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Abstract

In a world in permanent (r)evolution that revolves around money, seeking new ways to contain
costs, better allocate resources, and, overall, improve performance is a constant across all the fields.
Hence, the usage of computational methods based on operational research and statistical science is
crucial for achieving an appropriate combination of efficiency and effectiveness, especially in domains
where the decision-making process is a complex task. This is where Data Envelopment Analysis (DEA)
comes in. However, as a non-parametric and, usually, purely objective technique, DEA makes up for in
flexibility and adaptability what it lacks in incorporating preference information, which is particularly
important in areas where the judgment of decision-makers is crucial. This work proposes a cutting-edge
and original approach to fill in this knowledge gap by linking DEA and multi-criteria decision-making
(MCDM) with an additive DEA model that takes into consideration criteria interactivity, by using
an inference methodology to determine their weights, and decision-makers’ preference information
incorporation, by taking advantage of the Choquet multi-criteria preference aggregation model. Thus,
PRICDEA (PReference information Incorporation using the Choquet integral in a DEA model)
was born, generating credible weights stemmed from the decision-maker’s judgments, and yielding
acceptable and valid results in a tailor-made case study of performance assessment of Portuguese
National Healthcare Service secondary healthcare providers across robustness-testing scenarios.
Keywords: Multi-criteria decision-making, Decision analysis, Data Envelopment Analysis, Choquet
integral, Interactive criteria, Preference information incorporation

1. Introduction

New challenges present themselves to the health-
care industry on a daily basis and require a profi-
cient management of the entirety of its dedicated
gross domestic product (GDP) resources. Further-
more, new regulations, new technologies, and new
organisations are being continuously created as a re-
sult of public policies. Hence, healthcare managers
need to overcome these obstacles by mastering per-
formance evaluation and decision-making skills. In
truth, the case of healthcare is not an isolated one
- management across all types of industries is mov-
ing towards a more objective performance evalua-
tion and decision-making (Ozcan, 2008). It is pre-
cisely this that the healthcare industry is desperate
for nowadays, especially nation-wide institutions as,
e.g., Portugal’s National Health Service (SNS, from
the Portuguese abbreviation of Serviço Nacional de
Saúde).

Portugal, in spite of being a medium-sized coun-
try and having always been of minor significance in

most circumstances in the European Union frame of
reference, has one of the oldest healthcare systems
in the world. Nowadays, its total healthcare spend-
ing reached over 16e billion in 2015. Effectively,
according to Portugal’s National Statistics’ Insti-
tute, 8.9% of Portugal’s GDP is devoted to health-
care, placing the westernmost country in mainland
Europe among the top healthcare spenders as a
percentage of GDP in the European Union, which
weakens Portuguese-based business’ global compet-
itiveness. As almost 10% of GDP is spent on health-
care year after year, the SNS is being pushed to
a limit where the stress of high costs forces pol-
icy makers and healthcare managers to seek new
ways to improve efficiency, contain costs, and main-
tain quality of care. To that end, one can claim
that improving the efficiency of healthcare is one of
the most important management challenges of the
twenty-first century (Ozcan, 2008).

In this context, this research places emphasis on
the application of a well-known performance mea-
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surement technique, sc. DEA, that, alongside the
Choquet integral as an aggregation tool that takes
into account interaction phenomena among crite-
ria, develops into a state-of-the art methodology ac-
knowledging preference information incorporation
that infers the weights of the preceding interactive
criteria from a reference set via a mathematical pro-
gramming linear optimisation for decision-making
in a context of performance assessment of SNS sec-
ondary healthcare providers in Portugal.

Hence, this paper is composed of five sections
aligned with the objectives and methodology de-
scribed above. In this first section, an introduction
is presented with a focus on the motivation that
led to the research, alongside a compelling descrip-
tion of the problem at hand by aiming attention
at the global health environment before particu-
larising the Portuguese situation. An appraisal of
the knowledge gap is the second and rational sec-
tion before developing the cherished model. With
the fundamentals settled, a methodology section is
essential in furtherance of describing the methods
in which the soon-to-be-named PRICDEA model
is based on: the ‘two-phase method’ built on the
additive (ADD) DEA model (Gouveia, Dias, & An-
tunes, 2008), the Choquet multiple criteria prefer-
ence aggregation model (Bottero, Ferretti, Figueira,
Greco, & Roy, 2018), and the linear program for
inferring the weights of interacting criteria from a
reference set (Marichal & Roubens, 2000). More-
over, since the PRICDEA model is a neoteric ap-
proach, analogous Möbius coefficients relying on the
decision-maker’s discernment were also computed
for comparison purposes. Next, the fourth section
enraptures the case study per se, where an overview
of the situation and an aperçu of the stakeholders
are engaged in, followed by a description of data,
sample, and variables. Results and their discussion
are the last subsections of this section, where the
PRICDEA model is tested in three different scenar-
ios discussed with the decision-maker. The achieve-
ments and limitations of this research are presented
in the last section of this paper.

2. Knowledge gap
2.1. DEA in healthcare
Challenges such as those mentioned in Section 1
were overflowing healthcare organisations in the
1980s just as healthcare managers were pursuing for
efficiency improvements, particularly in the United
States of America. A few years later, governmental
initiatives extended the fixed pricing mechanism of
diagnostic-related groupings of the previous decade
to physicians’ services through resource based rel-
ative schedule. Following the reasoning of Ozcan
(2008), albeit suchlike pricing mechanisms influ-
enced the control of the amounts paid to healthcare
organisations and healthcare professionals, a deeper

insight on physician practice behaviour and disease
treatment protocols development also took place,
and it was the theoretical progress related to these
advancements that led to the DEA approach flow-
ering outset by Charnes, Cooper, & Rhodes (1978).

In the context of healthcare, the measurement of
routine nursing service efficiency was DEA’s first
incursion in this domain and, from than onward,
this frontier technique has become the dominant
approach to efficiency measurement in healthcare,
among other areas. De facto, assessing overall hos-
pital efficiency was carried out forthwith with the
efforts of Sherman (1984) and, from then on, mul-
tiple other researchers followed the same path.

2.2. Preference information incorporation in
DEA

Originally, since Charnes et al. (1978), DEA cal-
culations were value-free, i.e., they were purely ob-
jective and free from criteria imposed by subjective
standards. However, attempts were made in the
direction of incorporating preference information.
According to Halme, Joro, Korhonen, Salo, & Wal-
lenius (1999), such models are broken down to two
classes:

• Models that use preference information to set
targets for inefficient DMUs;

• Models that use preference information to pro-
duce more meaningful efficiency scores.

The development of target-setting models was
cultivated primarily by Golany (1988) and Thanas-
soulis & Dyson (1992), the former with a view to
allow the decision-maker to select the preferred set
of output levels given the input levels of a DMU
and the latter to estimate alternative input/output
target levels in favour of rendering efficient rela-
tively inefficient DMUs. As for the efficiency score
models, restricting weight flexibility was the con-
ventional approach, which began with the work of
Thompson, Singleton, Thrall, & Smith (1986).

Nonetheless, Zhu (1996) initiated preference in-
formation incorporation in DEA to calculate effi-
ciency scores, in spite of Golany & Roll (1994) hav-
ing created a DEA model that incorporated prefer-
ence information in the form of hypothetical DMUs
a couple of years earlier. The origins of prefer-
ence information incorporation in MCDM literature
are planted in the aforementioned interactive multi-
objective linear programming (MOLP) procedure
by Golany (1988).

On a slightly different topic, in the last few years,
a handful of researchers have been employing a dif-
ferent method to DEA in the interest of considering
the interactions between inputs and outputs - the
Choquet integral. Ji, Liu, Qiu, & Lin (2015) and
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Xia & Chen’s (2017) work is in line with other au-
thors who have been paying attention to combine
the Choquet integral with classical MCDM meth-
ods. However, none of these investigators contem-
plated the usage of the Choquet integral method
both as a way to deal with the aforementioned in-
teractions and, most of all, as a tool to incorpo-
rate preference information of a body of decision-
makers. It is in this knowledge gap that this re-
search dwells.

3. Methodology
3.1. Where does PRICDEA come from?
In healthcare, DEA is considered to be the lead-
ing performance evaluation approach. Indeed, as
a method that evaluates the relative efficiency of
DMUs using multiple inputs to produce multiple
outputs, there are several types of models that can
be used to determine the DMUs that form the effi-
cient frontier. Particularly, given the complexity
of the underlying application area, the choice in
this work relied on a variant of the ADD model
(which assumes a variable returns-to-scale) based
on the ‘two-phase method’ developed by Gouveia
et al. (2008) in healthcare DEA. However, these
researchers did not consider a crucial aspect of
decision-making: interaction among criteria. Thus,
by making use of a renowned multiple criteria pref-
erence aggregator - the Choquet integral (Choquet,
1954) -, interaction between a few numbers of pairs
of criteria can now be taken into account directly,
based on the work by Bottero et al. (2018), and
indirectly, adapted from the linear program devel-
oped by Marichal & Roubens (2000).

The concept behind the PRICDEA model
is quite transparent. Essentially, integrat-
ing the Choquet integral preference aggrega-
tion tool in the non-parametric performance
evaluation DEA ‘weighted ADD model’ yields
a utility-apt preference-information-incorporated
interactive-variable-equipped method.

Foremost, let A denote a set containing m actions
a1, ..., ak, ..., am, G the criteria set with n criteria,
g1, ..., gi, ..., gn, and O the set of pairs of criteria gi
and gj . The performance of action ak on criterion
gi is written as gi(ak) and the utility of this perfor-
mance is drafted as ui(gi(ak)). Then, the Choquet
capacity is defined as a set function µ : 2G → [0, 1]
on the power set 2G, i.e., the set of all subsets of
G, that satisfies the following properties:

i. Boundaries: µ(∅) = 0 and µ(G) = 1;

ii. Monotonicity: ∀S ⊆ T ⊆ G : µ(S) 6 µ(T ).

However, it is usual in Choquet integral literature
to formulate this multiple criteria preference aggre-
gator in its Möbius representation. Hence, given
a capacity µ on 2G, its Möbius representation is a

function m : 2G → Rn such that, for all S ⊆ G,

m(S) =
∑
T⊆S

(−1)
|S−T |

µ(T ) (1)

Consequently, redefining the properties above and
the coefficients required to define the fuzzy measure,
for all S ⊆ G, one can reformulate the Choquet
integral as

Cµ(ak) =
∑
gi∈G

m(gi)ui(gi(ak))+ (2)

+
∑

gi,gj∈O
(m(gi, gj)∗

∗min{ui(gi(ak)), uj(gj(ak))})

Without delay, the PRICDEA model is imple-
mented as follows:

Phase 1 Convert the indicators’ performances in
utility scales using the preference infor-
mation of the decision-maker using a
variant of the method employed by Bot-
tero et al. (2018), and infer the optimal
Möbius coefficients based not only on
those utilities, but also on the criteria
interactions and ranks provided by the
same expert via

min d (3)

s.t. Cµ(ax)− Cµ(ay) 6 d

Ranking of criteria:

• m(gi)−m(gj) > ε, if gi �G gj

• m(gi) = m(gj), if gi ∼G gj

Ranking of pairs of criteria:

• m(gij)−m(gkl) > ε,

• if gij �P gkl
• m(gij) = m(gkl), if gij ∼P gkl
Boundary and monotonicity

conditions:

•
∑
gi∈G

m(gi) +
∑

gi,gj⊆G

m(gi, gj) =

• = 1

• m(gi) > 0,∀gi ∈ G

• m(gi) +
∑
j∈O

m(gi, gj) > 0,

• ∀gi ∈ G,∀O ⊆ G \ gi

for x = 1, ...,m and y = 1, ...,m, and a
preset ε = 0.001, where ax and ay are
universal DMUs, gi and gj are common
criteria, and gij and gkl are generic in-
teractions between two criteria, respec-
tively. As for the ranks elected by the
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decision-maker, �G is the partial pre-
order on the set of criteria G, and �P is
the partial preorder on the set of pairs
of interacting criteria P .

Phase 2 Solve the modified rendition of the
‘weighted ADD model’

min zk = −
n∑
j=1

Mjsj (4)

s.t.

m∑
i=1

Uijλi − sj = Ukj 6 0

m∑
i=1

λi = 1

λi > 0, sj > 0 .

using the Möbius coefficients mj and
the Uij utilities’ matrix from Phase 1,
and determine the efficient frontier, the
benchmarks λi for the inefficient DMUs,
and the corresponding slacks sj .

3.2. PRICDEA how-to
Methodologically, delineating theoretical notions is
essential to the understanding of the intrinsic mech-
anisms of a certain approach, but it is only half of
the way. Perceiving how the method operates con-
stitutes the other half. In Subsection 3.1, the logical
and formalistic steps of PRICDEA were addressed,
and, in this subsection, its operationalisation will
be in focus.

Firstly, PRICDEA’s Phase 1 is concerned with
data conversion and preference information incor-
poration. As will be dug into in the following sec-
tion, setting up a database is crucial for valuable
results. With that taken care of, it is time to build
the interval scale for each criterion, taking into ac-
count the decision-maker’s preferences, and assign
the utility values to the performances in-between
the defined levels, so that all of the indicators can
be compared to one another on the same scope. Fi-
nally, assessing the decision-maker’s propensity to-
wards those indicators and respective exposed in-
teractions allows the computation of the inferred
optimal Möbius coefficients per DMU with the lin-
ear program in Equation (3), which will be used in
the next phase of the PRICDEA model.

Secondly, based on the optimal Möbius-
transformed Choquet capacities and the utility val-
ues computed in the previous stage, the modified
version of the ‘weighted ADD model’ is solved using
the linear program in Equation (4) in Phase 2. This
program returns not only the efficient frontier, but
also the benchmark values for the inefficient DMUs
and the slack values per indicator.

Nonetheless, since PRICDEA is a computation-
ally demanding and experimental method, a choice

was made to corroborate the results of its Phase
1 using the procedure adopted by Bottero et al.
(2018) to compute what can be named as ‘analo-
gous Möbius coefficients’, thus authenticating the
validity of the model wielding the decision-maker’s
preference information likewise for increased con-
sistency. Moreover, it is this questioning proce-
dure that is used in the ranking step of PRICDEA’s
Phase 1 to build the constraints of Equation (3) and
infer the optimal Möbius coefficients.

4. Case study
4.1. Overview

As declared in Section 1, the Portuguese SNS was
constituted in 1979 after almost fifty years of a dic-
tatorial regime. By nature, it was based on the
philosophy of a Beveridge system: primary and sec-
ondary healthcare providers are public entities gov-
erned by a Central Government that taxes citizens
in exchange for funds to be distributed by different
ministries, of which the Ministry of Health is a part
of. Another characteristic of the Portuguese SNS
is its social purpose, since it intends to provide a
suitable and equitable care to the universe of ben-
eficiaries, whether or not they are able to afford it.
Ergo, the financial sustainability of each institution
is, once more, proven to be vital for the operation of
the whole system. However, recently, expenditures
in health have been ascending as a result of, es-
sentially, demographic shifts and technological ad-
vances, so the introduction of health reforms was
imperious, not only in the name of reducing costs
and waste of public funds, but also with a view to
improve the efficiency and effectiveness of health-
care providers (Ferreira & Marques, 2017).

Nowadays, corporate public sector institutions of
the SNS are annually financed by prospective bud-
gets brought to terms with the Ministry of Health
taking into account the quantity and quality of pro-
vided services. Nevertheless, regardless the objec-
tions surrounding the success of the aforementioned
reforms, a study aimed at performance assessment
in this sector is inescapable - and this is precisely
where this paper emerges from.

4.2. Stakeholders and their representatives

In this research, the stakeholders’ preference in-
formation was incorporated in PRICDEA directly,
from a participative approach developed through
the focus group technique elaborated by Bottero
et al. (2018), and indirectly, using a version of
Marichal & Roubens’ (2000) linear program for de-
termining the weights of interacting criteria from a
reference set.

Under the authority of fusing the knowledge and
know-how of healthcare trivia and performance as-
sessment, a single virtuoso Ministry of Health ex-
pert, proficient in the fields of health adminis-
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tration and health policy-making, was more than
enough to be involved in the decision-making pro-
cess. Nonetheless, the occasional contributions of
an additional adroit academia expert, skilled in the
area of performance assessment, were invaluable to
counterbalance any possible ambiguity or bias and
reach a fair consensus.

4.3. Data and sample
It should be clear by now that the main goal of
the case study engaged in this work is to evaluate
the performance of secondary healthcare providers
of the Portuguese SNS. Thus, indicators and re-
spective values concerning the selected institu-
tions were collected from the official benchmark-
ing database, maintained by the Portuguese Cen-
tral Health System Administration (ACSS, from
the Portuguese abbreviation of Administração Cen-
tral do Sistema de Saúde) at http://benchmarking
.acss.min-saude.pt/ - a public institute inte-
grated in the indirect health State administration
with administrative and financial autonomy -, to
create a more applicable database.

Therefore, at this moment, it can be asserted
with certainty that twenty-five institutions were
considered as the case study’s DMUs. In particu-
lar, the twenty-five DMUs under consideration am,
for m = 1, ..., 25, spread over four groups (Group
B to Group E, according to ACSS nomencla-
ture). However, due to understandable privacy is-
sues, their names are in no position to be discre-
tised.

4.4. Variables
In consonance with what was stated in the previous
subsection, the eight indicators gn, for n = 1, ..., 8,
yielded from the process of constructing a more fit-
ting database for the case study can be enumerated
as follows:

1. Access:

1.1. Number of non-urgent first medical ap-
pointments performed in adequate time
per 100 first medical appointments, g1;

2. Performance assistance:

2.1. Number of outpatient surgeries per 100
potential outpatient procedures, g2;

2.2. Number of readmissions in 30 days after
discharge per 100 inpatients, g3;

2.3. Number of long-stay inpatients per 100
admissions, g4;

2.4. Number of hip surgeries performed in the
first 48 hours per 100 hip surgeries, g5;

3. Productivity:

3.1. Annual occupancy rate, g6;

3.2. Average waiting time before surgery, g7;

4. Economic-financial:

4.1. Operating costs per standard patient, g8.

To support the decision-making problem of this
case study and allow the comparison between
the DMUs itemised in Subsection 4.3 and opera-
tionalised by the aforementioned indicators, a fam-
ily of five criteria and respective subcriteria was
built in line with the work of Ferreira & Marques
(2017) and is specified in Table 1.

As almost every concept in healthcare, quality
is complex and non-consensual. However, Donabe-
dian (1988) categorised it into three interrelated
categories: structural quality, process quality, and
outcomes. In spite of the usual criticism, these def-
initions have been regularly applied and, in conso-
nance with Ferreira, Marques, Nunes, & Figueira
(2017), it is safe to affirm that Care appropri-
ateness is a quality-related criteria whose subcri-
teria correspond to a specification of process quality.
Moreover, access is also a quite bewildering concept.

Nevertheless, Gulliford et al. (2002) identified
four dimensions of access: service availability, per-
sonal barriers, financial barriers, and organisational
barriers. Ergo, following the previous reasoning,
Timeliness of services and Services avail-
ability criteria and associated subcriteria answer
to the the service availability and organisation bar-
riers classes, respectively.

4.5. Model solving
PRICDEA was implemented using the high-
performance numerical calculation software MAT-
LAB version 2018a and the optimisation package
IBM ILOG CPLEX Optimisation Studio version
12.8. Nevertheless, in Subsection 3.2, a differ-
ence was established between the call for the usage
of both the optimal Möbius coefficients obtained
in PRICDEA’s Phase 1 and the decision-maker’s
preference-information-incorporated Möbius coeffi-
cients in order to legitimise the benchmarks and
slacks of PRICDEA’s Phase 2. In fact, the latter
used MATLAB to run the algorithm and summoned
CPLEX to solve the linear program problem, but
the former, due to its complexity, was unable to
use the aforestated CPLEX version and purely run
on MATLAB.

4.6. Findings and discussion
The PRICDEA model methodology and related
procedures were applied to produce a compara-
tive performance assessment of secondary health-
care providers. On account of the decision maker’s
preference information incorporation, some circum-
stances that arose from the questioning procedures
were effortful and produced valuable judgments in
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Table 1: Criteria, subcriteria, and corresponding indicators.

Criteria Subcriteria Indicators

Timeliness of services

Timeliness of medical
appointments

Number of non-urgent first medical appointments
performed in adequate time per 100 first medical
appointments, g1

Timeliness of surgeries
Number of hip surgeries performed in the first 48
hours per 100 hip surgeries, g5

Waiting time before surgery Average waiting time before surgery, g7

Service availability Occupancy Annual occupancy rate, g6

Care appropriateness

Outpatient surgeries adequacy
Number of outpatient surgeries per 100 potential
outpatient procedures, g2

Readmissions
Number of readmissions in 30 days after discharge
per 100 inpatients, g3

Large delay of care
Number of long-stay inpatients per 100 admissions,
g4

Economic-financial Technical efficiency Operating costs per standard patient, g8

contemplation of considering different perspectives
of the analysis. Hence, three different scenarios
were envisaged not only to take into consideration
all of the decision-maker’s contributions, but also
to assess the robustness of the model using differ-
ent approaches, viz.:

• Scenario 1 emphasizes indicator g8, because
operating costs are the cornerstone of the SNS
sustainability;

• Scenario 2 appraises the politically correct
view of the SNS, thus making g8 the least im-
portant indicator;

• Scenario 3 disregards operating costs com-
pletely, as if g8 (and, consequently, g38) had
no influence in performance assessment of sec-
ondary healthcare providers.

It should be evident that the three scenarios use
the same utilities (even though Scenario 3 does
not use the utilities inherent to indicator g8), which
were computed from the data organised on the cre-
ated database. Ergo, the utilities’ calculations will
be addressed immediately, for the reason of being
common among all scenarios. Since the Möbius co-
efficients and the comparative operationalisation of
PRICDEA depend on the decision-maker’s prefer-
ences for each scenario, all that will be discussed in
their respective paragraphs.

The construction of the utilities’ interval scales
followed the procedure described by Bottero et al.
(2018). Creating a discrete levelled scale to ac-
commodate the original continuous one was help-
ful for the decision-maker to provide more accurate
information regarding his preferences on the indica-
tors. Nonetheless, according to the expert, some of
the indicators possessed values that were too close

to one another and too far from some of the cre-
ated discrete levels for a firm decision to be made.
Henceforth, a feature scaling method was used to
standardise the range of data of indicators g3, g4,
g6, g7, and g8. Besides, g6 is not a typical indi-
cator, in the sense that it should be minimised or
maximised - in fact, Annual occupancy rate has a
reference level between 80% and 90% according to
the initial ACSS database. Therefore, the decision-
maker determined that 88% was the optimal value
for this indicator and, as a deduction, all values
above it were mirrored below it before being nor-
malised. In the end, the lingering utility values were
computed by simply applying the linear interpola-
tion

uj(gj) = uj(g
l
j) +

gj − glj
guj − glj

(
uj(g

u
j )− uj(glj)

)
(5)

4.6.1 Scenario 1: the importance of operat-
ing costs

In consonance with the previous paragraph, deter-
mining the Möbius coefficients was the last step be-
fore assessing the performance of the chosen sec-
ondary healthcare providers.

Firstly, the decision-maker pointed out three in-
teractions among the elected criteria:

• Mutually-weakening effect between g1 and g5,
g15;

• Mutually-weakening effect between g2 and g5,
g25;

• Mutually-weakening effect between g3 and g8,
g38.

Then, following the step-by-step procedure
(Bottero et al., 2018), the decision-maker ranked
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the finite set of reference projects P =
p1, p2, p3, p4, p5, p6, p7, p8, p15, p25, p38 as p8 � p15 ∼
p25 ∼ p38 � p1 ∼ p2 ∼ p5 � p3 ∼ p4 ∼ p6 ∼ p7 and
introduced 3, 1, and 2 blank cards between them,
respectively, not to mention revealing the value of
the ratio-z as 3. With these preferences in mind,
both PRICDEA’s Phase 1 and DecSpace’s - a web
application that makes use of MCDM methods to
support a decision process by giving a possible so-
lution to a given problem - SRF software, devel-
oped by Roy & Figueira (1998), were properly used
to compute the desired coefficients. Wherein the
former’s linear program was already broadly de-
scribed, the latter required intermediate computa-
tions before pursuing the attainment of the analo-
gous Möbius coefficients. These coefficients are un-
folded in Table 2.

Last, but not least, the 25×11 utility matrix and
the 11×1 Möbius coefficients’ vectors were inputted
one at a time in the PRICDEA model’s Phase 2 and
a 25× 25 matrix with the efficient frontier and the
benchmark values for the inefficient DMUs, and a
25 × 11 matrix with the slack values for the inn-
eficient DMUs were outputted. Subsequently, one
can declare that inputting the two different Möbius
coefficients’ vectors resulted in the same efficient
frontier, comprised of a1, a3, a6, a8, a9, a11, a12,
a13, a14, a15, a17, a18, a20, a22, and a23, being a2,
a4, a5, a7, a10, a16, a19, a21, a24, and a25 the inef-
ficients DMUs. As for the relationship between the
cited benchmarks and the DMUs below the fron-
tier, these results demonstrate that, regardless of
the origin of the used Möbius coefficients’, the in-
efficient secondary healthcare providers aimed for
a reference in the same manifold of efficient DMUs
(a1, a3, a8, a12, a13, a15, a17, a18, a22, and a23),
using between three and six of them in the two sit-
uations. On the contrary, each member of the set
of benchmark DMUs was referred to at least once
at up to seven or ten times, depending on the afore-
mentioned vectors, respectively.

In what concerns slacks, in the case of the optimal
Möbius coefficients, on one hand, a2 is the DMU
with the least number of slacks to enhance and, on
the opposite side, a4, a5, a10 and a16 appear to be
the ones with the most to improve. On the other
hand, it is visible that g8 and g4 are, by far, the
indicators with the most severe slacks (in opposition
to g2 and g1), in spite of g5 and again g4 being
the ones that the majority of the institutions needs
to upgrade, particularly when facing the indicators
that showed the best results in this field - g7 and g6.
As for the case of the analogous Möbius coefficients,
the results are similar to the optimal ones both in
what concerns DMUs and indicators, apart from
a10’s withdrawal from the set ‘DMUs with the most
improvements needed’.

Bottom line, the inference of the optimal Möbius
coefficients was proved to be accurate and credible
in this scenario, by meeting PRICDEA’s results ob-
tained using Möbius coefficients entirely computed
incorporating the decision-maker’s preference infor-
mation. The yielding of similar conclusions in terms
of the efficient frontier, the benchmarks, and the
slacks validates this point.

4.6.2 Scenario 2: the role of ethics

Similarly to Scenario 1, the decision-maker
elected the same criteria interactions and ranked
the members of the criteria family in an invari-
able manner, apart from the aforesaid g8 indicator,
which is now on the bottom of the ranking, but
kept his judgment on appraising the ratio-z. Thus,
p15 ∼ p25 ∼ p38 � p1 ∼ p2 ∼ p5 � p3 ∼ p4 ∼ p6 ∼
p7 � p8, with 1, 2, and 3 blank cards between them,
respectively, is now the decision-maker’s ranking
with a ratio-z = 3. This means that the Möbius
coefficients would change, although not significantly
in comparison to the first scenario. Table 3 displays
all these values.

Properly inputting these values in the PRICDEA
algorithm’s Phase 2 yielded again a 25× 25 bench-
marks’ matrix and a 25 × 11 slacks’ matrix. Once
more, for both optimal and analogous Möbius coef-
ficients’ vectors, the efficient frontier is constituted
by a1, a3, a6, a8, a9, a11, a12, a13, a14, a15, a17,
a18, a20, a22, and a23, being a2, a4, a5, a7, a10, a16,
a19, a21, a24, and a25 the inefficients DMUs. Ad-
ditionally, the benchmarks for the inefficient DMUs
are identical to the previous scenario. Nonetheless,
side by side, a1, a8, a12, a13, a17, a22, and a23 re-
main the same, except for the inclusion of a20 and
the exclusion of a3, a15, and a18, and each inefficient
DMU used between one and six benchmarks in the
two situations. Come again, each member of the
DMUs’ benchmark set was referred to at least once
and up to ten times (for the optimal coefficients)
or nine times (for the analogous coefficients). In
this scenario, there is the case of DMU a4 uniquely
benchmarked by one secondary healthcare unit to
be reported.

Lastly, the slack values for the optimal and anal-
ogous Möbius coefficients are now addressed. In the
first set of circumstances, a2 is, yet again, the DMU
with the lowest number of slack values to improve,
whereas a4 needs a boost in every single indicator,
despite a25 and a21 also showing poor results. At
the level of indicators, g2 and g1 are once more the
ones with the lowest values, inasmuch as g4, g8, and
now g5, which exhibit the most worrying outcomes,
even though g4 and g5 are the indicators that most
inefficient secondary healthcare providers need to
raise, especially when compared to the most encour-
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Table 2: Möbius coefficients for Scenario 1.
Indicators Optimal Möbius coefficients Analogous Möbius coefficients

g1 0.200000000 0.218015666
g2 0.200000000 0.218015666
g3 0.100000000 0.130548303
g4 0.100000000 0.130548303
g5 0.200000000 0.218015666
g6 0.100000000 0.130548303
g7 0.100000000 0.130548303
g8 0.400000000 0.391644909
g15 −0.133333333 −0.160574413
g25 −0.133333333 −0.160574413
g38 −0.133333333 −0.246736292

Table 3: Möbius coefficients for Scenario 2.
Indicators Optimal Möbius coefficients Analogous Möbius coefficients

g1 0.300000000 0.211395541
g2 0.300000000 0.211395541
g3 0.200000000 0.156069364
g4 0.200000000 0.156069364
g5 0.300000000 0.211395541
g6 0.200000000 0.156069364
g7 0.200000000 0.156069364
g8 0.100000000 0.082576383
g15 −0.266666667 −0.175061932
g25 −0.266666667 −0.175061932
g38 −0.266666667 0.009083402

aging ones (g6, g2, and g7). In the second outlook,
approximate results were yielded, except from the
fact that g3 and g38 are now part of the group of
indicators with the most serious slacks, and g5, g15,
and g38 are at once the indicators that most DMUs
need to revamp.

The sum and substance of Scenario 2 indi-
cates that the new ranking provided by the decision-
maker did not have a significant effect in the DEA
analysis’ benchmarks and slacks, due to their sim-
ilarity to the ones of Scenario 1. In fact, the
efficient frontier was the same and most of the
benchmarks and slacks outcomes were in agree-
ment, which might be explained due to the ratio-
z = 3 and the small amount of blank cards in-
between levels in both scenarios, thus minimising
the effect on the Möbius coefficients of the rank
drop of g8. However, PRICDEA was anew to in-
fer well-founded optimal Möbius coefficients that
performed alike the analogous Möbius coefficients,
given that the results using both vectors was identi-
cal, although there were some minor exceptions this
time.

4.6.3 Scenario 3: the renunciation on oper-
ating costs

Scenario 3 has quite a distinct outline when com-
pared to the other two scenarios. Here, given the
decision-maker’s decision to remove Operating costs
per standard patient from the analysis, g8 and g38
are the two variables taken out of the equation.

Hence, nine Möbius coefficients were required for
the calculation of the Möbius-transformed Choquet
integral. Nevertheless, the expert recycled the other
indicators and respective utilities, and ranked the
former as � p15 ∼ p25 � p1 ∼ p2 ∼ p5 � p3 ∼ p4 ∼
p6 ∼ p7 with 1 and 2 blank cards between them,
respectively. This time, ratio-z was attributed a
value of 2. Despite the Möbius coefficients values
changed, they did not change significantly, due to
the assignment of the same number of blank cards
between the ranks and the similar value of ratio-z.
Table 4 has these numbers arranged.

Inserting the new utilities and Möbius coefficients
in the PRICDEA model’s Phase 2, it returned a
25× 25 matrix of benchmarks and a 25× 9 matrix
of slacks. Another time, a1, a3, a6, a8, a9, a11, a12,
a13, a14, a15, a17, a18, a20, a22, and a23 comprise
the efficient frontier, being a2, a4, a5, a7, a10, a16,
a19, a21, a24, and a25 the inefficients DMUs. The
benchmarks in this scenario are rather equal to the
previous scenarios (a1, a8, a12, a13, a17, and a22),
apart from the set being larger at this moment (a15
was reintegrated) - the inefficient secondary health-
care providers used between one and five of these
benchmarks. As for the benchmarks themselves,
they were referred to at least once and up to ten
times whether using the optimal or the analogous
Möbius coefficients.

The slack results expose that the vast majority
of the inefficient DMUs need to improve in almost
every aspect, in spite a2 turns up again as the best
among the worst, opposed to a4, a7, a19, and a25,
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Table 4: Möbius coefficients for Scenario 3.
Indicators Optimal Möbius coefficients Analogous Möbius coefficients

g1 0.250000000 0.25
g2 0.250000000 0.25
g3 0.150000000 0.15625
g4 0.150000000 0.15625
g5 0.250000000 0.25
g6 0.150000000 0.15625
g7 0.150000000 0.15625
g15 −0.175000000 −0.1875
g25 −0.175000000 −0.1875

which need to improve quite significantly in almost
every single aspect. In what concerns indicators, it
is clear that g4, g3, g5, and g15 are the ones with the
highest slack values, while g2 remains the indicator
with the lowest slack values. However, g2 is the in-
dicator that the least DMUs need to meliorate, in
contrast to virtually all of the remaining indicators
short of g6 and g7. In comparison with the analo-
gous Möbius coefficients, the results were one and
the same, save for minor numerical differences.

Finally, PRICDEA proved de novo to be able to
infer legitimate Möbius coefficients that yield pos-
itive results when compared to the Möbius coef-
ficients obtained with the direct guidance of the
decision-maker. In Scenario 3, a system quite
distinct from Scenario 1 and Scenario 2, where
operating costs had no effect, was tested, but the
outcomes were similar to those schemes. This might
be, once again, due to the low value of ratio-z and
the small number of blank cards in-between levels
judged by the decision-maker, which has significant
impacts on the optimal and analogous Möbius co-
efficients.

5. Conclusions

The application of PRICDEA to the gathered
and treated ACSS data sample yielded, first of
all, inferred Möbius coefficients quite similar to
the strictly-decision-maker-preference-information-
computed ones in Phase 1, which attests the valid-
ity of the algorithm in returning legitimate and gen-
uine numbers. Thus, the computations behind this
complex first linear program, with all their mani-
fold of underlying constraints, proved to be both
accurate and sensitive to the inputted information.
Secondly, a1, a3, a6, a8, a9, a11, a12, a13, a14, a15,
a17, a18, a20, a22, and a23 were the DMUs that con-
stituted the production frontier common to Sce-
nario 1, Scenario 2, and Scenario 3. Moreover,
the remaining results of Phase 2’s linear program
(benchmarks and slacks) were sound and substan-
tiated lawful indications on who the inefficient sec-
ondary healthcare providers should look up to in or-
der to improve their performance. Besides, similar
results were obtained using the analogous Möbius
coefficients, ergo, once more, PRICDEA’s robust-

ness is vindicated. Globally, if, on one hand, these
conclusions demonstrate the preponderance of the
decision-maker’s judgment, for good or for bad, in
the analysis, on the other hand, they corroborated
PRICDEA as a credible approach not only to fill in
the knowledge gap in literature, but also to provide
healthcare managers and policy makers authentic
data that can support decision-making.

As for limitations, firstly, PRICDEA’s optimi-
sation inference algorithm relies on profuse con-
straints which affect not only computational per-
formance, but also potential results, since multiple
optima can be obtained and it may be the case that
plenty of null outputs are generated. Next in order,
the decision-maker’s resolutions of placing multiple
criteria in the same level, attributing a small num-
ber of blank cards in-between levels, and valuing
the ratio-z as a modest number on all scenarios un-
doubtedly impacted the results. This is where the
explanation to similar results between scenarios lies.
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