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A B S T R A C T

This study introduces a methodology that embeds ‘Benefit of the Doubt’ evaluations of performance of inno
vation systems, based on objective measures of technical effectiveness—that compare the values of a set of in
dicators across countries—into the literature of composite indicators, which rank countries relying on utility 
functions and whose aggregating structure and weights are subjectively chosen by the decision makers. 
Considering the general case of the constant elasticity of substitution utility function, whose power mean 
formulation nests popular specifications such as the weighted (linear) arithmetic mean, weighted geometric 
mean (Cobb-Douglas), and fixed-proportions (Leontief), we define the concept of utility effectiveness of an 
alternative as the ratio of its observed utility to the maximum utility observed across countries. We show that the 
utility loss resulting from an ineffective performance can be consistently decomposed into two mutually 
exclusive factors: first, grounded in the objective criterion of Pareto-dominance, the mentioned technical 
effectiveness is represented by a technical (radial) measure depending only on quantities, which gauges the 
distance to the utility frontier; second, a measure of allocative effectiveness, determining the additional utility 
loss resulting from an unbalanced composition of indicators given the preferences of the decision maker. Using 
data from the European Innovation Scoreboard, our results show high levels of utility ineffectiveness in Southern 
and Eastern European countries. On average, these countries' performance is half of the maximum utility reached 
by the best performing innovation systems. Objective technical ineffectiveness generally dominates over sub
jective allocative ineffectiveness (except for the fixed proportion specification), showing that the practical impact 
of choosing one utility specification over another, although sizable, is limited. Consequently, main performance 
deficits are often not due to substitutability or compensatory issues, but rather to real shortfalls in indicator 
levels, while preference-driven differences tend to be second-order and comparatively robust.

1. Introduction

Composite indicators (CIs) and scoreboards are widely used in real- 
world policymaking to condense multidimensional evidence into an 
intelligible message for benchmarking, peer learning, and public 
communication. In the European Union (EU), indices and scoreboards 

are regularly used in the preparatory stages of policy (e.g., impact as
sessments), for monitoring strategies and action plans, and policy dia
logue [1]. A prominent example is the European Innovation Scoreboard 
(EIS), which provides an annual comparative assessment of Member 
States’ research and innovation performance, highlights relative 
strengths and weaknesses, and helps governments identify areas where 
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efforts should be concentrated [2]. This institutional role clarifies the 
main field of application of CIs: they are primarily tools for communi
cation and performance monitoring, rather than scientific measurement 
instruments in the strict sense.

At the same time, educated decision-making requires CI methodol
ogies that are consistent and transparent, otherwise, almost any reallo
cation of resources could be justified ex post. Early studies by 
Freudenberg [3] and Bandura [4] provide critical assessments and 
document the proliferation of CIs. On the one hand, CIs are valuable for 
their ability to synthesize large datasets into comprehensible formats, 
supporting communication and political discourse thanks to their 
simplicity [5]. On the other, construction choices (indicator selection, 
normalization, weighting, aggregation) raise methodological and 
governance challenges that may foster misinterpretation, strategic use, 
and disputes over credibility [6,7]. Reviews of the methodological 
framework emphasize that one of the most controversial steps concerns 
the choice of the aggregating function and weights [8–11].

These controversies are not purely technical; they rather reflect the 
institutional constraints under which CIs operate. Policy institutions 
often favor simple and stable constructions (e.g., linear aggregation with 
equal weights) because they are easy to explain, comparable over time, 
and perceived as less vulnerable to accusations of ‘rigging’. Yet, the 
choice of an aggregating function is not neutral because it encodes as
sumptions about compensability/substitutability among indicators 
[12]. In economic terms, the aggregating function represents the pref
erence structure—or more precisely, the utility—of a decision maker 
(DM). In this context, a DM is the agent whose preferences determine the 
aggregation rule, the degree of substitutability among indicators, and 
their relative importance through weights. Typical DMs include inter
national organizations, public institutions, or research bodies that 
design and use composite indicators for benchmarking and policy 
communication. In our empirical application the DM is the European 
Commission (EC), responsible for the EIS. By selecting the indicators, 
adopting an equal-weighting scheme, and choosing a linear aggregation 
logic, the EC implicitly defines the utility structure used to evaluate 
national innovation systems, while countries are the alternatives under 
evaluation.

As discussed in the methodological section, there are multiple ways 
to aggregate indicators and evaluate performance. In practice, many CI 
producers—including the EC—favor the linear arithmetic mean, which 
assumes perfect substitutability across indicators (mutual preferential 
independence), so that trade-offs among any subset of attributes do not 
depend on the remaining subset. This strong compensation assumption 
has been criticized as unrealistic, and alternative specifications that 
allow imperfect substitutability (e.g., geometric means) or no substi
tutability (fixed-proportions) are often advocated [13]. For example, if 
positive amounts of each variable are required to generate any utility (i. 
e., zeros are excluded), geometric mean or fixed-proportions formula
tions provide more adequate representations because they require all 
indicators to be present in some quantity. By contrast, when zeros occur, 
linear aggregation may be the only operational option.

Besides the functional form, establishing relative weights is funda
mental. Given a prespecified utility function, a weight determines each 
indicator's contribution to aggregate utility; weights define trade-offs 
between indicators and therefore, their relative importance within the 
chosen utility structure. Consequently, selecting a utility function 
cannot be separated from selecting weights. The function captures the 
structure of preferences, while the weights determine their specific 
valuation. Because both choices convey the DM's preferences, CI con
struction is inherently supervised and may be contested by evaluated 
units. In supranational benchmarking, for instance, countries may 
disagree with the common weights embedded in a CI. However, allow
ing each country to select its own weights within the same functional 
form introduces an additional layer of discretionality.

A well-known response is to adopt an unsupervised approach in 
which weights are endogenously determined to give each evaluated unit 

the ‘benefit of the doubt’. This is precisely what Data Envelopment 
Analysis (DEA) techniques and, more specifically, the so-called ‘Benefit- 
of-the-Doubt’ (BoD) model do [8,9,14]. BoD constructs an empirical 
frontier and evaluates each decision making unit by choosing the most 
favorable multipliers (weights) consistent with the data, thereby 
providing an objective, quantity-based benchmark. Based on mathe
matical programming, the DEA-BoD dual model evaluates the utility of 
an alternative (also known as decision making unit) by searching for a 
supporting hyperplane that allows it to reach the maximum value of the 
CI, which corresponds to a normalized effectiveness score. This hyper
plane is defined as a convex combination of the observed variables, 
implying that the aggregating function corresponds to the linear 
weighted mean. In the primal formulation, adopted in this study, 
DEA-BoD methods construct a polyhedral of piecewise segments corre
sponding to linear combinations of observed alternatives that, envel
oping the data, define the attainable set. The evaluation is made in 
relative terms (i.e., comparing all alternatives against each other), and 
the flexibility in the value of the weights (in the dual formulation) and 
the multipliers (in the primal formulation) implies that non-dominated 
alternatives are deemed effective (i.e., they belong to a segment 
known as effective frontier). In this case, under the identified optimal 
weights and multipliers, the alternative reaches the maximum possible 
value of the CI (utility), laying on the utility frontier, with a normalized 
score of one. Numerous extensions of the original BoD radial framework 
have been proposed, including slack-based formulations [15], ap
proaches accommodating imprecise or interval data [16], models that 
explicitly incorporate weight restrictions across indicators [17], unde
sirable indicators [18], conditional and robust approaches accounting 
for external factors [19,20], non-compensatory CIs [21], spatially robust 
models [22,23], intra- and inter-group approaches controlling for het
erogeneity [24,25], consistency in aggregation methods [26–29], 
directional and goal-programming variants [30–32], and recent robust 
and nonconvex formulations [33–37] including ‘Ensemble-DEA’ for 
robust rankings and benchmarking [38].

Therefore, DEA-BoD can be considered as valid alternative to 
construct CIs that, relying on a specific aggregating function (the linear 
weighted mean), allows for an endogenous and objective (flexible) se
lection of weights; one that ensures that the different alternatives are 
deemed as effective as possible in their own, most favorable, terms 
(dimensions). However, full flexibility also creates practical interpret
ability problems in policy settings. BoD may assign zero weights to in
dicators that stakeholders regard as essential, and it may label as 
effective any alternative that excels in a single dimension irrespective of 
weaknesses elsewhere. This can yield implausible ‘virtual’ CIs and 
rankings that misrepresent best-practice performance from a systems 
perspective. The issue is aggravated when the number of observations is 
limited relative to the number of indicators (curse of dimensionality), 
which reduces discriminatory power. In our empirical application we 
address this using ‘Ensemble-DEA’ [38]. These limitations are not minor 
in political environments where CIs must be credible, interpretable, and 
resistant to strategic narratives.

The above discussion shows that neither subjective and supervised 
methods like the CI methodology, nor objective and unsupervised 
methods like DEA-BoD are fully satisfactory, since both have advantages 
and disadvantages. The literature has proposed bridges between su
pervised CI approaches and unsupervised BoD by incorporating prefer
ences into DEA-BoD. Two prominent remedies are (i) weight 
restrictions—via ordinal ranks [8], assurance regions [39], pie shares 
[9,40] or absolute bounds [41]—, and (ii) methods that identify 
most-preferred solution(s) and restrict attention to frontier facets con
taining them, using approaches ranging from Pareto-race [42] and 
TOPSIS-based ideals [43] to balance/‘uniformity’ heuristics. A limita
tion is that these approaches mainly modify the shape of the frontier but 
typically do not incorporate the CI methodology through an explicit 
utility function describing the DM's substitutability and weighting 
assumptions.
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In this study we propose a third and complementary bridge. Our 
novel framework combines utility theory with DEA-BoD.1 Utility theory 
specifies an explicit aggregating function and weights representing the 
DM's preference structure and identifies the Most Preferred Alternative 
(MPA) by solving a utility maximization problem over the same 
attainable set. We then define overall utility effectiveness as the ratio 
between the observed utility of an alternative and the utility of the MPA. 
As this evaluation is intrinsically dependent on subjective preferences, 
the resulting outcome may be challenged and ultimately unaccepted by 
stakeholders and interested parties. To qualify and interpret such 
contestation, we embed the objective BoD evaluation and define utility- 
technical effectiveness as the ratio between observed utility and the 
utility of the BoD benchmark on the frontier, which corresponds to a 
preference-free, quantity-driven measure grounded in the undisputed 
concept of Pareto-effectiveness. That is, an alternative is effective, 
defining the utility frontier, if it is not possible to find other alternative 
that dominates it, namely, that has a larger value in at least one variable 
and no less in the other variables. We deem this differential in utility 
effectiveness technical because it depends solely on quantities. How
ever, the difference in the quantities of the variables is measured in 
terms of—or translated into—their corresponding CIs through the cho
sen aggregating utility function.

Crucially, we show that overall utility effectiveness decomposes into 
(i) utility-technical effectiveness, which coincides with (the inverse of) 
DEA–BoD effectiveness and is independent of the utility function, its 
substitutability parameter and weights, and (ii) utility-allocative effec
tiveness, a factor capturing the preference-driven gap due to the 
composition (mix/balance) of indicators relative to the DM's trade-offs. 
Because the difference between the overall and technical utility effec
tiveness corresponds to the solution of the utility maximization problem 
under the structure of preferences of the DM, and the solution of the 
DEA-BoD model is the result of an unsupervised maximization process, 
any difference can be attributed to the discretional authority of the DM. 
This decomposition provides the institutional improvement sought by 
policymakers: it separates the objective part of performance shortfalls 
(insufficient indicator levels relative to best practice) from the subjective 
part (the extent to which performance depends on contested aggregation 
assumptions). When technical ineffectiveness dominates, performance 
deficits are primarily real shortfalls in indicator quantities; when allo
cative ineffectiveness is sizeable, rebalancing the composition of in
dicators becomes central.

We illustrate the approach by evaluating EU innovation systems 
using EIS data. The EIS is explicitly intended as a comparative moni
toring tool for Member States and is used to identify strengths, weak
nesses, and priority areas for policy [2]. Our empirical analysis 
compares results under three representative degrees of substitutability 
(or compensability, as it is referred to in the CI literature) and quantifies 
whether debates about aggregation and weights materially affect con
clusions once the objective technical component is separated from the 
subjective allocative component.

This article develops as follows. In Section 2 we present the theory to 
measure subjective utility effectiveness. We develop our model consid
ering choice theory that assumes that DMs exhibit: a) a coherent pref
erence structure over a set of variables, characterized by a utility 

(aggregating) function with corresponding weights, and b) a rational 
behavior by choosing the one that maximizes it subject to the attainable 
set of alternatives. In this section we consider as reference the constant 
elasticity of substitution utility function, which nests the most popular 
specifications used in constructing CIs, with the above degrees of sub
stitutability: arithmetic mean (linear), geometric mean (Cobb-Douglas), 
and fixed proportions (Leontief). We close this section defining the 
concept of overall utility effectiveness and providing an example that 
illustrates it. In Section 3 we recall the DEA-BoD methods, define the 
concept of technical utility effectiveness and relate it to the overall 
utility effectiveness. We also show the decomposition of utility effec
tiveness into technical (quantities) based on the concept of Pareto- 
effectiveness and the residual allocative (weights) utility effectiveness 
that can be attributed to alternative sets of weights (those favoring the 
evaluated alternative under DEA-BoD versus those chosen by the DM). 
Section 4 is devoted to our application. Here we report the results on 
utility effectiveness comparing the above aggregating functions with 
their corresponding degrees of substitutability: linear-perfect sub
stitutes, Cobb–Douglas-imperfect substitutes, and Leontief-no substi
tutability, as well as its decomposition into technical (DEA-BoD) and 
allocative effectiveness. In the calculations of technical effectiveness and 
to prevent the ‘curse of dimensionality’, we adopt ‘Ensemble-DEA’ and 
identify the benchmark peers for each country. Finally, Section 5 con
cludes by discussing its contributions and identifying the potential av
enues for further research.

2. Utility maximization and benchmarking: utility effectiveness

2.1. Utility functions and substitutability

Let us consider a DM who wants to determine the relative perfor
mance of k = 1, …,M observed alternatives (individuals, firms, organi
zations, countries) according to a utility function (or CI) representing 
her preferences over a set of non-negative i = 1, …,N variables (criteria, 
attributes, indicators). Following choice theory (e.g., Ref. [13]), we as
sume that the DM has a rational, continuous, and locally nonsatiated 
preference relation on the attainment set of variables, represented by a 
utility function that is assumed to be continuous. Additional properties 
imposing regularity conditions such as differentiability, monotonicity 
and quasiconcavity may be considered also for analytical convenience. 
These properties ensure that the indifference sets are convex and exhibit 
a decreasing marginal rate of substitution between variables. In this 
study we consider that the utility function of the DM is represented by a 
Constant Elasticity of Substitution (CES) aggregator [46]: 

U(I)=
[
w1Iρ

1 + w2Iρ
2 + ...+ wNIρ

N
] 1/ρ

, (1) 

where ρ ∈ [− ∞, 1] is the substitution parameter, wi ∈ [0, 1], 
∑

iwi = 1, 
i = 1, …,N, are preference parameters weighting the variables, and Ii, 
i = 1, …,N, are the observed quantities of the variables, or, considering 
our empirical application, indicators. Relevant for this study, the CES 
utility function (1) is homogenous of degree one, implying that if we 
increase the quantity of all indicators in a given proportion, utility in
creases in the same proportion (nevertheless, it can be modified to 
accommodate other degrees of homogeneity). Although other utility 
functions have been proposed (e.g., the quasi-linear utility function), the 
CES specification is chosen because it corresponds to a generalized 
weighted average (power mean) that nests the three most popular 
functions as special cases, capturing the whole range of elasticity of 
substitution between infinitum and zero. Each of these functions char
acterize a different degree of substitutability between variables, while 
keeping the utility level constant. Let us define the elasticity of 

1 The methodology is inspired by Farrell's [44] decomposition of economic 
(revenue) inefficiency. Revenue efficiency compares observed revenue with 
maximum feasible revenue (being the revenue function a linear weighted 
mean), which can be decomposed into a technical component (distance to the 
frontier) and an allocative component (suboptimal output mix given market 
prices). Once projected onto the frontier, a firm may still fail to maximize 
revenue because its output mix is not aligned with prices; the remaining gap is 
allocative inefficiency [45]. This logic shows how objective frontier bench
marking and preference weight/price structures can be combined rather than 
substituted.
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substitution among indicators as σ = 1/(1− ρ), representing the per
centage change in the ratio of two variables divided by the percentage 
change in their Marginal Rate of Substitution (MRS) while keeping the 
utility level constant, then2

— If ρ → 1, ULR(I) =
∑N

i=1wiIi is linear (LR), and the variables are 
perfect substitutes: σ → ∞. Utility is calculated as the weighted 
arithmetic mean of the variables.

— If ρ → 0, then UCD(I) =
∏N

i=1Iwi
i corresponds to the Cobb-Douglas 

(CD) specification: σ → 1. Utility is calculated as the weighted 
geometric mean of the variables.

— If ρ → − ∞, then ULT(I) = min{Ii, i= 1, ...,N} corresponds to the 
Leontief (LT) specification and the variables are perfect comple
ments: σ → 0, i.e., there is no substitutability among them.

Table 1 summarizes the above specifications and features.
From a quantitative perspective, the following relationship between 

the three specifications holds: 

Proposition 1. Given a set of variables Ii, i=1, …,N, with Ii ≥ 0 ∀ i, and 
associated weights wi ∈ (0,1], 

∑
iwi = 1, i=1, …,N, the following in

equalities are observed ULR(I) ≥ UCD(I) ≥ ULT(I).
Proof. First, as for the inequality ULR(I) ≥ UCD(I), since ULR(I) =

∑N
i wiIi 

is a weighted arithmetic mean and UCD(I) =
∏N

i=1Iwi
i is a weighted geometric 

mean, Aldaz [47] proves the following relationship: 
∑N

i wiIi ≥
∏N

i=1Iwi
i +

∑N
i=1wi

(
I0.5
i −

∑N
i=1wiI0.5

i

)2
, where the last term is the weighted variance of 

the vector I0.5 = (I0.5
1 , …., I0.5

N ). Therefore, given that 
∑N

i=1wi

(
I0.5
i −

∑N
i=1wiI0.5

i

)2 
≥ 0, ULR(I) ≥ UCD(I)—the equality is verified 

when Ii = Ij,∀i, j. Second, as for the inequality UCD(I) ≥ ULT(I), we assume 
without loss of generality that ULT(I) = min{Ii, i= 1, ...,N} = I1, then Ii ≥ I1 
∀i. Since wi ≥ 0, raising both sides to the power wi preserves the inequality: 

Iwi
1 ≥ Iwi

1 , ∀i. Multiplying over i=1, …,N yields 
∏N

i=1
Iwi
i ≥

∏N

i=1
Iwi
1 =

Iw1+...+wN
1 = I1, i.e. UCD(I) ≥ ULT(I)UCD(I)—again, the equality is verified 

when Ii = Ij,∀i, j.
Within the CES utility framework, the linear and Leontief specifica

tions represent the extreme cases of substitutability among variables, 
respectively corresponding to the fully compensatory and non- 
compensatory approaches discussed in the literature [12]. Compensa
bility in the linear utility function implies that variables can be fully 
substituted. For example, in an index used for ranking innovation sys
tems, increasing the R&D expenditure in the business sector (BERD) can 
always substitute a reduction in the number of Employed ICT specialists 
(EICTS). Contrarily, under the Leontief utility function, indicators are 
non-compensatory and cannot be substituted. Although the measure
ment of satisfaction in terms of utility normally refers to a 
subject-dependent, ordinal concept, the definition and numerical 
calculation of CIs represent an area where utility theory provides 
guidance. The reason is that the preferences of a DM are clearly spelled 
out and commonly applied to a set of alternatives.

2.2. Discussion of the alternative utility specifications

The linear utility function ULR(I) is the most popular among DMs as it 
represents the usual aggregation rule applied to a set of indicators 
(OECD, 2003, p.5). The reason is that it allows to rank observations 
considering the weighted arithmetic mean of the indicators and without 
restricting the substitutability among them, thereby accommodating 

any value observed across the alternatives to be evaluated, including 
zeros. The Cobb-Douglas specification UCD(I) corresponds to the 
weighted geometric mean and the degree of substitutability is lower, 
while utility tends to zero as any of the indicators approaches zero. This 
function is by far the most popular one in economics because it is 
consistent with standard assumptions resulting in a decreasing MRS 
among variables (e.g., marginal utilities are decreasing in the 
variables—amounts consumed of the goods). However, the geometric 
mean penalizes observations whose indicators have low values and large 
variability (i.e., unbalanced values with indicators close to zero), which 
exacerbates differences among observations in the rankings, penalizing 
the worst performers.3 Contrarily, the Leontief specification ULF(I) has 
never been considered in benchmarking exercises until now because, by 
precluding any substitutability, it requires DMs to explicitly define a 
specific set of fixed proportions among indicators (e.g., BERD/EICTS). In 
this function, the indicator with the smallest value represents a bottle
neck and, therefore, this specification penalizes poor performance the 
most. In this regard, the more strict the attitude of the DM in terms of 
substitutability, in the sense that the focus is more on the indicators in 
which the alternatives perform poorly, without the possibility of 
compensating this deficit with those in which it performs better, the 
more negative the value for the substitution parameter ρ should be (see 
Proposition 1 below). The Leontief case (ρ = − ∞) represents the extreme 
case as the utility corresponds to the minimum value observed across 
indicators.

Relevant to the determination of the substitutability among in
dicators is the choice of weights wi. Different options are available. Some 
are derived from statistical and optimization models, such as Principal 
Components Analysis, Factor analysis, Benefit of the Doubt, and unob
served components models, or from participatory methods like budget 
allocation processes, analytic hierarchy processes and conjoint analysis 
[6]. However, most DMs rely on equal weighting, wi = 1/N, i = 1, …,N. 
In the case of the linear utility function this choice makes its value 
equivalent to the arithmetic average of the indicators: ULR(I) =

∑
iIi/N. 

In the case of the Cobb-Douglas specification the value corresponds to 
the geometric mean: UCD(I) =

( ∏
iIi
)1/N

=
̅̅̅̅̅̅̅̅̅∏

iIiN
√

.
When choosing equal weights, indicators can be substituted in equal 

absolute values under the linear specification and in equal percentage 
values under the Cobb-Douglas specification (e.g., a 5% increase in 
BERD compensates a 5% reduction in EICTS), keeping the value of the 
utility constant. Moreover, focusing on the MRS, while the substitut
ability of indicators is constant under the linear specification, regardless 
the relative values of the indicators (high or low), it is decreasing for the 
Cobb-Douglas formulation. In terms of the indifference curves of the 
utility functions they are linear and convex, respectively.4 The literature 
has criticized the simplicity of the linear utility function [8], but its 
specification, equivalent to the arithmetic mean, makes it more under
standable to stakeholders than the geometric mean (Cobb-Douglas) or 
fixed proportions (Leontief) formulations. We share the criticism to the 
linear function because it is unrealistic to assume that indicators are 
fully compensable regardless of their relative abundance or scarcity. 
Using the previous example, increasing the BERD, can always substitute 

2 Proofs of these results normally resort to the fact that the CES function has 
the form of a generalized weighted (power) mean or applying L'Hôpital's rule to 
the differential of the CES function ([27], Appendix).

3 For an interpretation of the utility functions as CIs constructed with 
penalizing power means, see Mariani et al. [48].

4 This implies that while the marginal utility of increasing an indicator is 
constant under the linear specification, it is decreasing in the Cobb-Douglas 
specification. Hence, in benchmarking exercises, alternatives with lower 
values would tend to favor geometric aggregation over linear aggregation. The 
reason is that the marginal utility derived from an increase in a low valued 
indicator, ceteris paribus the remaining indicators, is greater under geometric 
aggregation than under the linear aggregation. Therefore, a country would be 
more incentivized to focus on indicators with low values if geometric aggre
gation were employed, as this approach would enhance its prospects of 
improving its ranking position at a greater pace.
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a reduction in the EICTS. However, this substitutability must necessarily 
decrease as compensating equal reductions in the number of specialists 
becomes increasingly harder because they become so scarce that, 
eventually, it is not possible to have a functioning innovation system 
without their presence. On the contrary, with the linear specification, 
the same utility level can be achieved by constantly substituting one for 
another until only one of them is fully used and the other is zero.5 Under 
the Leontief specification utility is independent of the weights, and the 
implicit proportionality is 1:1; i.e., the excess difference in any indicator 
whose value is greater than the minimum does not increase the utility. 
This is consistent with a preference scheme where all weights are equal, 
i.e., wi = 1/N, i = 1, …,N. As we demonstrate in what follows, the 
weights provide the necessary information to explicitly characterize the 
fixed proportions among indicators required by the DM. Moreover, from 
a policy perspective, matching the fixed proportions of the best per
forming alternatives may be a desirable goal for the DM to provide 
effectiveness improvement recommendations.

Summing up, we showed that by considering the CES utility function 
(1) we can easily model and interpret the most popular specifications 
and determine the relative performance of the alternatives obtained 
under each substitutability assumption, providing relevant and com
plementary information to DMs. This will be illustrated in the empirical 
section evaluating the performance of innovation systems where we 
determine the efforts that ineffective countries need to undertake to 
improve and eventually reach the utility levels of leading countries, and 
how the different specifications of the utility functions drive these 
changes.

2.3. Attainable set and its effective subsets

Assuming a utility function, the problem is to determine what 
alternative maximizes the utility of the DM, thereby becoming the MPA 
among the set of observations. For this purpose, let us define the 
attainable set, T⊂RN

+, considering the values of the indicators observed 
across the alternatives, in the following way: 

T=

{

I∈RN
+ :

∑K

k=1
λkIki≥ Ii, i=1, ...,N;

∑K

k=1
λk=1,λk≥0,k=1, ...,M

}

.

(2) 

Here, the multipliers λk are the intensity weights that, depending on 
their values, result in alternative linear combinations of the observed 
alternatives. They can be interpreted as ‘percent contributions’ given the 
constraint 

∑M
k=1λk = 1. As we show below, when searching for the 

alternative that maximizes the utility of the DM or the effectiveness 
score, these multipliers build the optimal benchmarks on the frontier for 
the alternative under evaluation.

The attainable set satisfies the following properties:
(P1) T ∕= ∅;
(P2) T is bounded ∀I ∈ RN

+;

(P3) I ∈ T, I ≥ Í ⇒Í ∈ T, i.e., indicators are freely disposable;
(P4) T is a closed set;
(P5) T is a convex set.
Fig. 1 illustrates the attainability set considering six observations and 

two indicators, whose values, following standard practice in the CI 
literature, are normalized to ensure that they are free of units of mea
surement and range in the unit interval, i.e., [0,1].6 The attainable set is 
represented by the area below linear combinations of alternatives A, B 
and C, including the horizontal and vertical extensions, corresponding to 
property (P3). In this example, observations D and E lie inside the 
attainable set, and they will never be preferred by the DM.

It is worth noting the similarity between the attainable set T and the 
Activity Analysis model proposed by Koopmans [50] in production 
theory. This model has been developed using DEA techniques starting 
with Farrell [44], Boles (1966) and Charnes et al. [51], evaluating the 
performance of decision making units. Readers familiar with this 
approach can relate the attainable set (2) to a production model without 
inputs [52] which is the base for the measurement of relative effec
tiveness (i.e., to what extent observations are capable of attaining spe
cific goals), without considering the resources (efforts) employed in the 
process [53]. This same model is the base of the DEA-BoD approach for 
constructing CIs [9,54]. We resort to DEA methods to measure and 
decompose the utility effectiveness of the alternatives in the following 
sections.

A relevant concept for benchmarking and performance measurement 
is the frontier of the attainable set, represented by those observations 

Table 1 
Representative cases of the CES utility function used in composite indicators.

Utility Substitution parameter: ρ Functional specification Substitutab. (MRS) Elasticity of substitution: σ Aggregating function

Linear (LR) ρ → 1 ULR(I) =
∑N

i=1
wiIi Perfect and constant σ → ∞ Weighted arithmetic mean

Cobb-Doug. (CD) ρ → 0 UCD(I) =
∏N

i=1Iwi
i

Variable and decreasing σ → 1 Weighted geometric mean
Leontief (LT) ρ → − ∞ ULT(I) = min

i
{Ii} None σ → 0 Weighted fixed proportions

Note: Beyond these three representative cases bounding the elasticity of substitution, the CES utility function is a generalized weighted mean that produces a different 
aggregator for ∞ ≥ ρ ≥ − ∞. The lower (higher) the value of ρ the higher (lower) penalization for relatively poor performances on one or more variables.

Fig. 1. An example illustrating the MPA for the CES function and utility 
effectiveness.

5 This is the reason why the UNDP's Human Development Index switched 
from the arithmetic to the geometric mean, both with equal weights, in 2010, 
UNDP [49]. 6 See OECD [6], p.27) for a discussion on normalization methods.
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that are not quantitatively dominated in the sense of Pareto (i.e., al
ternatives that lie on the boundary of T and represent combinations of 
variables that cannot be improved upon a given dimension without 
worsening other dimensions). The frontier plays a key role in the eval
uation of performance because it holds alternatives that are candidates 
to maximize the utility of the DM; that is, the MPA. Formally, the Pareto 
effective frontier corresponds to the following subset of T: 

Definition 1. The strongly effective frontier of the attainability set T is 
defined as 

FS(T)= {I∈T : Iʹ≥ I, Iʹ∕= I⇒Iʹ∕∈T} (3) 

In Fig. 1 the strongly effective frontier of the attainability set cor
responds to the line segments ABC (i.e., observations A, B and C and the 
linear combinations between A and B and between B and C). In the 
benchmark analysis we consider all observations belonging to FS(T) as 
being strongly effective.

However, there is a weaker notion of effectiveness represented by 
alternatives that have the maximum value in one variable and therefore 
are not dominated in all dimensions. This is the case of observation F =
(IF1, IF2) = (1, 0.1) in Fig. 1, which shows the maximum value in the first 
indicator, but does not belong to FS(T) because it is dominated by 
observation C producing the same amount of I1, but a larger quantity of 
I2. Therefore, one can consider a weaker notion of effectiveness by 
recognizing these observations as part of a weaker notion of effective 
frontier.

Definition 2. The weakly effective frontier of the attainability set T is 
defined as 

FW(T)= {I∈T : Iʹ> I⇒Iʹ∕∈T} (4) 

In Fig. 1 the weakly effective subsets correspond to the boundary of 
the attainability set represented by the segments ABC (the strongly 
effective frontier) as well as their horizontal and vertical extensions 
(depicted as horizontal and vertical dashed lines). Therefore, FS(T) ⊆
FW(T) and a strongly effective alternative is also weakly effective, but 
not vice versa. In general, the MPA will be strongly efficient but, as we 
show below, under specific utility specifications and weights (e.g., 
Leontief), the alternative maximizing the utility may be weakly efficient.

2.4. The utility maximization problem

The utility maximization problem (UMP) of the DM subject to the 
attainment set of alternatives (2) is formulated as follows: 

Max
I,λ

U(I) =
[
w1Iρ

1 + w2Iρ
2 + ...+ wNIρ

N
] 1/ρ

s.t. T =

{

I ∈ RN
+ :

∑K

k=1
λkIki ≥ Ii, i = 1, ...,N;

∑K

k=1
λk = 1, λk ≥ 0, k = 1, ...,M

}

.

(5) 

In the UMP the DM chooses the combination of indicators in the 
attainable set T to maximize her utility level, U

(
I*
MPA

)
. Given the poly

hedral nature of the attainment set T, the preferred combination of in
dicators maximizing the utility, I*

MPA, corresponds to a linear 
combination of the observed alternatives for which all M restrictions are 
saturated (verified as equalities). Then the MPA can be recovered from 
the set of optimal intensity variables λ* obtained when solving (5), i.e., 
I*
MPA =

∑M
k=1λ*

kIk. Most likely, the MPA will not be an observed alterna
tive, but rather a linear combination of those alternatives whose optimal 
lambdas are positive, λ*

k > 0—in case an observed alternative k is an 
MPA then λ*

k = 1.
Note that the UMP searches for the MPA without imposing any re

striction on the proportions that must be observed between the vari

ables. In the case of the Leontief utility function, the preferences of the 
DM over the set of indicators through their weights determine the pro
portionality between indicators. If we redefine the utility function to 
incorporate the weights, i.e., ULT(I) = min{wiIi, i = 1, ..., N}, then the 
greater the weight wi the smaller the amount required of Ii to reach a 
given utility level. This feature is common to the other two specifica
tions, but in this case the weights define a fixed proportionality between 
the quantities of the indicators yielding equal utility, i.e., min{wiIi} =

min
{
wjIj

}
⇔ wiIi = wjIj, ∀i ∕= j, i, j = 1, ..., N, or, alternatively, wi/wj =

Ij/Ii, ∀i ∕= j, i, j = 1, ...,N. For example, if wi = 0.75 and wj = 0.25, then 
Ii = Ij/3 and the amount of Ii must be one third of Ij (1:3).7 Incorporating 
the fixed proportions defined by the DM requires including these bilat
eral proportions as constraints in program (5)—in DEA terminology the 
set of weight restrictions (see Ref. [55]). The number of restrictions 
corresponds to the combination of the M variables taken two at a time 
without repetition, i.e., CM

2 = M!/(2(M − 2)!). However, once the 
required proportionality among weights and indicators is considered, all 
combinations simplify by substitution to the bilateral restrictions of one 
weight (e.g., that of the first variable) against the rest, so the number of 
restrictions is M− 1. Under these restrictions it may be feasible that, 
when solving program (5), some of the restrictions 

∑M
k=1λkIki ≥ Ii, i = 1,

..., I, are not saturated in the optimal solution (i.e., they are verified as 
inequalities), resulting in the existence of slacks. 

Proposition 2. If the utility function U(I) is a continuous function, then 
the utility maximization problem has a solution.

Proof. Mas-Colell et al. [13], p. 943). Since the definition of the attain
able set T in (2) ensures that it is a compact set (i.e., bounded and closed), 
then a continuous function always attains a maximum [Weierstrass 
Theorem].

2.5. An example

We illustrate in Fig. 1 the UMP subject to the attainment set. We 
consider the previous three specifications of the utility function 
considering equal weights. Linear: ULR(I) = 0.5I1 + 0.5I2; Cobb- 
Douglas: UCD(I) = I0.5

1 I0.5
2 ; and Leontief: ULT(I) = min{I1, I2}, subjeto 

to I1 = I2. In this latter case, the DM determines the maximum utility 
assuming that equal amounts of the indicators yield the same utility. 
That is, since w1I1 =w2I2, or, equivalently, w1/w2 = I2/I1, we have that 
w1/w2 = 0.5/0.5 = 1 and, therefore, I1 = I2.

Table 2 reports that the preferred alternative of the DM maximizing 
her utility under each utility function is B: i.e., ULR( I*

B
)
= UCD*( I*

B
)
=

ULT*( I*
B
)
= 0.8 (shaded in grey in Table 2). For each utility specification 

the corresponding indifference contour associated with the MPA is 
represented in Fig. 1. The example is designed in such way that maxi
mizing the utility under the above specifications and weights identifies 
the same benchmark (MPA) on the strongly effective frontier FS(T) and 
yields the same utility value. As shown in the empirical application this 
is not the case normally, and therefore we can make the following 
remarks:

Different functions with equal weights identify alternative MPA and utility 
values. As the UMP (5) depends on the attainable set and the formulation 
of the utility function, the benchmarks will differ across functions even 
under common weights. For instance, changing the weights to w1 = 0.75 
and w2 = 0.25 results in: 

− ULR( I*
C
)
= 0.825;

7 Alternatively, if the weights were intended to reflect desirable proportions 
between the quantities of indicators, i.e., wi/wj = Ii/Ij,∀i ∕= j, i, j = 1, ...,N, the 
utility function would be inversely redefined as ULT(I) = min{Ii /wi,i = 1,...,N}. 
In the example this reverses the proportionality to 3:1.
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− UCD*(I*
BC
) = 0.8, with the MPA being a linear combination of alter

natives B and C. The intensity variables are λ*
B = 0.692 and 

λ*
C = 0.308 yielding I*

MPA = (0.862,0.646) ;
− ULT*(I*

AB
) = 0.329, with the weights w1/w2 = I2/I1 = 0.75/0.25 = 3. 

Therefore, the DM determines that the utility of I1 is three times 
larger than the utility of I2 (e.g., I1 = 0.1 yields the same utility as 
I2 = 0.3). Solving model (5) with the constraint corresponding to this 
fixed proportion yields I*

MPA = (0.329,0.988), which is the linear 
combination of alternatives A and B with λ*

B = 0.941 and λ*
C = 0.059.

The MPA may belong to the weakly efficient frontier FW(T). Let us 
consider the Leontief function with w1 = 0.8 and w2 = 0.2. Solving the 
UMP with the corresponding fixed proportion constraint yields I*

MPA =

(0.25, 1), which belongs to the weakly efficient frontier FW(T). In the 
optimal solution λ*

A = 1, and therefore the restriction corresponding to 
the first variable is not saturated, i.e., λ*

AIA1 > I* (0.3 > 0.25). Hence, the 
difference between the two is the slack existing in that dimension: 
s+*
1 = 0.3− 0.25 = 0.05.

Multiple optima. Given that the attainability set is a convex poly
hedral, conformed by intersecting hyperplanes, it is feasible that in the 
case of the linear utility function− and in combination with a particular 
set of weights− there may exist multiple solutions to the UMP. For 
instance, removing observation C would make segment AB the strongly 
effective frontier of the new attainability set. Under the linear function 
and equal weights, w1 = 0.5 and w2 = 0.5, all alternatives in this segment 
would maximize the utility.8

2.6. Benchmarking performance: utility effectiveness

Once the MPA has been determined by the DM, it is possible to 
benchmark the performance of the alternatives by defining the ratio of 
observed utility to maximum utility, thereby measuring the utility 
effectiveness of the alternatives. That is, for alternative k, 

UEk =
U(Ik)

U
(
I*
MPA

)≤1, k= 1, ...,M. (6) 

An alternative is effective if it maximizes program (5), i.e., it is a MPA 
and UEk = 1. Otherwise, if UEk < 1 it is deemed ineffective, and UEk 
measures its relative utility effectiveness. For instance, UEk = 0.5, im
plies that the alternative yields half the utility of the MPA. In this case, 
the k-th observation could double its performance in the eyes of the DM 
if it changed the value of its indicators to match those of the MPA. 
Therefore, the greater the value, the larger the utility effectiveness and 
vice versa. Table 2 reports the relative effectiveness of the alternatives 
with respect to B for each specification of the CES utility function. Fig. 1
illustrates utility effectiveness considering the linear specification: 
ULR(I) = 0.5I1 + 0.5I2. For example, the maximum utility corresponding 
to ULR

(
I*
B
)
= 0.8 is represented by the green line tangent to the attain

able set. Then the utility of alternatives A and C, ULR(IA) = ULR(IC) =

0.65, is represented by the brown dashed line, while their utility 
effectiveness, UEA = UEC = 0.813 = 0.65/0.8 corresponds to the gap 
between the brown and green lines. Similarly, for alternative E, its utility 
effectiveness UEE = 0.5 = 0.4/0.8 is represented by the gap between the 
red and green lines.

The disparity in the range of values for utility effectiveness depends 
on the choice of utility function. More importantly, the ranking of al
ternatives under each utility function differs beyond the MPA. For 
example, under the linear and Cobb-Duglas functions, the second most 
preferred alternatives are A and C, but under the Leontief function it is 
alternative D. After that, each utility function has its own ranking. The 
relevance of the rankings is paramount since DMs use them to categorize 
the alternatives. For example, the EIS uses a linear utility function with 
equal weights to define the so-called ‘Summary Innovation Index’ (SII). 
Based on the values of the SII, they classify countries as ‘Innovation 
leaders’, ‘Strong innovators’, ‘Moderate innovators’ and ‘Emerging in
novators’ [2]. Changing the utility functions or the weights would result 
in alternative rankings, with countries classified differently. This shows 
the subjective nature of any evaluation process when ranking the al
ternatives according to their performance under a specific aggregating 
utility function and set of weights.

A practical way to choose among different utility specifications is to 
treat them as alternative assumptions about substitutability across in
dicators, and select the one that best matches the decision context (or 
use them as a sensitivity check when that context is unclear). Linear 
utility implies perfect substitutability (strong compensation: high per
formance in one dimension can fully offset low performance in another); 
Leontief implies no substitutability (non-compensatory: weak perfor
mance in any dimension strongly limits overall performance); and 
Cobb–Douglas/CES lies in between (partial, smooth substitutability with 

Table 2 
Benchmarking alternatives through utility functions, equal weights: wi = 1/N.

Alternatives Observed Utility Utility Effectiveness Utility Effectiveness Decompositions (strongly effective frontier, FS(T)

Linear Cobb- 
Douglas

Leontief Linear Cobb- 
Douglas

Leontief Tech. 
Effec.

Linear Cobb-Douglas Leontief

(I1, I2) ULR(I) UCD(I) ULT(I) UELR UECD UELT 1/ϕ*
k Technical: 

UTES
k

Allocative: 
UAES

k

Technical: 
UTES

k

Allocative: 
UAES

k

Technical: 
UTES

k

Allocative: 
UAES

k

A = (0.3,1) 0.650 0.548 0.300 0.813 0.685 0.375 1.000 1.000 0.813 1.000 0.685 1.000 0.375
B = (0.8,0.8) 0.800 0.800 0.800 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
C = (1,0.3) 0.650 0.548 0.300 0.813 0.685 0.375 1.000 1.000 0.813 1.000 0.685 1.000 0.375
D = (0.5,0.5) 0.500 0.500 0.500 0.625 0.625 0.625 0.625 0.625 1.000 0.625 1.000 0.625 1.000
E = (0.3,0.5) 0.400 0.387 0.300 0.500 0.484 0.375 0.556 0.554 0.903 0.554 0.875 0.554 0.677
F = (1,0.1) 0.550 0.316 0.100 0.688 0.395 0.125 1.000 0.846 0.813 0.577 0.685 0.333 0.375

U
(
I*B
)

0.800 0.800 0.800 − − − − − − − − −

Note: The decomposition of utility effectiveness considering the weakly and strongly effective frontiers, (11) and (14), are the same because all alternatives either 
belong to or are projected to the strongly efficient frontier (i.e., are slacks are zero). The only exception is alternative F, located on the weakly effective frontier, i.e., 
ϕ*

F = 1, and a positive slack in the second indicator, s+*
F2 = 0.2, the decomposition is equal to: UEF = UTEW

F × UAEW
F = 1× UAEW

F , with UEF = UAEW
F for each spec

ification of the utility function.

8 Imposing the property of strict quasi-concavity of the utility function U(I), 
as with the Cobb-Douglas and Leontief specifications, ensures that the prefer
ences of the DM are strictly convex, preventing the existence of multiple optima 
in combination with a polyhedral attainability set ([13]; Ch. 3).
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diminishing returns). In many policy benchmarking applications, 
including the empirical section of this study on innovation systems, the 
true degree of compensation is unknown (although the EC favors the 
perfect substitutability imposed by the simplest utility function corre
sponding to the arithmetic mean), so reporting results for the three cases 
is not a drawback but a robustness/sensitivity exercise that brackets 
realistic preference structures—showing how rankings and effectiveness 
change from fully compensatory to fully non-compensatory aggregation.

3. Decomposing utility effectiveness into technical (quantity) 
and allocative (weight) factors

It is possible to shed light on the sources of utility ineffectiveness 
with respect to the most preferred benchmark by considering the per
formance of an alternative within the attainable set. The rationale is 
that, when evaluating how effective alternatives are, the DM determines 
first if the alternative under evaluation belongs to the frontier of the 
attainable set; in particular, the strongly efficient frontier defined by 
observations that are Pareto effective. The reason is clear, a dominated 
alternative cannot maximize utility regardless of the specific function 
and weights chosen by the DM. Therefore, preference weights are 
irrelevant at this stage of the analysis, which is purely technical and 
based on the quantity of the variables. Any DM interested in improving 
the performance of an alternative expects it to increase the quantity of 
the indicators to reach the effective frontier to increase its utility. 
Arguably, the easiest way to increase effectiveness is to expand the value 
of the indicators in their existing proportions, implying that the struc
ture of the system being evaluated remains unchanged. For instance, 
considering that the current structure of an innovation system is the 
result of past investment decisions, the EC can simultaneously recom
mend increasing the population with tertiary education and R&D 
expenditure in the public sector by 20% without changing the fixed 
proportions among these indicators.

One can resort to DEA to determine the technical effectiveness of an 
alternative through the so-called quantity (technical) effectiveness score 
measuring the radial distance from an alternative to the weakly frontier 
FW(T).9 Linear program (7) below operationalizes the above proposal by 
calculating the amount (factor) in which the vector of observed in
dicators can be radially expanded until a projection on FW(T) is ach
ieved. However, since the benchmark alternative on the frontier may be 
dominated in individual dimensions, a second program is solved to 
determine if any slacks exist. These individual slacks, denoted by s+i ,
i = 1, …, N, are calculated through program (8). This ensures that any 
inefficient alternative is projected to a benchmark that is Pareto- 
effective by belonging to the strongly effective frontier, FS(T). There
fore, denoting by o the alternative under evaluation we solve the 
following linear programs M times, one for each alternative10

First stage: Radial output technical effectiveness 

max
ϕ,λ̂

ϕo 

s.t.
∑M

k=1
λ̂kIki ≥ ϕoIοi, i = 1, ...,N,

∑M

k=1
λ̂k = 1, k = 1, ...,K,

λ̂ ≥ 0.

(7) 

Second stage: Additive slacks in effectiveness 

max
s+ ,λ̃

∑N

i=1
s+oi 

s.t.
∑M

k=1
λ̃kIki − s+oi = ϕ*

oIoi, i = 1, ...,N,

∑M

k=1
λ̃k = 1, k = 1, ...,K,

λ̃ ≥ 0, s+o ≥ 0.

(8) 

The optimal solutions to the above programs (7) and (8) are denoted 
by ϕ*

o ≥ 1 and s+*
o ≥ 0, respectively. An alternative is technically effec

tive if ϕ*
o = 1 and s+*

o = 0. Otherwise, it does not belong to the strongly 
effective frontier—although it belongs to the weakly efficient frontier if 
ϕ*

o = 1 and s+*
o > 0. From program (7) one obtains the projection on the 

weakly effective frontier, denoted by ̂I
W
o , as the linear combination of the 

alternatives that serve as benchmark for the alternative under evalua

tion, i.e., ̂I
W
o = ϕ*Io =

∑M
k=1 λ̂

*
kIki. Building on this solution, program (8) 

searches for the individual slacks s+oi, i = 1, …,I, once the alternative Io 
under evaluation has been projected to the weakly efficient frontier—as 
shown by the inclusion of ϕ*

oIo in the right hand side of the N restrictions. 
Then, using the solutions to programs (7) and (8), it is possible to 
determine the reference alternative on the strongly effective frontier of 

the attainable set, denoted by ̂I
S
o, by calculating first the radial projection 

of alternative Io to the weakly efficient frontier, Î
W
o = ϕ*Io, and subse

quently adding the vector of individual slacks. Thereby, the technically 

efficient benchmark corresponds to Î
S
o = Î

W
o + s+*

o = ϕ*
oIo + s+*

o . Given 
that ϕ*

o ≥ 1 and s+*
o ≥ 0, the following inequalities are verified for any 

alternative k: ̂I
S
k ≥ Î

W
k ≥ Ik.

Once the effectiveness of an alternative based on quantities has been 
calculated, it is possible to decompose utility ineffectiveness (6) 
considering either the weakly efficient frontier ϕ* ≥ 1, or the strongly 
effective frontier, s+* ≥ 0, as we show next.

3.1. Decomposing utility effectiveness against the weakly effective frontier

Taking the weakly efficient frontier as benchmark represents the 
standard practice in DEA-BoD effectiveness models. This implies that the 
DM ignores the existence of slacks associated with the attainable set T 
and is satisfied with benchmarking alternatives against peers that may 
be Pareto dominated. In this case the benchmark alternative corre
sponds to Îo = ϕ*Io, and recalling that the CES utility function (1) is 

homogeneous of degree one, we observe that U
(
Î
W
k
)
= U

(
ϕ*

kIk
)
=

ϕ*
kU(Ik). Mirroring the ratio form of expression (6) we can define the 

following measure of utility technical (quantity) effectiveness: 

UTEW
k =

U(Ik)

U
(
Î

W
k
)=

U(Ik)

ϕ*
kU(Ik)

=
1
ϕ*

k
≤1, k=1, ...,M. (9) 

Hence, if UTEW
k < 1, the evaluated alternative is Pareto-dominated in 

quantities and does not belong to the weakly effective frontier, resulting 
in a loss of utility that can be measured in proportional terms through 
the (inverse) of the radial measure ϕ*

k. For instance, ϕ*
k = 2 indicates that 

the alternative yields half the utility of its projection on the frontier 
FW(T), which could be attained by doubling the amount of all indicators 

9 The radial model searching for feasible increases of all indicators in the 
same proportion corresponds to the output oriented canonical model in DEA 
[51]. Other popular effectiveness measures used in in BoD models are the ad
ditive model [15] and the directional distance function [17].
10 With model (7) we follow Lovell and Pastor [52] and calculate an 

output-oriented variable returns to scale model without inputs. The BoD 
effectiveness model put forward by Cherchye et al. [14] is formulated as an 
input-oriented constant returns to scale DEA model in the multiplier form with 
a common single constant input with a value at one. Van Puyenbroeck [56] 
shows that there is a direct, reciprocal relation between both formulations.
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simultaneously. On the contrary, if UTEW
k = 1, the alternative is techni

cally effective and cannot increase the utility of the DM by radially 
expanding the quantity of indicators.

One sees that DEA-BoD effectiveness (UTEW
k ) measures whether an 

alternative is technically effective, that is, whether it lies on the efficient 

frontier when it is allowed to choose the most favorable multipliers (λ̂
*
k). 

Utility effectiveness (UEk) extends this concept by evaluating whether 
the technically effective benchmark also maximizes the utility of the 
DM, given a choice of utility function with a specific substitutability and 
weight structure. In this sense, DEA-BoD effectiveness captures technical 
feasibility—as it depends on quantities only, while utility effectiveness 
assesses allocative optimality relative to the DM's preferences; an 
alternative may be DEA-BoD effective but not utility-effective if the 
multipliers that ensure technical effectiveness differ from those that 
maximize utility.

Therefore, even if a (projected) alternative is technically effective by 
belonging to the weakly effective frontier, it may fall short of maxi
mizing the utility of the DM. The reason is that the utility function of the 
DM does not identify alternative k as MPA, implying that the allocation 
(mix or balance) of indicators, ̂Ik = (̂I1k,⋯, ÎNk) , is suboptimal given the 
structure of the preferences. From Proposition 2, positing the existence 
of a solution to the utility maximization problem (5), the following 
inequality is verified U

(
I*
MPA

)
≥ U( Î k). This implies that we can define 

the following measure of relative utility allocative (weight) effectiveness 
capturing the utility gap between an effective alternative and the most 
preferred one: 

UAEW
k =

U
(
Î

W
k
)

U
(
I*
MPA

)=
ϕ*

k U(Ik)

U
(
I*
MPA

) =ϕ*
k UEk ≤1, k= 1, ...,M, (10) 

where the last equality is obtained substituting the definition of utility 
effectiveness (6). As before, UAEW

k < 1 indicates that the effective 
alternative on the weakly efficient frontier does not maximize the utility 
of the DM, while UAEW

k = 1 signals that it is the MPA.11 This can be 
easily shown by considering the optimal solutions to problems (7) and 
(5). On the one hand, the solution to program (7) yields the optimal 

multipliers λ̂
*
k that identify the benchmark composite indicator on the 

frontier: Î
W
k =

∑M
k=1 λ̂

*
kIki, and whose utility is calculated as: U

(
Î
W
k
)
=

U
(∑M

k=1 λ̂
*
kIki

)
. On the other hand, the alternative that maximizes the 

utility is the solution to program (5), yielding the optimal multipliers λ*
k 

that identify the most preferred linear combination of frontier in
dicators: I*

MPA =
∑M

k=1 λ*
kIki, and whose utility is U

(
I*
MPA

)
=

U
(∑M

k=1 λ*
kIki

)
. Since the utility function (1) of the DM (defined by the 

aggregating functional form U, ρ and weights, wi), is the same for both 

indicators, Î
W
k and I*

MPA, we see immediately that the only difference 
between the utilities of both indicators is the set of optimal multipliers, 

λ̂
*
k and λ*

k. Then, when λ̂
*
k = λ*

k the projection of alternative Ik, Î
W
k , hap

pens to maximize the utility of the DM, i.e., Î
W
k = I*

MPA, and therefore 

U
(
Î
W
k
)
=U

(
I*
MPA

)
resulting in UAEW

k = 1. Alternatively, if the optimal 
multipliers obtained when solving (7) are different from those obtained 

when solving (5), i.e., ̂λ
*
k ∕= λ*

k, then ̂I
W
k ∕= I*

MPA with U
(
Î
W
k
)
<U

(
I*
MPA

)
and, 

therefore, UAEW
k < 1.

The maximization of the utility allows us to bring the preferences of 
the DM into the analysis rather than restricting it to simply determine if 
an alternative can increase its technical effectiveness. Note that from a 

DEA-BoD perspective, both composite indicators, Î
W
k and I*

MPA, would 

have the same unitary solution when solving program (7), ϕ*
o = 1, 

meaning that they are effective from a technical perspective, and it is not 
possible to discriminate (or rank) between the two alternatives. Hence, 
utility allocative effectiveness UAEW

k allows establishing if an alternative 
maximizes the utility beyond its technical status (i.e., beyond the DEA- 
BoD model). This depends on the utility function of choice describing 
the preferences of the DM with respect to the degree of substitutability 
between indicators, ρ (as presented in Table 1), and the weights wi.

In case the alternative is ineffective from an allocative perspective, it 
must change its indicators to match the quantities of the MPA. Rear
ranging expression (10), we obtain the following decomposition of 
utility effectiveness (6): 

UEk =
U(Ik)

U
(
I*
MPA

)=
1
ϕ*

k
×

U
(
Î

W
k
)

U
(
I*
MPA

)=UTEW
k ×UAEW

k ≤1, k=1, ...,M. (11) 

Therefore, for each alternative k we can learn about the causes of 
utility ineffectiveness, being either technical (i.e., related to insuffi
ciently valued indicators with respect to the weakly effective frontier of 
the attainable set, UTEW

k ) and/or allocative (i.e., related to wrong bal
ance of indicators given the weight structure of the decision maker, 
UAEW

k ).

3.2. Decomposing utility effectiveness against the strongly effective 
frontier

Taking into consideration the existence of individual slacks that 
allow for non-proportional increases in the indicators leads to the 
decomposition of utility effectiveness against the strongly effective 
frontier. This implies that both radial and non-radial increments in the 

indicators are taken into account (i.e, Î
S
k = ϕ*

kIk + s+*
k ). In this case the 

homogeneity property of the utility function cannot be invocated, and 
we define utility technical (quantity) effectiveness against FS(T) as follows: 

UTES
k =

U(Ik)

U
(
Î

S
k
)=

U(Ik)

U
(
ϕ*

oIo + s+*
o
)≤ 1, k= 1, ...,M, (12) 

where the numerical values are interpreted in the same way: UTES
k < 1 

indicates that the evaluated alternative does not belong to the strongly 
effective frontier, resulting in a loss of utility. On the contrary, if 
UTES

k = 1, the alternative is technically effective and cannot increase the 
utility of the DM by expanding (both radially and non-radially) the 
quantity of indicators.

However, as before, a technically effective alternative may fall short 
of maximizing the DM's utility given the structure of weights of her 

utility function; i.e, U
(
I*
MPA

)
≥ U

(
Î
S
k
)
. In this case we define the relative 

utility allocative (weight) effectiveness as follows: 

UAES
k =

U
(
Î

S
k
)

U
(
I*
MPA

)=
U
(
ϕ*

kIk + s+*
k

)

U
(
I*
MPA

) ≤1, k=1, ...,M, (13) 

with the same interpretation that its weakly efficient counterpart (10). 
Combining the last two expressions we obtain the corresponding 
decomposition of utility effectiveness (6): 

UEk =
U(Ik)

U
(
I*
MPA

)=
U(Ik)

U
(
Î

S
k
)×

U
(
Î

S
k
)

U
(
I*
MPA

)=UTES
k ×UAES

k ≤1, k=1, ...,M. (14) 

Again, technical ineffectiveness refers to insufficiently valued (in 
quantity) indicators with respect to the strongly effective frontier of the 
attainable set, UTES

k, while allocative ineffectiveness, UAES
k is related to a 

wrong balance of indicators given the weight structure of the DM's 
utility function.

Comparing the decompositions based on the strongly and weakly 
effective frontiers, we observe that the following inequalities hold: 

11 Note that, as shown in the example, under a Leontief utility specification, 
an alternative may be the MPA even if slacks exist in individual dimensions.

J.L. Zofío et al.                                                                                                                                                                                                                                  Socio-Economic Planning Sciences 106 (2026) 102528 

9 



UTES
k ≤ UTEW

k and, therefore, UAES
k ≥ UAEW

k , with the two de
compositions being equal when the alternative under evaluation is 
projected radially through (7) onto the strongly effective frontier and, 
therefore, the optimal slacks are null, s+*

o ≥ 0.

3.3. An example (cont.)

Table 2 presents the decomposition of utility effectiveness UEk with 
respect to the MPA B under each utility specification and considering the 
strongly effective frontier FS(T) as reference. All alternatives, except F, 
either belong or are radially projected through program (7) to this 
frontier (e.g., alternative E is projected to the linear combination E′ of 
alternatives A and B in Fig. 1, implying that their associated optimal 
slacks in program (8) are zero). Consequently, for these alternatives, A 
thru E, the decompositions associated with the weakly and strongly 
effective frontiers are equal. Moreover, since there are no slacks, the 
three specifications yield the same utility technical effectiveness UTES

F, 
which is equal to the (inverse) of their effectiveness score, 1/ ϕ*

k (re
ported in the 8th column under ‘Tech. Effec.’), given the homogeneity 
property of the CES function. For this reason, it is the associated allo
cative factor, UAES

F, the term capturing the difference between the 
different utility effectiveness corresponding to the linear, Cobb-Douglas 
and the Leontief specifications.

However, in applications with real data the existence of positive 
slacks is pervasive. This implies that the three decompositions have 
different values when considering the strongly effective frontier as 
reference. This can be illustrated with alternative F, which belongs to the 
weakly effective frontier, with an effectiveness score equal to ϕ*

F = 1, 
and a positive slack in the second indicator, s+*

F2 = 0.2. As for any 
alternative that belongs or is projected to the weakly effective frontier, 
the three technical effectiveness factors are different. For the linear 
utility function we obtain: UTES

F
⃒
⃒
LR = 0.846, while for the Cobb-Douglas 

and Leontief functions these are UTES
F
⃒
⃒
CD = 0.577 and UTES

F
⃒
⃒
LT = 0.333. 

The residual nature of the allocative terms makes them dependent on 
UEk and UTES

F, and therefore their values adjust accordingly to complete 
the decompositions. In the empirical application evaluating the utility 
effectiveness of national innovation systems we show the practical 
relevance of measuring utility effectiveness against Pareto effective 
benchmarks, i.e., the strongly effective frontier, so the sources of utility 
ineffectiveness are correctly identified by DMs.

Finally, we remark that the difference between the strongly and 
weakly effective frontiers emerges in the context of standard applica
tions of the DEA model using programs (7) and (8). As surveyed in the 
introduction, the DEA and BoD literature offers alternatives that might 
result in less frequent slacks. For instance, it is possible to impose either 
most preferred solutions —following value efficiency analysis—or, 
equivalently, a set of restrictions on the weights of the program dual 
to (7), which can prevent the existence of slacks by removing hyper
planes with zero weights (and positive slacks). For example, considering 
the example in Fig. 1, this would result in a reconfiguration of the 
strongly efficient frontier whose two supporting hyperplanes would be 
those defined by alternatives A and B, AB, and B and C, BC, and their 
extensions to the axes. This effectively removes the horizontal and 
vertical dashed extensions corresponding to the weakly efficient fron
tier. Nevertheless, the adoption of these restrictions implies further 
normative judgements made by the DM, along with the preferred utility 
function.

4. Utility effectiveness of national innovation systems

4.1. Data and sources: the European Innovation Scoreboard

The approach presented in this study is used to evaluate the effec
tiveness of national innovation systems considering the 2024 edition of 

the EIS.12 The EIS provides a series of 32 indicators that aim at evalu
ating the innovation systems of the 27 EU member countries—online 
Appendix lists all 32 indicators. To make our results comparable to 
those obtained by the European Commission [2] we adopt their 
weighting scheme, which assigns equal values to all indicators. Previous 
studies, such as Edquist et al. [57], Barbero et al. [43] and Zofío et al. 
[58], have relied on EIS data to analyze the performance of innovation 
systems from an efficiency perspective by grouping the EIS indicators 
into input and output categories. In this study all indicators are cate
gorized as outputs to illustrate the new methodology combining CIs and 
DEA-BoD. The EIS encompasses 12 dimensions (sub-pillars) ranging 
from ‘Human resources’ to ‘Environmental sustainability’, which are 
further aggregated into four main types of activities (pillars): ‘Frame
work conditions’, ‘Investments’, ‘Innovation activities’, and ‘Impacts’. 
Due to the high number of indicators, classical DEA methods run into the 
so-called curse of dimensionality, which results in almost all countries 
being classified as efficient. For this reason, researchers tend to either 
group indicators in higher categories (as the aforementioned 12 di
mensions or four types), select a representative subset of indicators 
before running the DEA models, or apply multivariate or regression 
methods to reduce their dimensionality.

4.2. ‘Ensemble-DEA’ methods and the DEA-BoD model

However, the fact that the standard DEA-BoD method proves insuf
ficient to measure effectiveness in studies involving a high number of 
variables relative to the number of observations has been solved through 
the so-called ‘Ensemble-DEA’. Recently introduced by Aparicio et al. 
[38], this methodology adopts ensemble-based techniques consisting of 
double-randomization of the data, applied to observations and vari
ables. By retaining all observations and variables in the original sample, 
the method maintains its integrity while retaining the interpretability of 
the efficiency scores. More specifically, Ensemble-DEA generates a suf
ficiently large number of different subsamples of the original data matrix 
by randomly replacing alternatives (rows) and indicators (columns) in 
such a way that a consistent balance between them is preserved, thereby 
avoiding the curse of dimensionality. The method is a crossover between 
model ensembles and randomization with respect to observations and 
indicators, effectively using strategies commonly employed in machine 
learning and data science and providing a more robust framework for 
efficiency analysis in general. Finally, as shown in our empirical appli
cation, the Ensemble-DEA method can offer detailed benchmarking in
formation, including the identification of peers for each observation 
evaluated, providing DMs with important insights to drive performance 
improvements. The method consists of the following steps: 

1) Step 1. Determination of the maximum number of indicators. Following 
standard practice, the size of a representative subsample balancing 
observations and indicators is determined through the heuristic rule 
proposed by Cooper et al. [59]. This popular rule establishes that the 
maximum number of indicators, N, relative to a number of alterna
tives, M, must satisfy M ≥ 3⋅(N + 1)⇔ N ≤ M

3 − 1. Consequently, 
since the number of countries is given in our application, we define 
the maximum number of indicators N# to be used for each subsample 
as the nearest integer to M3 − 1. In our case, since M = 27, then N# = 8.

2) Step 2. Generation of bootstrap samples and application of random 
alternative and indicator selection. Once the size of the subsample has 
been determined (27 countries and 8 indicators in our case), the next 
step is the generation of P bootstrap samples, denoted as ℵq, q = 1, .
..,P. The process entails generating several subsets of the original 
dataset through country and indicator resampling (note that country 

12 European Commission [2] offers a complete discussion of the statistical 
sources and variable specifications.
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k can be repeated in sample ℵq). This method guarantees that all 
dimensions of the dataset are included in the analysis if P is suffi
ciently large, thereby preventing any single country k or any single 
indicator i from dominating the results.

3) Step 3. Calculation of the Utility Effectiveness measure UEk
(
ℵq

)
for the 

bootstrap samples. For each sample ℵq we calculate country's k utility 
effectiveness UEk

(
ℵq

)
in accordance with (6) and using the different 

linear, Cobb-Douglas and Leontief specifications. This requires 
computing countries' utilities, U

(
Ik
(
ℵq

))
, as well as the maximum 

utility archived by the MPA in the sample, U
(
I*
MPA

(
ℵq

))
, obtained by 

solving problem (5). As for the weights, we maintain the same 
neutral scheme adopted by the EC, i.e. wi = 1/N# = 0.125, i = 1, …,N

4) Step 4. Calculation of the weak and strong Utility Technical Effectiveness 
measures, UTEW

k
(
ℵq

)
and UTES

k
(
ℵq

)
, for the bootstrap samples. 

Measuring utility technical effectiveness against the weakly efficient 
frontier (4) requires to calculate country's k effectiveness score 
solving program (7) for each sample ℵq, i.e., UTEW

k
(
ℵq

)
= 1/ ϕ*

k. 
Additionally, determining utility technical effectiveness against the 
strongly efficient frontier UTES

k
(
ℵq

)
requires solving program (8) for 

any existing slacks, s+*
k . Subsequently, the utility of the projection is 

calculated, 
(
Î
S
k
)
= U

(
ϕ*

kIk +s+*
k
)

, which in turns allows determining 
UTES

k
(
ℵq

)
in accordance with (12).

5) Step 5. Decomposition of the Utility Effectiveness measure UEk
(
ℵq

)

against the weakly and strongly efficient frontiers. Utility effectiveness 
can be decomposed into technical and allocative effectiveness 
against the weakly and strongly efficient frontiers following ex
pressions (11) and (14), respectively. This requires recovering, for 
each sample ℵq, the allocative terms UAEW

k
(
ℵq

)
and UAES

k
(
ℵq

)
.

6) Step 6. Aggregation of the effectiveness measures for each alternative. To 
summarize the results across the P solved bootstrap samples we 
aggregate individual effectiveness using the so-called denominator 
rule. Balk and Zofio [60] study existing rules that ensure a consistent 
aggregation of measurement scores whereby the aggregate retains 
the same interpretation and properties of the individual measures. 
Different rules can be defined using either the (weighted) arithmetic, 
geometric or harmonic means. Here we choose the popular arith
metic mean whose weights correspond to the shares of the maximum 
utility value achieved in each sample ℵq over the sum of 
all maximum utility values across all P samples (for each sample 
ℵq accounting for the number of times a country k is present, k ∈ ℵq); 
i.e.,

UEk =

∑

q=1,...,P

k∈ℵq

U
(
Ik
(
ℵq

))

∑

q=1,...,P

k∈ℵq

U
(
I*
MPA

(
ℵq

)) =

=
∑

q=1,...,P

k∈ℵq

U
(
I*
MPA

(
ℵq

))

∑

l=1,...,P

k∈ℵq

U
(
I*
MPA(ℵl)

)

(
U
(
Ik
(
ℵq

))

U
(
I*
MPA

(
ℵq

))

)

(15) 

Then, aggregate utility effectiveness can be decomposed in a 
consistent manner into aggregate utility technical effectiveness and 
aggregate utility allocative effectiveness as follows: 

UEk =

∑

q=1,...,P

k∈ℵq

U
(
Ik
(
ℵq

))

∑

q=1,...,P

k∈ℵq

U
(
Î

F
k
(
ℵq

))

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏟

UTE
F
k

×

∑

q=1,...,P

k∈ℵq

U
(
Î

F
k
(
ℵq

))

∑

q=1,...,P

k∈ℵq

U
(
I*
MPA

(
ℵq

))

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏟

UAE
F
k

=

=
∑

q=1,...,P

k∈ℵq

U
(
Î

F
k
(
ℵq

))

∑

l=1,...,P

k∈ℵq

U
(
Î

F
k
(
ℵq

))

(
U
(
Ik
(
ℵq

))

U
(
Î

F
k
(
ℵq

))

)

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅⏟

UTE
F
k

×
∑

q=1,...,P

k∈ℵq

U
(
I*
MPA

(
ℵq

))

∑

l=1,...,P

k∈ℵq

U
(
I*
MPA

(
ℵq

))

(
U
(
Î

F
k
(
ℵq

))

U
(
I*
MPA

(
ℵq

))

)

⏟̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏞⏞̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅ ⏟

UAE
F
k

,

(16) 

where F=W,S, depending on whether the alternative under evaluation is 

projected to the weakly or strongly efficient frontier: ̂I
F
k
(
ℵq

)
.

4.3. Results

Following this step-by-step methodology we apply ‘Ensemble-DEA’ 
to calculate utility technical effectiveness models (7) and (8). We run a 
total of P=50,000 subsamples because this number is large enough for 
the results to converge to a steady value. In each subsample we consider 
eight indicators (see Step 1 above and the adoption of Cooper et al.’s 
[59] ‘rule of thumb’) and 27 countries. Table 3 ranks EU countries by the 
average value of their observed linear utilities ULR

(I). The ranking 
mirrors that offered by the EIS since the linear utility ULR(I) is equal to 
the SII reported by the EIS. Denmark and Romania are the best and worst 
performing countries. Denmark constitutes the MPA for all utility 
specifications, and triples in value the utility of Romania, 0.750 versus 
0.241. The utility values and rankings show a high degree of correlation 
between the average and geometric means despite the different substi
tutability assumptions: ρ

(
ULR

(I),UCD
(I)

)
= 0.992, but differences emerge 

when fixed proportions are assumed ρ
(
ULR

(I),ULT
(I)

)
= 0.886, ρ

(
UCD

(I),

ULT
(I)

)
= 0.933. We observe that Proposition 1 is verified for each in

dividual country and on average for all countries, with the fixed pro
portion values being substantially smaller than the linear and geometric 
aggregators. The assumption of fixed proportions can lead to substantial 
changes in the ranking of performance. For instance, Finland ranks 3rd 
according to ULR

(IFinland) = 0.706, but 19th according to 
ULT

(IFinland) = 0.075, which represents a relevant drop and shows that 
the Finnish innovation system is quite unbalanced with respect to the 
assessment scheme represented by the equal weights.

4.3.1. Utility effectiveness and its decomposition
Utility effectiveness is calculated using definition (6) dividing the 

utility of each country k by maximum utility. Showing consistency with 
the observed utility values in all three specifications, Denmark and 
Romania are the countries with the highest and lowest utility 
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effectiveness, with values of 0.954 and 0.310 for the linear (arithmetic 
mean, UELR

(I)) specification, 0.950 and 0.236 for the Cobb-Douglas 
(geometric mean, UECD

(I)) specification, and 0.749 and 0.091 for the 
Leontief (fixed proportions, UELT

(I)) specification. Considering utility 
effectiveness based on the conventional linear function, UELR

(I), 
Romania could increase its effectiveness on average by 222.6% (=(1/ 
0.310− 1)×100) by expanding its innovation indicators, thereby reach
ing the maximum observed utility. Alternatively, Denmark can barely 
increase its performance by 4.8% (=(1/0.954− 1)×100) on average.

As for the sources of utility ineffectiveness, we report in Table 3 its 
decomposition against the strongly effective frontier (3), corresponding 
to expression (14). As expected, technical utility ineffectiveness is 
greater than its allocative counterpart for the case of the linear and 
Cobb-Douglas utility functions. Nevertheless, the average values are not 
that far apart since under the linear specification UTES

k
⃒
⃒
LR = 0.774 and 

UAES
k
⃒
⃒
LR = 0.854, while for the Cobb-Douglas UTES

k
⃒
⃒
CD = 0.747 and 

UAES
k
⃒
⃒
CD = 0.883. The sources of ineffectiveness reverses under fixed 

proportions, given the unbalance distributions of the indicators of na
tional innovations systems with respect to the equal values that imposes 
the Leontief specification: UTES

k
⃒
⃒
LT = 0.833 and UAES

k
⃒
⃒
LT = 0.647. Hence, 

we observe that: 1) the lower the substitutability between indicators, the 
greater the gap between technical and allocative effectiveness; and 2) 
the choice of the Leontief function, which bans any substitutability, 
aggravates allocative inefficiencies and makes them the main source of 
ineffectiveness.

The choice of utility function thus plays a crucial role in shaping 
performance evaluation. While the BoD model evaluates countries based 
on their ability to reach the frontier under the most favorable weights, it 
does not incorporate the preferences of the DM regarding the relative 
importance and substitutability of indicators. The proposed utility 
effectiveness framework complements this perspective by evaluating 
performance under an explicit utility function, allowing us to assess not 
only whether a country is efficient, but whether it performs well ac
cording to a given preference structure. Therefore, beyond measuring 
relative performance, the proposed framework enriches the standard 
BoD analysis by introducing a preference-based benchmark that allows 
us to evaluate how well countries perform under explicit normative 
criteria defined by the DM.

Fig. 2 depicts the kernel density functions of these two countries for 
the 50,000 samples under the three specifications. While the density is 
higher around one for Denmark—with the exception of the fixed pro
portions specifications that is bimodal, this is not the case for Romania, 
which is clearly ineffective when reaching innovation goals under any 
specification. In the case of Romania, the probability density for the 
score accumulates almost entirely in the interval [0.05, 0.60]. In 
contrast, Denmark accumulates almost all its density in the interval 
[0.08, 1.00]. The consideration of the fixed proportions specifications 
with the same weights adds more variability to the results because it 
imposes an equally balanced combination of indicators that is not nor
mally matched by the innovation systems.

The utility effectiveness scores reveal a familiar pattern seen in BoD 
analyses that rely on socioeconomic indicators: the ranking of countries 
is positively correlated with their value. This means that nations with 

Table 3 
Benchmarking European innovation systems, equal weights: wi = 1/8. Average aggregates of 50,000 samples.

Country Observed Utility Utility Effectiveness Utility Effectiveness Decompositions (Strongly Effective Frontier, FS(T))

Linear Cobb- 
Douglas

Leontief Linear Cobb- 
Douglas

Leontief Tech. 
Effec.

Linear Cobb-Douglas Leontief

(I1, ..., I8) ULR
k (I) UCD

k (I) ULT
k (I) UELR UECD UELT 1/ϕ*

k Technical: 
UTES

k
⃒
⃒
LR

Allocative: 

UAES
k
⃒
⃒
LR

Technical: 
UTES

k
⃒
⃒
CD

Allocative: 

UAES
k
⃒
⃒
CD

Technical: 
UTES

k
⃒
⃒
LT

Allocative: 

UAES
k
⃒
⃒
LT

Denmark 0.749 0.727 0.495 0.954 0.950 0.749 0.999 0.998 0.956 0.998 0.953 0.997 0.751
Sweden 0.734 0.696 0.379 0.940 0.915 0.583 0.999 0.997 0.943 0.996 0.919 0.990 0.588
Finland 0.705 0.653 0.335 0.906 0.861 0.517 0.997 0.986 0.919 0.980 0.879 0.951 0.543
Netherlands 0.695 0.666 0.399 0.893 0.880 0.616 0.989 0.970 0.922 0.965 0.911 0.932 0.661
Belgium 0.683 0.657 0.408 0.878 0.867 0.629 0.988 0.967 0.908 0.964 0.899 0.945 0.666
Austria 0.643 0.627 0.455 0.828 0.830 0.697 0.981 0.946 0.874 0.944 0.879 0.935 0.746
Ireland 0.627 0.562 0.240 0.807 0.743 0.370 0.986 0.962 0.839 0.951 0.782 0.881 0.420
Luxembourg 0.620 0.553 0.239 0.797 0.731 0.369 0.987 0.956 0.834 0.945 0.774 0.882 0.419
Germany 0.617 0.582 0.324 0.794 0.771 0.500 0.983 0.942 0.843 0.934 0.825 0.880 0.568
Cyprus 0.587 0.510 0.200 0.755 0.675 0.309 0.987 0.938 0.805 0.920 0.734 0.824 0.375
Estonia 0.579 0.542 0.295 0.746 0.718 0.455 0.948 0.862 0.865 0.846 0.848 0.753 0.605
France 0.575 0.541 0.296 0.741 0.716 0.458 0.939 0.852 0.870 0.832 0.861 0.701 0.653
Slovenia 0.503 0.478 0.282 0.648 0.633 0.438 0.860 0.750 0.864 0.732 0.865 0.622 0.704
Spain 0.497 0.466 0.281 0.640 0.617 0.434 0.878 0.756 0.846 0.735 0.839 0.642 0.676
Czechia 0.496 0.464 0.258 0.639 0.615 0.400 0.867 0.766 0.834 0.744 0.826 0.621 0.643
Italy 0.495 0.469 0.288 0.638 0.622 0.446 0.899 0.772 0.827 0.758 0.819 0.687 0.649
Malta 0.486 0.389 0.133 0.627 0.515 0.205 0.938 0.830 0.755 0.767 0.672 0.544 0.377
Lithuania 0.462 0.411 0.199 0.595 0.544 0.308 0.881 0.754 0.789 0.721 0.755 0.606 0.509
Portugal 0.461 0.425 0.227 0.594 0.563 0.351 0.824 0.691 0.859 0.659 0.854 0.507 0.692
Greece 0.428 0.362 0.145 0.552 0.480 0.225 0.853 0.716 0.771 0.659 0.729 0.455 0.494
Hungary 0.390 0.354 0.179 0.502 0.469 0.278 0.725 0.613 0.819 0.580 0.808 0.436 0.637
Croatia 0.384 0.331 0.126 0.495 0.438 0.196 0.745 0.560 0.885 0.499 0.879 0.290 0.674
Poland 0.364 0.326 0.153 0.469 0.432 0.237 0.710 0.536 0.875 0.492 0.879 0.320 0.741
Slovakia 0.360 0.330 0.192 0.463 0.437 0.297 0.693 0.582 0.797 0.558 0.783 0.485 0.612
Latvia 0.296 0.261 0.121 0.382 0.346 0.187 0.540 0.431 0.884 0.395 0.876 0.282 0.663
Bulgaria 0.254 0.195 0.059 0.328 0.258 0.092 0.582 0.376 0.872 0.299 0.861 0.142 0.650
Romania 0.241 0.178 0.059 0.310 0.236 0.091 0.557 0.386 0.803 0.306 0.772 0.168 0.542

U
(
I*MPA

)
0.776 0.756 0.647 ​ ​ ​ ​ ​ ​ ​ ​ ​ ​

Average 0.516 0.472 0.251 0.664 0.625 0.387 0.864 0.774 0.854 0.747 0.833 0.647 0.602
Median 0.497 0.469 0.240 0.640 0.622 0.370 0.899 0.772 0.859 0.758 0.848 0.642 0.643
Minimum 0.241 0.178 0.059 0.310 0.236 0.091 0.540 0.376 0.755 0.299 0.672 0.142 0.375
Maximum 0.749 0.727 0.495 0.954 0.950 0.749 0.999 0.998 0.956 0.998 0.953 0.997 0.751
Stand. Dev. 0.145 0.151 0.114 0.186 0.198 0.174 0.145 0.195 0.050 0.215 0.066 0.262 0.109
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Fig. 2. Utility effectiveness, Utility technical effectiveness and Utility allocative effectiveness (strongly effective frontier, FS(T)): Denmark and Romania.
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well-developed and cohesive innovation systems consistently occupy 
the top positions, while those with weaker and fragmented systems fall 
behind. A clear geographical divide is evident in Fig. 3, separating 
northern from southern EU countries, and western from eastern ones. 
Scandinavian, Northern European, and Benelux nations stand out as top 
performers, whereas southeastern EU countries show the lowest per
formance levels. Given the high correlation between UELR and UECD, we 
show the values of the former and UELT . The color scale corresponds to 
the ten deciles of the distributions of utility effectiveness. We see that the 
difference in the values is large, although most of the countries belong 
generally to the same decile (i.e., they are depicted in the same color). 
Even if some countries change position from UELR to UELT , they mainly 
move to neighboring deciles and, therefore, their color does not change 
but only the intensity.

The maps illustrate that correlations between the utility effectiveness 
specifications is also large, with ρ

(
UELR

, UECD)
= 0.992, ρ

(
UELR

,

UELT)
= 0.886, and ρ

(
UECD

, UELT)
= 0.933. Besides Pearson's correla

tions, we also study ranking distributions using Spearman's statistic. 
Table 4 shows that the Spearman's correlations between the same ele
ments of utility effectiveness, either overall, technical or 
allocative—presented in the cells shaded in grey—are generally above 
0.9 and always statistically significant. The only exception is the cor
relation between the linear and the Leontief specifications of utility 
effectiveness ρs

(
UECD

,UELT)
= 0.8962, and specially, as previously dis

cussed, the rankings of allocative effectiveness between the Leontief 
specifications and the other two: ρs

(
UAES

k
⃒
⃒
LR, UAES

k
⃒
⃒
LT

)
= 0.6184 and 

ρs
(
UAES

k
⃒
⃒
CD,UAES

k
⃒
⃒
LT

)
= 0.7448.

This shows that the ranking of countries according to pairwise utility 
effectiveness is quite stable, particularly regarding technical effective
ness (always above 0.97). As for Spearman's correlation between 
different utility effectiveness, results show that they tend to be quite 
high (above 0.9) and significant between all specifications when 
comparing overall and technical effectiveness, but greatly decrease 

when comparing overall and allocative effectiveness, with correlations 
below 0.5 and around zero for the Leontief specification, without being 
statistically significant in all cases. The low correlation between overall 
and allocative utility effectiveness in the Leontief specifications shows 
that the former is driven by the technical component, and that the dis
parities between the proportions of the observed innovation indicators 
and the balanced ones represented by equal weights (i.e., allocative 
ineffectiveness) is, as expected, completely unrelated with technical 
(quantity) ineffectiveness.

The decomposition of utility effectiveness into technical and allo
cative components is central to understanding the added value of the 
proposed approach. The BoD framework focuses exclusively on tech
nical effectiveness, identifying whether a country can reach the frontier 
under the most favorable multipliers scheme (see Section 3.1). However, 
it does not assess whether the resulting combination of indicators is 
aligned with the particular preference structure of the DM. In contrast, 
our results show that countries may appear effective from a BoD 
perspective (technical effectiveness), yet still exhibit substantial utility 
losses due to an inadequate balance of indicators (allocative ineffec
tiveness), a dimension that is entirely absent in standard BoD analysis. 
This distinction is particularly relevant for policy purposes, as it differ
entiates between improving the overall level of indicators and correcting 
their internal composition.

Finally, besides the compatibility in the ranking of countries, we 
study whether the distributions of utility effectiveness are different be
tween specifications. We apply Simar and Zelenyuk's [61] test—who 
adapt Li's [62] test to truncated data like BoD scores starting at 
one—to these distributions and find that they are the same for the linear 
and Cobb-Douglas cases, but they are different between these two and 
the Leontief. The results, reported in Table 5, are consistent with those 
reported for the Spearman correlation confirming the robustness of the 
attained results. In this case, utility effectiveness distributions tend to be 
different (equal) when their correlation is low (high). Particularly, as 
before, the distributions of the overall and allocative utility effectiveness 
under the Leontief distribution are different from their linear and 

Fig. 3. Utility effectiveness —eq. (6). Linear UELR (left) and Leontief, UELR (right) specifications. 
Note: EuroGeographics for the administrative boundaries.
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Cobb-Douglas counterparts at the 1% level of confidence, while they are 
equal regarding technical effectiveness. As for the equality of distribu
tions between the linear and Cobb-Douglas specifications, it cannot be 
rejected at 1% level of confidence, indicating that, even if the results 
could be different for individual countries, one could use any of the two 
specifications to obtain results that, in general for the whole sample, are 
not statistically different.

4.3.2. Frontier peers and slacks
It is relevant for stakeholders to identify the benchmark country(ies) 

that maximize the utility when solving program (5), necessary to 

determine utility effectiveness, UEk, as well as all those that serve as 
reference peers of the radial projections on the utility frontier when 
solving program (7), required in turn to calculate the utility technical 
effectiveness UTEk. We focus first on these latter peers that Pareto 
dominate ineffective countries from a technical perspective. As dis
cussed in Section 3, it is possible to determine the countries that serve as 
reference when constructing the linear combinations that conform the 
frontier peers by looking at the optimal values of their associated mul
tipliers. A positive value of the multiplier in program (7), i.e., 

λ̂
*
k > 0 indicates that country k serves as reference target when 

measuring technical effectiveness.

Table 6 

Benchmark peers. Utility Technical Effectiveness. λ̂
*
ki > 0 (program (7)) in %.

Note: For each evaluated country (rows), the columns show the number of times—in percentage terms over the number of random samples where the country is 
present—that a country is a benchmark peer. The main diagonal reflects the number of times that a country has a score equals one, implying that it is its own 
benchmark. More intense color shades indicate bigger percentages (green) and lower percentages (red). Values in the diagonal is excluded from the summary 
statistics of each country.

Table 7 
Average value of slacks, 50,000 samples. Utility Technical Effectiveness (program (8)).

Note: For each evaluated country (rows), the columns show the average of the slacks amounts for each indicator—excluding from the average those subsamples in 
which the optimal slack solution is zero.
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Reading Table 6 by columns, we report the number of times (in 
percentage) that a country serves as benchmark for each evaluated row 
country, considering the 50,000 subsamples. Taking the first entry as 
example, Austria identifies itself as benchmark peer in 75.6.% of the 
total number of runs, implying that it is one of the best performers in 
those subsamples with ϕ*

k
(
ℵq

)
= 1 as optimal solution to program (7). 

This shows that the main diagonal identifies the number of times that 
the country under evaluation is effective by defining the utility frontier. 
Understandably, Denmark, the best country, is its own peer most of the 
times, 98.3%. On the contrary, still within the main diagonal, Latvia is 
the country that is deemed underperforming most frequently, as it is 
never efficient—even though it is not the most utility 
ineffective—followed by Croatia which is efficient just 1.9% of the 
times.

Focusing again on Austria, the first column reveals that although it 
performs relatively well—ranking 6th in UELR—it is not frequently 
recognized as a technical peer. The last four rows summarize peer fre
quency statistics across columns, excluding self-assessments on the main 
diagonal. On average, Austria is selected as a benchmark in just 6.77% of 
the samples, placing it around the overall mean. In contrast, Denmark, 
the top performer, is chosen in 19.21% of subsamples, followed by 
Sweden (13.17%), Finland (10.71%) and Ireland (10.31%), all 
exceeding the 10% mark. Also, it is possible to determine which country 
is more relevant in a bilateral comparison taking their respective fre
quencies as reference peers. For example, considering the best and worst 
performing countries, Denmark and Romania, the former is peer to the 
latter in 27.7% of the samples. On the contrary, Romania is never a peer 
to Denmark.

This technical utility analysis helps pinpoint which countries serve as 
performance references from a technical perspective when calculating 
the radial component of technical effectiveness ϕ*

k through program (7). 
However, when considering the strongly efficient frontier as reference to 
calculate UTES

k, as we report in Tables 3 and it is relevant to consider the 
magnitude of the individual slacks, s+oi, for all i = 1, …,32, indicators. 
Indeed, the more pervasive is the presence of slacks when solving pro
gram (8), the greater the disparity between the utility technical effec
tiveness considering either the weakly or strongly efficient frontiers, i.e., 
UTEW

k vs. UTES
k.

Table 7 presents, for each country, the average value of the slacks for 
all 50,000 samples excluding the number of times when the optimal 
solution is zero. Recall that the values are normalized between zero and 
one, and therefore the slack measures the proportion in which each 
indicator can be improved within that range. For countries whose slacks 
are always zero, this value is reported in the corresponding cell. 

Considering Denmark as the best performing country that is normally 
technically efficient with ϕ*

k = 1, we observe in its corresponding row 
that there are no slacks in many indicators, while the maximum average 
slack, 0.29, corresponds to indicator 3.2.1 (Innovative SME collabo
rating with others—see Annex 1). On the contrary, Romania, always 
exhibits positive slacks—except for indicator 4.2.1 (Medium and high- 
tech product exports)—with a maximum value of 0.52 in indicator 
1.2.1 (International scientific co-publications). Thanks to this informa
tion, each country can determine what individual dimensions are 
hampering their performance when attaining the performance level of 
their technical peers. Looking now at the descriptive statistics of the 
indicators, we see that the largest average slack across all countries is 
3.2.1 (Innovative SMEs collaborating with others), with a value of 0.28, 
followed by 1.2.1 (International scientific co-publications) and 2.2.1 
(R&D expenditure in the business sector) with 0.27. On the contrary, the 
indicator with the minimum average slacks is 4.2.1 (Medium and high- 
tech product exports) with 0.09. The general presence of slacks and their 
relatively high values confirm the relevance of decomposing utility 
effectiveness against the strongly efficient frontier that considers indi
vidual adjustments, rather than the weakly frontier that only considers 
radial increases.

4.3.3. Benchmarks maximizing utility
Once a country under evaluation increases its innovation indicators 

in the radial and individual slack amounts necessary to reach the utility 
frontier—thereby ensuring that it is not Pareto dominated—the final 
step to maximize its utility is to mirror the innovation system that, given 
the weights chosen by the DM, maximize the utility across all countries. 
As for the case of technical utility effectiveness, it is possible to deter
mine the country(ies) that serve as reference when maximizing utility by 
looking at the optimal values of their associated multipliers. In this case, 
one is interested in the positive values of the multipliers in program (5), 
i.e. λ*

k > 0, indicating that country k is now involved in the determina
tion of the MPA.

Reading now Table 8 below by columns, we report the number of 
times (in percentage) that a country maximizes the utility in the 50,000 
samples. The table is organized following the categorization of countries 
proposed by the EIS (i.e., from ‘Innovation leaders’ to ‘Emerging In
novators’). We see that Denmark is the country that maximizes the 
utility most frequently in all specifications, surpassing Sweden, Finland, 
and the Netherlands in all specifications, and accounting for a remark
able 76.2% of the times under the fixed proportions (Leontief) formu
lation. Therefore, Scandinavian and Northern European countries 
consistently emerge as role models. However, countries like 
Ireland—experiencing rapid economic growth—and smaller nations 

Table 8 
Benchmark peers maximizing utility (MPAs), λ*

ki > 0 in program (5), EIS, 2024.
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such as Cyprus, which are making relevant progress in innovation 
strategies, also frequently serve as peers. For underperforming EU 
countries, selecting a benchmark should consider the feasibility of 
replicating the innovation practices of leading nations, while recog
nizing that socioeconomic and institutional contexts may not be easily 
transferable.

We select Romania as the worst performing country to propose a 
typical strategy for innovation effectiveness improvements. Considering 
the case of the geometric mean represented by the Cobb-Douglas spec
ification to depart from the traditional linear aggregator, this country is 
technically ineffective (UTES

Romania = 0.306, Table 3) and could increase 
its utility on average by 226.8% (=(1/0.306− 1)×100). This can be 
achieved by mirroring the innovation system of Denmark, which is its 
most frequent benchmark on the utility frontier: 27.7% of the times 
(Table 6). This technical improvement in terms of utility can be achieved 
by radially increasing all indicators by 79.6% (ϕ*

o = 1.796), as well as 
individual increments of individual indicators. As reported in Table 7, 
absolute increases in the value of several indicators—interpretable as 
percentages—are feasible on average, such as 0.52 in indicator 1.2.1 
(International scientific co-publications), 0.51 in 2.1.1 (R&D expendi
ture in the public sector), and 0.48 in both 2.2.3 (Innovation expendi
tures per person employed in innovation-active enterprises), 3.1.1 
(SMEs with product innovations), 3.2.2 (Public-private co-publications) 
and 4.1.1 (Employment in knowledge-intensive activities). The relevant 
magnitude of these individual adjustments shows the important efforts 
that Romania must make to improve its innovation system, as well as the 
relevance of taking into consideration the presence of slacks when 
evaluating utility technical effectiveness.

Once the technical frontier is reached, utility allocative effectiveness 
(UAES

Romania = 0.772, Table 3) shows that an additional increase in utility 
to the tune of 29.5% (=(1/0.772− 1)×100) is possible by balancing the 
values of indicators to match those of, once again, Denmark, which is the 
MPA maximizing utility 62.3% of the times (Table 8). Overall, by 
increasing and balancing its innovation indicators, Romania would be 
able to increase its utility in the eyes of the DM by 323.7% (=(1/ 
0.236− 1)×100) (i.e., UERomania = 0.236, Table 3), an achievement that 
would require large investments and restructuring of the innovation 
system, for which this analysis provides a robust guidance.

From a standard BoD perspective, Romania's improvement strategy 
would focus on increasing all indicators to reach the frontier. However, 
the proposed utility-based framework provides an additional layer of 
insight: beyond increasing the level of indicators, Romania must also 
rebalance its innovation system to align with the preference structure 
embodied in the utility function. This highlights a key difference with 
the BoD approach, which focuses exclusively on quantity improvements, 
whereas our model also identifies misallocation across indicators as a 
source of ineffectiveness.

5. Conclusions and discussion

Composite indicators are predominantly used as policy bench
marking and communication instruments: they compress multidimen
sional information into a single message that can be compared across 
jurisdictions, tracked over time, and used to structure peer learning and 
policy debate [5,6]. Precisely because they serve political communica
tion and monitoring purposes, their construction is inevitably 
contested—indicator selection, normalization, aggregation and weights 
embed value judgements and may be perceived as ‘rigging’ [7,9]. In this 
study we therefore do not pursue the ill-posed objective of identifying 
“scientifically correct” weights. Instead, we address a practical inter
pretability problem: when a country performs poorly under a CI, how 
much of the gap reflects objective shortfalls in indicator levels, and how 
much reflects subjective choices about substitutability and weights?

We answer this question by making the preference content of CIs 
explicit. Interpreting a CI as a DM's utility function over indicators [12,

13], we define utility effectiveness as the ratio between the observed 
utility of an alternative and the maximum utility attainable within the 
observed feasible set (the Most Preferred Alternative, MPA). We work 
with the CES family because it nests the three canonical aggregators 
used in CI practice—linear (arithmetic mean), Cobb–Douglas (geometric 
mean) and Leontief (fixed proportions)—and thus spans the range from 
fully compensatory to non-compensatory evaluation [6,13]. Each spec
ification is characterized by a specific degree of substitutability between 
indicators, with the linear specification being the most flexible by 
allowing perfect substitution and the fixed proportions penalizing the 
most any deviation from the weights chosen by the DM. The geometric 
mean specification also penalizes the dispersion between indicators, 
thereby providing an alternative to ad-hoc formulations that rescale 
indicators based on the dispersion in values observed among them, and 
then aggregates these penalized values using the usual arithmetic mean; 
i.e., the ‘bottleneck’ literature represented by Acs et al. [63] and Zofío 
et al. [58]. As the main implication of the study, we show that the choice 
of utility function by the DM is not neutral and can lead to relevant 
changes not only in the MPA, but in also the ranking of observations. 
Therefore, the choice of (un)penalizing function is critical in the eval
uation process.

Our main methodological contribution is a decomposition of overall 
utility effectiveness into two mutually exclusive components with 
distinct institutional interpretations. First, utility-technical effectiveness 
(UTE) captures the objective, quantity-driven performance gap: it 
measures the distance to the best-practice frontier and coincides with 
(the inverse of) the DEA–BoD effectiveness score [9,14]. This component 
is independent of the particular utility specification, its substitutability 
parameter, and the weights, and therefore isolates the part of under
performance that is robust to the political contestation surrounding CI 
design. Second, utility-allocative effectiveness (UAE) captures the sub
jective, preference-driven gap: conditional on reaching the frontier, it 
measures the remaining utility loss due to an unbalanced mix of in
dicators relative to the DM's trade-offs embedded in the aggregator and 
weights.

This separation directly addresses the institutional logic of CI use. In 
policy discussions, frontier distance (low levels of indicators) and 
composition (a mismatch with the balance emphasized by the CI) are 
often conflated. Our decomposition disentangles them and clarifies the 
policy message. When UTE dominates, the implication is that poor 
performance reflects a genuine deficit in indicator quantities relative to 
best practice; debates about alternative weights or aggregators are 
second-order. When UAE is sizeable, rebalancing the internal composi
tion of the system becomes central and the normative question of “which 
balance” should be prioritized legitimately comes to the fore. Making 
this dependence explicit improves transparency, and reduces the risk 
that disagreements over weights overshadow the substantive diagnosis 
of performance.

Beyond interpretation, the framework yields actionable bench
marking guidance consistent with how CIs are used for policy 
learning—see the discussion on Romania closing the previous section. A 
three-stage improvement logic emerges: (i) close the technical gap by 
expanding indicator levels to reach the frontier (DEA–BoD bench
marking); (ii) address non-radial shortfalls through slacks to identify 
which dimensions lag most [15]; and (iii) once on the frontier, reduce 
allocative losses by rebalancing indicator composition toward the MPA 
implied by the DM's utility structure. This staged interpretation avoids a 
common pitfall in CI discourse—treating any performance shortfall as a 
‘weighting problem’ when it may primarily be a frontier-distance 
problem. This strategy is generally coherent even if the increments 
and changes required to become technically and allocative efficient 
might be contradictory, carrying unwanted adjustment costs. For this 
purpose, models directly projecting ineffective observations onto the 
MPA, identifying ineffectiveness as either technical or allocative, might 
be preferred [64–66].

A second practical contribution concerns feasibility in high- 
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dimensional CI settings. Standard DEA–BoD applications can suffer from 
the curse of dimensionality when the number of indicators is large 
relative to observations, weakening discrimination [67]. We therefore 
implement the approach with Ensemble-DEA [38], which preserves the 
full indicator set while improving robustness via repeated subsampling 
of countries and indicators. Relative to common 
remedies—pre-selecting indicators, collapsing them into higher-level 
pillars, or applying dimensionality-reduction techniques—this strategy 
maintains interpretability and avoids imposing additional ad hoc ag
gregation beyond the DM's stated preferences [57,58].

Empirically, considering the evaluation of innovation systems using 
data from the EIS, the linear arithmetic mean and the Cobb-Douglas 
geometric mean yield comparable results on average. Overall utility 
ineffectiveness is largely caused by the technical component, indicating 
that the main driver of underperformance is insufficient indicator levels 
rather than aggregation details. On the contrary, the fixed proportion 
Leontief, preventing any substitutability by definition, is very dissimilar, 
and identifies allocative ineffectiveness as the main cause of ineffective 
performance. This expected result explains why it is not adopted by 
international organizations, public institutions, or research bodies con
structing CIs. Our illustration turns the ‘weights debate’ into an empir
ical question: it can matter in principle, but its practical impact can be 
assessed only once objective frontier distance is separated from 
preference-driven composition effects [9–11]. Nevertheless, despite the 
choice of aggregating function, we identify the same geographical di
vides in performance between European regions, with Scandinavian, 
Northern European and Benelux countries at the top of the innovation 
rankings and Southern and Eastern European countries exhibiting the 
worst performance.

Several extensions are natural. Future work may incorporate alter
native technical effectiveness measures beyond the radial model (e.g., 
additive or directional measures) within the same decomposition logic 
[17,45,68]. The analysis of heterogeneous alternatives grouped by 
shared characteristics can be effectively addressed using meta-frontier 
approaches, which distinguish between intra- and inter-group effec
tiveness [25]. Extending the concept of utility effectiveness to a tem
poral framework—analogous to the Malmquist productivity index—and 
its decomposition into frontier change and effectiveness change would, 
in turn, enable the examination of performance dynamics over time 
[69]. From the perspective of the stakeholders, it is also possible to relax 
the single-DM assumption by considering heterogeneous preference 
structures and studying how allocative effectiveness changes across 
them, e.g. using cross-efficiency methods, Aparicio and Zofío [70]. 
Finally, while we illustrate the framework for innovation systems, the 
method applies broadly to other policy domains where CIs are used 
mainly for monitoring and communication rather than for identifying 
structural causal relationships, e.g., UNDP's Human Development Index.

In conclusion, the proposed utility effectiveness framework improves 
the interpretability of CI-based benchmarking in political settings by 
explicitly separating what is objective (frontier distance in quantities) 
from what is unavoidably normative (trade-offs embedded in aggrega
tion and weights). Rather than attempting to eliminate the political
–scientific tension inherent to CI construction, the method makes it 
measurable and transparent, allowing analysts and policymakers to 
communicate more clearly which part of the performance message is 
robust to aggregation choices and which part depends on them.
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