. Trend estimation via
Phase average trend method
2. Smoothing via “Months
for
cyclical
dominance
moving average”.
3. Normalisation via mean
subtraction and division by the
mean
of
the
absolute
differences from the mean.

Number varies
across Member
States
(e.g. France:11,
Germany and
Italy: 6, UK: 9)

month change.
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Ogwang and Abdou (2000) applied PCA, and they argue
that there is a statistical justification for selecting only one
of the three components of the index, i.e life expectancy,
without loss of too much information.

•

composite indicator because some indicators perform better
in one cycle and others in a different cycle.
• The performance of the Index is evaluated against total
industrial production as a proxy for economic activity.
• Nillson [2000] suggests that PCA could help to select
the weights. However, the authors argue that such a method
would minimise the contribution of indicators, which do not
move with the other indicators. This may reduce the
reliability of the composite indicator because some
indicators perform better in one cycle and others in a
different cycle. Therefore, most such indicator systems in
operation use an equal weighting system.
• The authors preferred the simplicity by using this
methodology, however the cardinal distances in the values
of the indicators are not considered this way. This method
can therefore “hide” how close two countries might be.
• PCA was initially applied, but the set of principal
components did not discriminate efficiently among the
observations and more problematically, it assigned negative
weights to many variables. Thus, aggregation via equal
weighting was preferred.
• Alternatively, weights were defined following a survey
process. A simple sensitivity analysis suggested that the
weighting methodology would not have changed the
ranking in any appreciable fashion. In particular, the Index
score was calculated using the survey-generated weights.
The average shift in rank was only 1.7 places out of 122.
• The Index is highly correlated with the 1990-1998 GDP
per capita growth (r =0.76), the Human Development Index
(r = 0.67) and the WEF Current Competitiveness Index (r =
0.65).

Scaling in [0, 100]

-

The logarithmic values of the
sub-indicators are considered

Judgmental classification of
five sub-indicators as “input”
and eight as “output”

5

22

8

13

14

Two
“Synthetic
environmental
indices”
(by Isla M.)

“National innovation
capacity”
(by Porter and Stern)

“General Indicator of
Science&Technology”
(by NISTEP, Japan)

“Success of software
process improvement”
(by Emam et al. 1998)

Initial indicators are expressed
on subjective scales and then
transformed on quantitative
scales. No normalisation is
performed.

Scaling in [0, 1]

8 (grouped in 4
sub-indices)

“Technology
Achievement Index”
(by
the
United
Nations).
“Overall
Health
System Attainment”
(by the World Health
Organization)

PCA was applied to define
weights.
The
main
principal component is
adopted as the composite
indicator.
PCA applied to identify the
main components. The
overall index is calculated
as the sum of the 5 main
principal components.

Weights determined by a
multiple regression model

Arithmetic average of the
indicators

Weights based on survey
of preferences of informed
individuals

Arithmetic average of the 4
sub-indices
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• A notable feature is that all the main results are reported
with uncertainty intervals to communicate the plausible
range of estimates for each country on each measure. The
WHO believes that it is the first time that an international
agency has extended this analytical practice to its official
publications. The rank changes induced by variation of
weights within plausible limits are found to be much less
important than those implied by measurement errors in the
data.
• FA revealed a very low correlation among indicators,
thus it canceled any attempt to use this approach to obtain
synthesis results.
• Experts’ participation to provide weights for each subindicator was dismissed because the procedure involved a
lot of judgment when the diversity of the areas could not
guarantee better performance.
• Multiple regression model, where sub-indicators are
used as input and patent indicator as the output. The
selection of an output variable helps in identifying
statistically the weights for the input indicators. This model
is used for forecasting purposes.
• FA is used to analyze the structure of the indicators sets.
This analysis did not cluster the indicators of the input set
together and neither those of the output set. However, it was
emphasized that this classification was subjective in the first
place.
• For each principal component (PC) the cronbach alpha
coefficients are calculated (0.62 to 0.732), which verify that
the five PCs represent each a single construct.
• A second approach for weighting the variables is
undertaken by means of a classification and regression tree
(CART) algorithm.

• No correlation analysis is presented for the subindicators or the sub-indices.

3

11

“Eco-indicator 99”
(by Pre Consultants,
Netherlands)

“Concern
environmental
problems”
(by Parker)

about

3

“European
Labour
Market Performance”
(by Storrie and Bjurek,
1999)

Indicators are normalized by
dividing the value in each year
by the value for the year for
which each indicator is first
available.

Division by a reference value
for each indicator

Scaling between 0 (best
performance) and 100 (worst
performance)

Weights derived
public opinion polls

from

Weighting
scheme
is
selected by a panel of
experts

Efficiency
frontier
(objective method)
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• The method is proposed by the authors as extremely
parsimonious with regard to the weighting assumptions,
because it lets the data decide on the weighting issue.
• M. McCarthy [] expresses however concern that such an
empirical construct might not indicate the appropriate
direction of a policy for a given country in order to improve
its situation. She adds further that, since employment
guidelines exist, one cannot use such an approach to
evaluate overall labour market performance, but instead
should attach different weights to different indicators.
• The authors believe that the weights should represent
the views of society or a group of stakeholders.
• Weighting based on target values was not selected
because it is often hard to interpret the basic values that are
underlying the decisions of society. For instance policy
targets set by governments are often a compromise between
the need to reduce loads and the preparedness to make the
necessary sacrifices.
• Significant differences in the weighting sets due to
cultural perspectives were found.
• Sensitivity analysis indicated similar behavior of the
composite indicators produced by the different weighting
schemes (based on public opinion polls over different years
and different countries), which indicates that public opinion
about the main threats to the environment is remarkably
stable across both space and time.
• To improve the comparability of the composite indicator
values across countries, the author considered whether
division of the sub-indicators’ by country’s population, area
or GNP (Gross National Product) would be useful. He
found that dividing for example the nitrogen oxide indicator
by population, would make France seem much worse than
Italy, whereas dividing it by surface area or GNP would
improve the position of France compared to Italy. This
conclusion, in a general context, is very important and
should be considered in any aggregation approach.

Subjective weights for the
normalised
problem
indices are determined
from experts by means of
the Analytic Hierarchy
Process.

Sum of the six theme
indicators scaled by the:
a) sustainability levels,
b) policy targets

1. Aggregation into problem
indices by equivalency factors.
2. Normalisation of problem
indices by dividing the
sectoral problem index by the
value of the national problem
index.

Scaling
of
the
theme
indicators: division by the
corresponding
a) sustainability levels, and
b) policy targets

11

6
theme
indicators
(composed of
several simple
indicators)

“Index
of
Environmental
Friendliness”
(by Puolamaa, Kaplas,
Reinikainen, Eurostat)

“Environmental Policy
Performance
Indicator”
(by Adriaanse, the
Netherlands)
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• The authors state that the index has been criticized as
subjective and too susceptible to changes in the assumptions
that underpin it. Therefore, a relevant website has been
created to allow the user to change the weightings and
assumptions used in the index. According to the authors,
this site shows that the index is a good basis on which to
construct alternative indicators.
• The main advantage of the Analytic Hierarchy Process
(AHP) is that it is based on pair-wise comparison; the
human mind can easily handle two distinct problems and
examine their differences. Another advantage of AHP is
that unlike many other methods based on Utility Theory, its
use for purposes of comparisons does not require a
universal scale.
• High inconsistency values in some respondents could
have been avoided by interaction in the research design.
• Although an uncertainty analysis assessment was
undertaken, the authors pointed out that uncertainties are
very seldom documented or assessed in the existing
databases.
• The alternative use of sustainability levels and target
values for the scaling of the theme indicators results in
composite indicators showing similar trend.

Arithmetic average of the
indicators (7 indicators are
+, 13 indicators are -)

Sub-indicators are expressed
in monetary terms. Negative
sign assigned to the indicators
that are associated with a
reduction of the welfare.
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“Index of sustainable
and
economic
welfare”
(by CES and NEF)

• Respondents were asked to distribute a fixed sum of 60
‘chips’ to some or all of the six performance indicators –
more chips spent in an area, the greater the improvement on
that indicator. It was found that there was little difference in
the distribution of the chips depending on respondents’ sex,
social class, age or the area of the country where they lived.

‘Budget allocation’ survey
of 1,000 people across the
UK defined the weights for
the indicators.

No standardisation

6

“National Health Care
systems performance”
(by King’s Fund,
England)

Methodological approach
A common practical problem in building composite indicators is how to assess properly the
plurality of perspectives about the relative importance of the sub-indicators. The experience
shows that disputes over the appropriate method of establishing weights cannot be easily
resolved. Cox et al. (1992) summarise the difficulties that are commonly encountered when
proposing weights to combine indicators to a single measure, and conclude that many published
weighting schemes are either arbitrary (e.g. based upon too complex multivariate methods) or
unreliable (e.g. have a little meaning to society).
The composite indicator Yc for a given country c is a simple linear weighted function of k subindicators Iic and k respective weights wi, given by
k

Yc = å I ic ⋅ wi

(1)

i =1

Assuming that uncertainties in the values of the sub-indicators Iic can be neglected, their nominal
values are used. In other words, the Iic are not considered “uncertain factors” in the subsequent
Monte Carlo – based uncertainty analysis. The weights, on the other hand, are considered to be
random variables (i.e. uncertain factors for the subsequent UA/SA): sample values for the
weights will be extracted from suitable statistical distributions. Thus, the output Yc will be itself a
random variable depending on the uncertain factors.
A thorough assessment of the system of composite indicators considers the difference in the
composite indicator values between two specific countries A and B.
k

D A, B = å ( I iA − I iB ) ⋅ wi

(2)

i =1

Additionally, the average shift in countries rank with respect to a reference ranking has to be
explored. This can be quantified as the average absolute difference,

RS =

1 M
å Rank ref (Yc Y1 , Y2 ,..., YM ) − Rank (Yc Y1 , Y2 ,..., YM )
M c =1

(3)

where M is the total number of countries. The outputs DA,B and R S are random variables
depending on the uncertain factors.
A necessary step when designing a sensitivity analysis is to identify a small set of summary
variables that describe concisely, yet exhaustively, the message provided by a model (Saltelli et
al., 2000b). Quite often, model responses are made of huge sets of values (for example in the
form of multi-dimensional maps of numbers). In a specific case, a composite indicator could be
available for 50 countries over 10 years (i.e., 500 model outputs). This would make
impracticable, and meaningless, to carry out sensitivity analysis for each model output (this
concept is thoroughly explained in Crosetto and Tarantola, 2001). For this reason, we will
consider model outputs DA,B and R S in our SA, as they are crucial in the quality assessment of the
composite indicators. Note that DA,B depends linearly on the weights (input factors), whereas R S
is a non linear function of its input.
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Uncertainty analysis
The outputs Yc, DA,B and R S (equations (1) to (3)) have their own probability distribution
functions (pdf), whose estimation is the purpose of uncertainty analysis. The UA procedure is
essentially based on simulations that are carried out by each of the equations (1) to (3), termed
henceforth the models. Various methods are available for evaluating output uncertainty (Helton,
1993). In the following, the Monte Carlo (MC) approach is presented, which allows exploration
of the full range of variation in the input factors and does not require assumptions about the
model structure. The MC approach to UA is based on performing multiple evaluations of a model
with randomly selected model inputs. The procedure involves four steps:
(a) assign a pdf to each input factor Xi;
(b) generate randomly N sets of input factors Xl, with l =1, ..., N (a set of input factors is called a
sample);
(c) evaluate the model, i.e. compute the corresponding model output;
(d) analyse the resulting output values Yl , with l = 1, ..., N.
The input factors are treated as random variables with a pdf that is assumed known a priori. It is
important to note that the range of variation of each input factor reflects the degree of uncertainty
associated with the corresponding input data. The generation of samples can be performed by
using various procedures, such as simple random sampling, stratified sampling (McKay et al.,
1979), LP-τ quasi-random sampling (Sobol’, 1967), FAST sampling (Cukier et al., 1973) or
others. The sequence of Yl allows us to display the empirical pdf of the output Y. The
characteristics of the pdf, such as the variance, and higher order moments, can be estimated with
an arbitrary level of precision which is related to the sample size N. The overall computational
cost of the procedure depends basically on the cost of the model evaluation, which for all three
models (equations (1) to (3)) is negligible.
Sensitivity analysis using variance-based techniques
Many techniques for SA are described in the literature (e.g. linear regression or correlation
analysis, measures of importance, sensitivity indices, etc.; Saltelli et al., 2000a). We give a short
description of two widely used techniques below.
Standardised Regression Coefficients (SRC)
The SRC (Draper and Smith, 1981) are based on a linear regression model between the input
factors and the output and are computed from the least square regression analysis applied to the
output of the MC simulation. If Xim is the value of the input variable i selected for the simulation
number m, then the regression coefficients bi can be computed by least squares, yielding
(4)

k

Ym = bo + å bi ⋅ X im + ε m
i =1

where ε m ’s are the error terms. Once the bi are computed, a regression model is available to
compute the output associated with a generic input vector X ≡(X1, X2, ..., Xk):
(5)
k
X −X
Yˆ − Y

s (Y )

= å SRC (Y , X i )
i =1

i

i

s( X i )
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where Y , X i indicate the sample averages for the output Y and variable Xi, s(.) are the respective
standard deviations, Yˆ are the model evaluations and the SRC’s are computed from the bi as

SRC (Y , X i ) = bi

s( X i )
s (Y )

(6)

The advantage of using the SRC’s is that the effectiveness of the regression model can be
immediately verified by the model coefficient of determination R2, which gives the percentage of
the output variance that is explained by the regression model. The validity of the SRC’s as a
measure of sensitivity is conditional to the degree to which the regression model fits the data, i.e.
to R2. A low value for this coefficient indicates a poor regression model and that is hence
unrealistic to assess the influence of the input variables on the model output based on the SRC’s.
In cases of non-linear models, the Fourier Amplitude Sensitivity Test – FAST (Cukier et al.,
1973) or the extended FAST (Saltelli et al., 1999) can be applied that provide an extension of the
concept to any kind of model.
Variance-based methods: FAST and the extended FAST
Variance-based techniques for SA are widely used in the literature. A review of such methods is
given in Chan et al. (2000). The importance of a given input factor Xi can be measured via the socalled sensitivity index, which is defined as the fractional contribution to the model output
variance due to the uncertainty in Xi. For independent input factors, the sensitivity indices can be
computed using the following decomposition formula for the total output variance V

V = å Vi + å Vij + å Vijm +... + V12...k
i

i< j

(7)

i< j<m

where

Vi = V [ E (Y X i = xi* )]
Vij = V [ E (Y X i = xi* , X j = x *j )] − V [ E (Y X i = xi* )] − V [ E (Y X j = x *j )]
and so on. E (Y X i = xi* ) denotes the expectation of Y conditional on Xi having a fixed value xi* ,
and the operator V[·] denotes conditional variance. To measure the fraction of the unconditional
output variance V that is accounted for by the uncertainty in Xi we define:
(8)
S i = Vi V
which is called the first order sensitivity index for the factor Xi Intuitively, if the conditional mean

E (Y X i = xi* ) varies considerably with the value xi* for Xi , while all the effects of the Xj ’s, j ≠
i are averaged, then surely Xi is an influential factor. Estimators for Si are: FAST (Cukier et al.,
1973), the method of Sobol’ (1993), its improved version due to Saltelli (2002) and others (e.g.,
Iman and Hora, 1990, McKay, 1995). It is noted that for linear models and independent input
factors, the squared value of the SRC equals the first order sensitivity index of equation (8), that
is: SRC2 = Si.
Higher order sensitivity indices, responsible for interaction effects among sets of input
factors, are usually not estimated, as in a model with k factors the total number of indices
(including the Si ’s) that should be estimated is as high as 2k-1. A method capable of accounting
for interactions, and simultaneously coping with a large number of factors, is the extended FAST
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(Saltelli et al., 1999). The extended FAST provides estimates of both the Si and the total
sensitivity indices STi. For a 3-factor model, the three total sensitivity indices are:
ST1=S1+S12+S13+S123
ST2=S2+S12+S23+S123
ST3=S3+S13+S23+S123

(9)

where S12=V12/V, S123=V123/V, and so on. The sum of the STi ’s can be greater than (or equal to)
unity. A total sensitivity index is defined as the sum of all the indices (Si and higher orders) where
Xi is included: the total index concentrates in one single term all the interactions involving Xi. The
straightforward estimation of the total sensitivity indices STi makes the analysis affordable from a
computational point of view, as we only need k total indices to estimate the degree of interaction
in which each input factor is involved. The estimation of the pair (Si, STi) is important to
appreciate the difference between the impact of factor Xi alone on Y (the Si) and the overall impact
of factor Xi through interactions with the others on Y (the STi).
Case study: Technology Achievement Index
The Technology Achievement Index (TAI) is a composite indicator developed by the United
Nations and described in detail in the Human Development Report 2001 (United Nations, 2001).
It is intended to help policy-makers propose better technology investment and help countries
situate themselves relative to others. It includes 8 sub-indicators, which are presented in Table 4.
The statistics are calculated for the 50 best performing countries worldwide. Given the lack of
information about the uncertainty in the values of the sub-indicators, these data are considered as
error free for this test case. The high relative standard deviation of the raw data for “Patents”,
“Royalties” and “Internet hosts”, more than 100% of the respective mean values, underlines the
high variability in these three sub-indicators. The distributions of data for “Patents” and
“Electricity” are the most skewed (positively).

Correlation analysis reveals that the eight sub-indicators have an average bivariate
correlation of 0.43 and that only 3 pairs of indicators (including “Internet”, “Electricity” and
“Telephones”) have a correlation coefficient higher than 0.70. The fact that the set of subindicators is not considerably correlated is verified by applying factor analysis. In order to
account for at least 90% of the variance in the data set of all the sub-indicators, five Principal
Components are needed. This result confirms that the phenomenon described by the set of the
eight sub-indicators is indeed multidimensional and therefore it would benefit from the use of
a composite indicator.
Table 4. Statistical properties of the eight sub-indicators that are composing TAI.
Name of the sub-indicator

min

mean

max

std

Number of patents granted to residents/cap
1.0 112.0 994.0 201.0
Receipts of royalties and license fees from abroad/cap
0.1
31.3 156.6
47.7
Number of internet hosts/cap
0.1
41.4 200.2
54.7
% of high-and medium-tech. exports in total exports
1.5
39.4
80.8
21.2
Telephones (mainline and cellular)/cap
77.0 613.7 1329.0 369.6
Electricity consumption/cap
409.0 4848.8 24607.0 4509.3
Mean years of schooling in the population aged > 15
4.9
8.4
12.0
1.9
Gross tertiary science enrolment ratio
1.6
10.6
27.4
5.8

skewness
3.33
1.65
1.67
-0.17
0.13
2.32
0.02
1.00
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The TAI is calculated for 72 countries for which data are available and of acceptable quality.
For each of the eight sub-indicators the observed minimum and maximum values (among all
countries) are chosen as “goalposts” and performance in each indicator is expressed as a value
between 0 and 1 by applying the following normalisation formula:

I ic , scaled =

I ic − min c ( I ic )
max c ( I ic ) − min c ( I ic )

∀i = 1,...,8

(10)

The TAI is then calculated as the simple average of all the sub-indicators, therefore considering
that all sub-indicators are equally important (equal weights) in the development of the composite
indicator.
In the version of TAI developed in this work, the sub-indicators are rendered comparable by
normalisation (subtracting the mean and dividing by the standard deviation) of the first 50
countries, as ranked by the original TAI. This normalisation method has been widely used in
other composite indicators, for example in the Environmental Sustainability Index (World
Economic Forum, 2001). It has been selected because it puts all the indicators into harmonised
form, and the standardised indicators have an average of zero, which avoids introducing
aggregation distortions stemming from differences in the indicator means. Therefore, the
distances between two countries can be compared for every indicator (and for different years if
data are available). The TAI is then calculated as a weighted average of the normalised subindicators. The weights for the eight sub-indicators have been derived from two pilot surveys
carried out across 20 interviews at our Institute, using budget allocation and Analytic Hierarchy
Process (AHP). In budget allocation (BA) experts are invited to distribute a budget of N points
over a number of sub-indicators, paying more for those indicators whose importance they want to
emphasize (Moldan et al., 1997). The Analytic Hierarchy Process (AHP) is a widely used
technique for multi-attribute decision-making (Saaty, 1980; Saaty, 1987). AHP is based on
ordinal pair-wise comparisons of sub-indicators. For a given objective, the comparisons are made
per pairs of sub-indicators by firstly posing the question “Which of the two is the more
important?” and secondly “By how much?”. The strength of preference is expressed on a
semantic scale of 1-9, which keeps measurement within the same order of magnitude. A
preference of 1 indicates equality between two sub-indicators while a preference of 9 indicates
that one sub-indicator is 9 times more important than the one to which it is being compared. The
relative weights of the sub-indicators are calculated using an eigenvector technique.
Figure 1 reports the weights for the eight sub-indicators of TAI as resulting by using both BA
and AHP. The acceptable range for each weight, defined by the 10th and 90th percentiles, is also
shown. It can be noticed that using AHP, a few sub-indicators receive weights higher than 0.35
(more than 1/3 of the total), while the maximum value for a weight using BA is 0.33 (for
“Exports”). Each technique has advantages yet limitations. Weights provided by BA are less
spread than AHP for each sub-indicator and the variance of the weights across the eight indicators
is smaller for BA than for AHP. However, AHP is based on pair wise comparison: here
perception is high enough to make a distinction between sub-indicators. In BA all the subindicators are compared at a glance, and this might lead to circular thinking across subindicators, creating difficulties in the attribution of the weights, especially when the number of
sub-indicators is large. AHP is based on the calculation of eigenvectors: why this algorithm and
not an alternative one? The redundancy embedded in the AHP allows the analyst to check the
consistency of the answers given by each surveyed person. The use of such methods allows us to
acknowledge uncertainty in the weights. The weights are assumed uniformly distributed across
the ranges defined by the 10th and 90th percentiles.
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AHP
10th and 90th percentiles
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0.160

0.15

0.150
0.124

0.100

0.10
0.05

0.036

0.037

0.050

0.029

0.020

0.00

Patents

Royalties

Internet

0.100

Exports

0.013

Telephones Electricity Schooling Enrollment

Figure 1. Thirty-nine sets of weights for the eight sub-indicators composing TAI. The weights
have derived from two internal JRC surveys using budget allocation and analytic hierarchy
process. The numbers on the graph indicate the 10th and 90th percentiles, which define the
acceptable range for each weight.

Results
The Monte Carlo method has been used to generate a sample of uncorrelated weights over their
entire acceptable range. Given the negligible time needed to evaluate equation (1), (2) and (3), we
have selected a quite large sample, made of 5,000 points. The TAI values for each of the 50
countries are then calculated for each of the 5,000 combinations of weights. In Figure 2 the
median, and the corresponding 5th and 95th percentiles, of the distribution of the TAI values for
each country are displayed. This analysis shows that some countries perform clearly better than
others, but a few countries show significant overlap and therefore the ranking is not clear. For
instance, Sweden performs better than Norway for any combination of weights. However, this is
not the case for Sweden and the United States for example, where in half of the samples Sweden
has higher TAI value than the United States, while for the other half of the samples the United
States seems to perform better than Sweden. This can be explained by the fact that Sweden and
the United States have similar values for the sub-indicators, so the change of the weights favours
slightly one country over the other. It can further be noticed that the TAI values for Korea,
Germany and the Netherlands span over a wide range (wide uncertainty bounds). This could be
attributed to the fact that the values of the sub-indicators for those countries are very high for
some sub-indicators and very low for others.
Considering the uncertainty bounds of the TAI values for the 50 best performing countries, 164
pairs of countries show significant overlap (at least 25%) out of the total number, i.e.

æ 50 ö
çç ÷÷ = 1225 , of pairs. At this point, the ratio given in eq. (11) can be adopted as a measure of
è2 ø
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the appealing, or worthiness, of the TAI. This Index would send no interesting messages if a high
fraction of countries would overlap. In this case it is easy to make a distinction between wellperforming and badly-performing countries: the worthiness value is 0.87 (best value 1). For
comparison purposes, the Overall Health System Achievement Index calculated for 191 countries
(Murray et al., 2000), which is one
1.5
2.0
of the few examples in the scientific -1.5 -1.0 -0.5 0.0 0.5 1.0
Finland
literature where composite indicator
Unit ed St at es
values are reported with confidence
Sweden
bounds, has a worthiness value of
Japan
0.89.
Korea, Rep. of
Norway
Germany
Canada
Unit ed Kingdom
Singapore
Net herlands
Aust ralia
Ireland
Belgium
France
New Zealand
Aust ria
Israel
Spain
It aly
Hong Kong, China (SAR)
Slovenia
Hungary
Czech Republic
Slovakia
Greece
Portugal
Bulgaria
Poland
Croat ia
M exico
M alaysia
Romania
Cyprus
Argent ina
Cost a Rica
Chile
Uruguay
Trinidad and Tobago
Thailand
Sout h Africa
Bolivia

Figure 2. Results of UA showing
median TAI values and respective
90% confidence bounds for 50
countries.

Philippines
Peru
Panama
Colombia
China
Brazil
Jamaica
Iran, Islamic Rep. of

23

worthiness = 1 −

number of significant pair overlaps
total number of pairs

(11)

We are further interested in assessing the relative influence of the weights to the overall
uncertainty of the TAI values for each country (equation 1). This can be done by using SRC, as
equation 1 is linear. Table 5 shows the number of countries for which the respective weight is
ranked as most important, based on the SRC’s. The weights of “Exports” and “Schooling” are the
most influential for 15 and 17 countries respectively, while the weight for “Enrolment” is the
most important for 8 countries. Similarly, a consideration of the number of countries for which
the weights are ranked as second most important confirms the previous conclusion.
Table 5. Results of SA using SRC’s. The three most important weights are those of “Exports”,
“Schooling” and “Enrolment”.
Weight of
Patents
Royalties
Internet
Exports
Telephones
Electricity
Schooling
Enrolment

Number of countries for which the
weight is ranked 1st
3
5
0
15
1
1
17
8

Number of countries for which
the weight ranked 2nd
3
6
1
9
8
1
11
11

A crucial point in the assessment of composite indicators is the identification of the most
influential weights on the differences of the TAI values between two overlapping countries. We
exemplify the case for Norway (ranked 6th) and Korea (ranked 5th), which are partially
overlapping as Figure 2 shows. Investigating the difference in the TAI values between those two
countries should give more insight into the situation. The histogram displayed in Figure 3
represents the outcome of the UA on the differences in the TAI values between Korea and
Norway. The right-hand region, where Korea performs better than Norway, comprises more than
80% of the total area and this shows that Korea is indeed outperforming Norway.
The pie chart in Figure 4 yields useful quantitative information about the overall relative
importance of the eight weights. Given that the model used to compute DA,B is linear in its
weights(see equation 2), the standardised regression coefficients have been once again computed
on the the sample of input factors. According to the SRC’s, the weights for “Electricity” and
“Internet” are the far most important among the eight weights, accounting approximately for 50%
of the uncertainty in DA,B. This information could not have been provided if one had simply
looked at the values of the weights provided by the experts. In fact, the weights for these two
indicators are not the highest, as shown previously in Figure 1. The third most important weight
according to the SA is the one of “Patents” explaining about 17% of DA,B. The other 5 weights
account altogether for 33% of the total uncertainty in DA,B.
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Figure 3. Result of UA: histogram of the difference in the TAI values between Korea and
Norway.

Enrolment
10%
Schooling
3%

Unknown
2%

Patents
17%

Electricity
26%

Royalties
1%

Internet
24%
Telephones
3%

Exports
14%

Figure 4. Result of the sensitivity analysis: variance decomposition for the difference TAIKoreaTAINorway, considering the squared SRC’s.
The information provided by the SA is useful to start a convergence process among the
interviewed persons with the objective of reducing the uncertainty bounds in the weights and,
therefore, in the computed TAI for the various countries. This would in turn increase the
worthiness of the TAI itself. Using the information provided by Figure 4, we plot the difference
TAIKorea-TAINorway in the 2-D space defined by the weights of “Electricity” and “Internet” and the
scatterplot of the 5,000 points in Figure 5. One can see which combinations of weights favour
Korea, or Norway, or result in similar performance for the two countries. Such a scatterplot is one
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step further towards improving the understanding of a composite indicator and increasing the
transparency in the decision. The deterministic case of equal weighting (as in the TAI developed
by the UN), which assigns a weight of 0.125 to each sub-indicator, is situated at the top right side
of the plot (large black bullet). In that region of weights, Norway only occasionally seems to have
a higher TAI value than Korea. Given that the weights selected by the experts for the two
indicators “Electricity” and “Internet” are lower than 0.125, Korea is expected to perform better
than Norway. While the simple approach of assigning equal weights puts Norway two positions
ahead of Korea, the acknowledgement of uncertainty indicates that Korea performs far better than
Norway in the technological achievement.

Korea better

Similar

Norway better

0.14

Weight of Electricity

0.12

0.10

0.08

0.06

0.04

0.02

0.00
0.02

0.04

0.06

0.08

0.10

0.12

0.14

0.16

Weight of Internet
Figure 5. Combinations of weights for “Electricity” and “Internet” which favour Korea, or
Norway, or result in similar performance of the two countries. The case of equal weights in the
two sub-indicators (0.125) is marked with large black bullet, since for that particular set of
weights Norway seems to perform better than Korea.
A quantitative estimation of the importance of the weights on the output variable “average shift in
the rank of countries”, R S (equation (3)), has been obtained using the extended FAST. The
ranges and the distributions of the weights are the same as in the previous analysis. A new sample
of 5,000 sets of weights is generated using the FAST sampling method, to allow for the
estimation of each pair of first order and total effect indices (Si, STi). The results are illustrated in
Table 6 and in Figure 6. An important factor (in terms of the average reduction of the output
variance that we would achieve by fixing that factor to a given value within its range of
uncertainty), has large Si. The weight of the sub-indicator “Exports” is the most important factor:
it explains 26% of the output variance. The second most important factor is the weight for the
sub-indicator “Schooling”, which explains 14% of the output variance. All the other factors, taken
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singularly, have small influence on the output variance. We could not reach such conclusion by
simply looking at the range of the weights, i.e. a larger range for a weight does not imply that that
weight is more important, as equation (3) is not linear. The high influence of the weight of
“Exports” on the variance of R S is due to Australia, Singapore, Norway, New Zealand, Greece,
Mexico, Chile and Malaysia, for which the sub-indicator “Exports” are lower than the 20th or
higher than the 92nd percentiles.
Table 6. SA results of first order and total effect indices of the output “average shift in countries’
rank”.
Input factors: Weight
of
Patents
Royalties
Internet
Exports
Telephones
Electricity
Schooling
Enrolment
Sum

FAST first order
indices
.00
.02
.02
.26
.02
.01
.14
.06
.53

STi - Si

FAST total effect
indices
.03
.06
.05
.74
.08
.03
.49
.22
1.70

.03
.04
.03
.48
.06
.02
.35
.16
-

Given that each Si represents the additive effect of the corresponding input factor on the output
variable, the sum of all the Si yields the percentage of the output variance that would be explained
by an additive model for equation (3), i.e. 53%. The remaining 47% is the fraction of the output
variance that is not explained by the input factors taken singularly, yet by interactions among the
factors themselves. This fraction is quite large in this specific test case.

Sensitivity Index

0.8
0.7

FAST first order

0.6

FAST total effect

0.5
0.4
0.3
0.2
0.1
Enrolment

Schooling

Electricity

Telephones

Exports

Internet

Royalties

Patents

0.0

Weight of the sub-indicator

Figure 6. Results from FAST. 5,000 model runs have been made for the calculation of all the
pairs of indices (Si, STi).
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Where do the interactions mainly occur? We have to look at the difference STi - Si for each input
factor. The larger this difference, the more that factor is involved in interactions with the others.
We can see that the weight of “Exports” has a strong interaction with other factors (mainly with
Schooling and Enrolment, the other weights that show a large difference STi - Si, too). 48% of the
output variance is accounted for by interactions in which the weight of Exports is involved. Note
that the weight of Enrolment contributes to the output variance more through interactions with
Exports and Schooling than singularly.
Concluding, we have shown how to use global uncertainty and sensitivity analysis and other
standard statistical techniques for the quality assessment of composite indicators in general. We
also demonstrated their use on the Technology Achievement Index, developed by the United
Nations. The multidimensionality of the phenomenon described by the eight sub-indicators, and
the need therefore for a composite indicator, has been proven using factor analysis.

We emphasised two participatory procedures to assign the weights for the sub-indicators and
how to assess uncertainty in the weights in order to take into account the plurality of
opinions. We investigated the worthiness of the Technology Achievement Index given the
uncertainty in the weights. We proposed a set of tests, based on scatter-plots and global
sensitivity analysis, which can be useful to assess the quality of composite indicators.
These tests were useful to identify:
- the weights that mostly influence the TAI (useful to focus efforts towards reducing the
uncertainty bounds for the TAI),
- the regions in the space of the weights that favour one country with respect to another,
- clusters of well-performing countries, mid-performing countries and badly-performing
countries, via uncertainty bounds.

The iterative use of UA and SA during the preparation of composite indicators can
therefore contribute to the well-structuring of composite indicators and reduce the possibility
that composite indicators may send misleading or non-robust policy messages.

Comparison of results against objectives
This exploratory research project resulted in a state-of-the-art report on composite indicators
(Annex, ref. 1), that has been quoted in the DG ECFIN Communication on Structural Indicators.
A review of this report has appeared in the February-issue of the magazine Euroabstracts with the
title "Taking the Pulse of a society" ftp://ftp.cordis.lu/pub/euroabstracts/docs/archive1-03.pdf
A paper titled ‘Uncertainty and sensitivity techniques as tools for the analysis and validation of
composite indicators’ is under revision by the Journal of the Royal Statistical Society.
The statistical treatment for robustness analysis of the composite indicators has been deemed
necessary by:
• DG MARKET-A1 [Internal Market: Functioning and Coordination]
• DG ECFIN-E4 [Environment, Transport and Energy policy] and
•
-E2 [Internal Market, Service Market, Competition Policy],
• DG RTD–K2 [Competitiveness, Economic Analysis, and Indicators]
• DG EMPL
• DG ENTR
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Details on how this exploratory research is being given continuation with the Directorates
General of the Commission are given in the ‘Outlook’ Section.

Outlook
Upon the finalizing of this Exploratory Research, the collaboration between ECFIN and JRC in
the field of composite indicators has been added to the Memorandum of Understanding between
the two parties, signed on December 13th, 2001 in Brussels.
The work on composite indicators for DG ECFIN attracted the interest of DG RTD-K2, who is
now posed to become stable customer. A reference to our contribution can be found in DG RTD
publication "Science, Technology and Innovation Key Figures 2002".
A Memorandum of understanding has been finalised with DG MARKT A1. The support provided
by JRC has led to a new version of the Internal Market Scoreboard. The technical background
document for DG MARKT-A1 is available on EUROPA at:
http://europa.eu.int/comm/internal_market/en/update/score/score11/im-index-2002_en.pdf
DG ENTR and ESTAT have requested co-operation in the development of the e-readiness
composite indicator in the framework of the e-Europe 2005 Action Plan and benchmarking
indicators. With the Letter of February 25th, 2003, these two Services request the support from
JRC on the e-readiness composite indicator.
DG EMPL has been very interested in our work on composite indicators and demanded to be
listed as a 3 star customer of our action (4131) (see http://projects.jrc.it)
The Applied Statistics Group and the OECD are jointly organising a Workshop on Composite
Indicators of Country Performance, planned for May 12th 2003, to take place at the JRC/Ispra site.
This workshop will review the advantages and disadvantages of composite indicators with a view
to developing “quality guidelines” for their construction. The event will be co-chaired by the
Director of OECD-statistics division and by the Director of IPSC. The leading experts in the field
will attend the workshop with speakers from OECD, EC, United Nations and World Economic
Forum.

Conclusions
Composite indicators are valuable in that they limit the number of statistics to be presented and
allow for quick comparisons of country performance. At a minimum, all composite indicators
should be as transparent as possible and provide detailed information on methodology and data
sources. They should always be accompanied by explanations of their components, construction,
weaknesses and interpretation. Sensitivity tests should be carried out on standardisation,
weighting and aggregation approaches. In general, composite indicators should be identified for
what they are -- simplistic presentations and comparisons of country performance in given areas
to be used as starting points for further analysis.
JRC has developed expertise on the issue and will continue to support the Directorates General of
the Commission with respect to the development of new composite indicators and the analysis of
the current ones.
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Annex
JRC-APPST published work related to the composite indicators:
[A1] Saisana M. and Tarantola S. (2002) State-of-the-art Report on Current Methodologies and
Practices for Composite Indicator Development, EUR No. 20408, pp. 72.
[A2] Tarantola S., Saisana M., Saltelli A., Schmiedel F. and N. Leapman (2002) Statistical
techniques and participatory approaches for the composition of the European Internal Market
Index 1992-2001, EUR No. 20547, pp. 28.
[A3] Saisana M., Tarantola S. and Saltelli A. (2002) Uncertainty and sensitivity techniques as
tools for the analysis and validation of composite indicators (under revision by the Journal of the
Royal Statistical Society)
[A4] Saisana M., Tarantola S., Saltelli A. (2002) Uncertainty and Sensitivity Analysis of the
Composite Indicators for the Knowledge-based Economy, Report to DG-RTD, pp. 19
[A5] Saisana M., Tarantola S., Saltelli A. (2002) Further analysis of the statistical properties of
the composite indicators for the Knowledge-based Economy, Report to DG-ECFIN, pp. 23.
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