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Abstract
Health care systems face resource scarcity that may jeopardise their financial sustainability as well as the quality of delivered
health care. In view of that, the association between technical efficiency, access, and quality of services should be
investigated, despite some past attempts that led to mixed, unclear, and perhaps biased results. We use a dataset composed of
financial resources, hospital services, appropriateness and timeliness of care, patients’ clinical safety, access to health care
services, demographics, and epidemiology variables to study the aforementioned link regarding the Portuguese public
hospitals (operating between 2013 and 2016). Quality and access data are aggregated into three main composite indicators,
through Grey Relational Analysis (GRA). Bias- and environmentally corrected efficiency scores are estimated via bootstrap-
based directional Data Envelopment Analysis. A double bootstrap algorithm is employed, using GRA-based quality
indicators as predictors of technical efficiency. Evidence suggests that (1) Portuguese public hospitals exhibit low
performance in terms of quality, while the different indicators present considerable correlation among them and with hospital
size and patients’ complexity characteristics; (2) patients’ clinical safety, appropriateness and timeliness, as well as access to
health care services are consistent and significant predictors of technical efficiency; and (3) the association between
efficiency, quality, and access depends on the interaction between appropriateness, timeliness, and access. Therefore, quality
and access can be improved with no efficiency sacrifice and vice versa.

Highlights
● We investigate the relationship between efficiency, quality and access in hospitals
● We use the Gray Relational Analysis to merge and simplify social performance data
● We use Data Envelopment Analysis to assess efficiency of public hospitals
● We use the double bootstrap for multiple regression (explanatory) analysis
● Efficiency, quality, and access to healthcare services evolve in the same sense.
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1 Introduction

Evaluating hospitals performance has been an exercise
undertaken by a considerable number of researchers (Hol-
lingsworth 2008; Hollingsworth and Peacock 2008). Most
of them rely on technical efficiency assessment (Dervaux
et al. 2009; Ferrier and Valdmanis 2004), still disregarding
the presence and the impact of important care quality fea-
tures (Shimshak et al. 2009). Indeed, health care services
should improve patients’ quality of life, efficiently manage
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resources, and mitigate or erase barriers to health care
(Ferreira et al. 2017b; Khushalani and Ozcan 2017).

Let quality be defined as the hospital’s ability to provide
safe, appropriate, and timely care to their patients. Patients’
clinical safety is the ability of hospitals (and their staff) to
safeguard patients from health care complications, including
septicaemia, other infections, trauma, and tumbles. Appro-
priateness and timeliness of health care services regard the
capacity of delivering timely patient-centred care supported
by evidence-based guidelines. Timeliness is the capacity of
providing timely care to the patient so as to prevent com-
plications resulting from long waits.

Hospitals’ performance encompasses not only the effi-
ciency but also the social performance level that regards,
among others, quality and access dimensions. While they
should be maximised, resources waste must be erased for
the sake of sustainability. Meanwhile, if a hospital is
effective, then it can improve patients’ health status (the
care service’s main goal), with the best quality levels pos-
sible. Performance can be seen as the merging of both
efficiency and effectiveness concepts, such that if a health
care provider has a good performance level, then it is
simultaneously efficient and effective.

The interaction between quality, access, and efficiency in
health care services is not well known (Gok and Sezen
2013) as the results found in the literature are rather con-
troversial; see Ozcan (2014). Kissick (1994), for instance,
coined the term “iron triangle of health care” to refer to
three competing dimensions of health care: access, quality,
and cost containment. This author argued that improve-
ments in one dimension come at the expense of declines in
one or both of the other two dimensions. One may argue
that (not so unusual) cost constraints may exert an adverse
effect upon the quality of provided services (Dismuke and
Sena 2001). Others have concluded that quality improve-
ments may lead to efficiency deterioration (Singaroyan et al.
2006) and to hospital costs increasing (Morey et al. 1992;
Valdmanis et al. 2008). Poor quality and poor technical
efficiency may also walk hand in hand (Clement et al. 2008;
Mobley and Magnussen 2002). Still, one can improve
efficiency by decreasing resource waste and/or increasing
outputs (care services) production, with no quality sacrifice,
see Chang et al. (2011), Ferrando et al. (2005), and Nayar
and Ozcan (2008), or even with the latter’s improvement,
see Arocena and García-Prado (2007), and Helling et al.
(2006). These mixed results lead Hvenegaard et al. (2011)
to propose a U-shaped relationship between quality and
efficiency. In other cases, a weak association (or even no
association at all) between efficiency and quality was
observed (Laine et al. 2005; Navarro-Espigares and Torres
2011). The relationship between those two concepts may
also depend on some hospital features, such as size,
investments on information technologies, and teaching

status, see Gholami et al. (2015), Gok and Sezen (2013),
Nayar et al. (2013), and Yang and Zeng (2014), or even on
the variables adopted to characterise quality of provided
services, as in Khushalani and Ozcan (2017), Martini et al.
(2014), and Varabyova et al. (2016a). In short, the link
efficiency-quality is still far from being fully understood.

Ferreira and Marques (2018) argue that the association
between efficiency and access to health care services has
been frequently disregarded from most of the analyses and
it remains not understood. Despite their efforts to overcome
such a shortcoming, they ignore the possible interactions
that access can arguably have with quality, namely the
clinical safety, the appropriateness, and the timeliness of
the hospital services. Another relevant study that accounted
for both outcomes and process measures of quality, in line
with the Donabedian’s model (Donabedian 1988, 2005), is
the one of Ferrier and Trivitt (2013). They used a double
Data Envelopment Analysis (DEA) approach to integrate
thirteen quality dimensions in several ways, such as con-
sidering them either as extra outputs or adjustment factors.
Ferrier and Trivitt concluded that quality, especially the
outcomes, does indeed impact on efficiency. Nonetheless,
the method used to include quality into the performance
assessment model does matter, although no ultimate model
was defined.

Although the relationship between efficiency and quality
has been widely discussed in the literature, separating the
term quality into two distinct (although related) concepts
and analysing their interactions with access to health care
and their conjoint impact on bias- and environment cor-
rected efficiency distribution has never been done before.
Hence, some questions deserve to be answered. Therefore,
our research is concerned with testing four assumptions, as
detailed and discussed below.

Hypothesis 1. Technical efficiency and clinical safety are
positively associated.

Complications during care may be more or less danger-
ous depending on features such as the patient’s age, co-
morbidities, and gender. Low levels of complications
reduce needs in terms of length of hospital stay or new
clinical procedures, contributing to patients’ safety as it
decreases their exposure to risk factors. Because good
clinical safety levels lead to fewer interventions and, con-
sequently, smaller expenditures per patient, clinical safety is
expected to be positively related to efficiency.

Hypothesis 2. Technical efficiency and appropriateness
and timeliness are positively associated.

Each patient typically requires differentiated and appropriate
care procedures. If these are neither patient-centred nor sup-
ported by evidence-based guidelines, then health care is likely
inappropriate/unsuitable, putting the patient under unnecessary
risk. The same applies for untimely care, increasing the impact
of risk factors. Therefore, appropriateness and timeliness of
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care are both positively associated with clinical safety, and for
this reason we expect that the former are also positively asso-
ciated with technical efficiency.

Hypothesis 3. Technical efficiency and access to health
care services are positively associated.

A patient has access to a health care service if and only if
she/he can use it whenever necessary and at her/his own
will (Ferreira and Marques 2018). Thus, access can be
measured by the service availability and the absence of
barriers, either personal, financial, or organizational,
including waiting time (Gulliford et al. 2002; Peters et al.
2008). The lower access levels, the higher the patients’
severity of illness and the more resources consumed by the
hospital to treat them, making it less efficient. Hence, we
expect that technical efficiency and access to health care
services are positively associated.

Hypothesis 4. At least two of the social performance
dimensions—clinical safety, care appropriateness and
timeliness, and access—interact, and this interaction is
positively associated with efficiency of hospitals.

By the previous discussion, the dimensions associated
with the social performance may interact and this interaction
may be related to the efficiency of hospital services. For
instance, we have concluded that clinical safety and appro-
priateness may be associated, thus they may interact. The
safer and the more appropriate the care provided, the more
efficient the hospital. Other interactions are also possible.

To analyse these four hypotheses and evaluate the
association level between technical efficiency and quality/
access, we combine nonradial directional distance-based
DEA (Charnes et al. 1979) and Grey Relational Analysis
(GRA) (Deng 1982; Girginer et al. 2015; Kuo et al. 2008),
using the double bootstrap technique of Simar and Wilson
(2007). Double bootstrap allows for a Multivariate
Regression Analysis (MRA) in the presence of interaction
terms, if required. Furthermore, it accounts for the data
generating process and permits the bias-correction of effi-
ciency scores. However, it does not allow the correction of
efficiency estimates by the external (operational) non-
discretionary environment, which consists of market con-
ditions, epidemiology, and demographics in the case of
hospitals. Hence, we make a small change in the double
bootstrap to consider those two issues. Although the MRA
is useful to account for more than one potential predictor for
efficiency, a multicollinearity and a discriminating power
loss problem may be present. They imply that we should be
parsimonious in the choice of these predictors. GRA is a
technique that condenses the number of predictor variables
into some composite indicators correlated with the raw data,
without substantial loss of information. Due to the simpli-
city of GRA, we use it to mitigate that dimensionality
problem. Therefore, we seek to contribute to both health
care management and operational research fields. The

former not only tries to answer to some questions that
remain unclearly answered in the literature but also to give a
step forward on the utilisation of double bootstrap that has
shown to be a robust technique to evaluate potential asso-
ciations between efficiency and some predictors.

The present paper is structured as follows. Section 2
describes the adopted methods (DEA, GRA, and double
bootstrap). Section 3 deals with the case study, describing
data and variables. Section 4 provides and discusses the
main findings. Section 6 concludes this document.

2 Methods

2.1 Overview

Given the mixed results in extant literature and the short-
comings in previously adopted methods, we propose the
utilisation of some alternative methods to analyse the
association between efficiency, appropriateness and time-
liness of care, patients’ safety, and access to care services,
and their potential interactions (if any). These measures of
(secondary) health care quality can be understood as the
process quality and outcomes from Donabedian’s triad
(Donabedian 2005). To analyse the aforementioned inter-
action in hospitals, we combine the bias- and environment
adjusted nonradial directional-based DEA, the GRA, and
the double bootstrap method.

2.2 Data envelopment analysis and the nonradial
directional distance functions

DEA (Banker et al.1984) assumes that a set of n hospitals,

J ¼ ð1; ¼ ; j; ¼ ; nÞ;
can produce the same kind of outputs (goods or services),
from similar inputs (resources).

Let xk ¼ ðxk1; ¼ ; xki ; ¼ ; xkmÞ denote the vector whose m
components are the input levels used by hospital k∈ J.
Likewise, let yk ¼ ðyk1; ¼ ; ykr ; ¼ ; yksÞ be the vector of s
different outputs delivered by the hospital k∈ J.

The standard formulation of DEA assumes radial contrac-
tion (resp. expansion) of inputs (resp. outputs), which is diffi-
cult to achieve in practice. For that reason, nonradial DEA-
based models are usually preferred for empirical applications;
see Zhang and Choi (2014). To obtain optimal levels of inputs
and outputs and, consequently, the efficiency score of hospital
k∈ J we use a nonradial Directional Distance Function (DDF)-
based DEA; see Chambers et al. (1996), and Chambers et al.
(1998). This model is more flexible than the standard DEA
because it allows for both input contraction and output
expansion at different rates (Ferreira and Marques 2016c;
Zhang and Choi 2014; Zhou et al. 2012).
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Let λkt 2 ½0; 1�; k 2 J; t ¼ 1; ¼ ; n; be the tth coefficient
associated with the kth hospital. The n components of λk
should be optimised, for instance, through linear program-
ming. Denote optimal values of variables with ⋆ (super-
script). Let fn : R2n

þ 7!Rþ ∪ f0g be an aggregating function
with two vectorial entries of the same size, n. Using a vector
of weights, λk ¼ ðλk1; ¼ ; λkj ; ¼ ; λknÞ, and linear combina-
tion, fn transforms the vector B ¼ ðB1; ¼ ;Bj; ¼ ;BnÞ into
a scalar B, i.e. fn(B, λk)= B⩾ 0. Should those weights range
between 0 and 1 and obey to

Pn
j¼1 λ

k
j ¼ 1, then fn represents

the weighted arithmetic mean of B:

fnðB; λkÞ ¼ hB; λki ¼ B>λk ¼
Xn
j¼1

λkj � Bj ¼ B:

DEA estimates targets for both inputs and outputs using
the linear combination of efficient hospitals located in the
boundary, as follows

ðxki Þ? ¼ hλk; xii ¼
Xn
j¼1

λkj � xji; i ¼ 1; ¼ ; m;

and

ðykrÞ? ¼ hλk; yri ¼
Xn
j¼1

λkj � yjr; r ¼ 1; ¼ ; s;

where xi ¼ ðx1i ; ¼ ; xji; ¼ ; xni Þ>; i ¼ 1; ¼ ;m; and yr ¼
ðy1r ; ¼ ; yjr; ¼ ; ynr Þ>; r ¼ 1; ¼ ; s: We verify that ðxki Þ?xki
and ðykrÞ?ykr , for any i, r. Inequalities can be transformed into
equations by using (nonnegative) slacks: ðxki Þ? þ ðSki Þ� ¼
xki ; and ðykrÞ? � ðSkrÞþ ¼ ykr , for any i, r. Assume that these
slacks result from unknown components, ðδkÞþ and ðδkÞ�
—to be optimised—and known directional components,
ðdkÞþ and ðdkÞ�, such that ðSki Þ� ¼ ðδki Þ� � ðdki Þ�; i ¼
1; ¼ ;m; and ðSkrÞþ ¼ ðδkrÞþ � ðdkr Þþ; r ¼ 1; ¼ ; s. For the
sake of simplicity, we assume that

ðdki Þ� ¼ h1; xii
n

and ðdkr Þþ ¼ h1; yri
n

; 8i; r;

where 1 is a n-length vector of ones. In other words, the
directional vector results from the arithmetic average of
observable values in dataset. Given this framework, the
nonradial DDF program becomes:

D ¼ max
λ;δ�;δþ

Xm
i¼1

ðδki Þ� þ
Xs

r¼1

ðδkrÞþ ð1aÞ

subject to:

hλk; xii þ h1; xii
n

� ðδki Þ� ¼ xki ; i ¼ 1; ¼ ;m; ð1bÞ

hλk; yri �
h1; yri

n
� ðδkrÞþ ¼ ykr ; r ¼ 1; ¼ ; s; ð1cÞ

h1; λki ¼ 1; ð1dÞ

λk; ðδkÞ�; ðδkÞþ0: ð1eÞ

Once λk; ðδkÞþ; and ðδkÞ� have been optimised by model
(1a)–(1e), one can estimate the efficiency score of hospital
k∈ J, denoted by θk:

θk ¼ 1
m �Pm

i¼1

ðxki Þ?
xki

= 1
s �

Ps
r¼1

ðykr Þ?
ykr

¼ s
m

m�1
n

Pm

i¼1

ðδk
i
Þ�

xk
i

P
j
xji

sþ1
n

Ps

r¼1

ðδkr Þþ
ykr

P
j
yjr

ð2Þ

Quantities ðδkÞ� and ðδkÞþ are nonnegative because ofPn
j¼1 λ

k
j � xjixki and

Pn
j¼1 λ

k
j � yjrykr , for any i, r. Thus, 0 < θk⩽

1. A finding that θk= 1 for k∈ J indicates that hospital k is
technically efficient. Moreover, 1− θk′ identifies the ineffi-
ciency level of hospital k′∈ J.

2.3 Correction of efficiency estimates for bias and
operational conditions

Efficiency scores must be adjusted for nondiscretionary vari-
ables characterising the exogenous environment under which
hospitals operate. It is worth noting that these exogenous
environmental variables do not include the quality ones (safety,
appropriateness, timeliness, and access). Rather, by exogenous
variables or operational conditions we mean the demographic
and epidemiological dimensions that are prone to drive tech-
nical efficiency and are non-discretionary to hospital managers
(quality and access are not exogenous to the production pro-
cess). The adjustment for exogenous factors is compulsory
because hospitals usually face quite heterogeneous environ-
ments, meaning that some act on unfair conditions when
compared with the others, see Bădin et al. (2012), Daraio and
Simar (2005), Daraio and Simar (2007b), and Kontodimo-
poulos et al. (2010).

Efficiency scores θk are likely biased due to the presence of
noise. To mitigate such a bias, we employ the conditional
subsampling method. The conditionality introduced here
allows the correction of efficiency for operational conditions
and bias, simultaneously. Let zk ¼ ðzk1; ¼ ; zkv; ¼ ; zkwÞ be the
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vector of w exogenous dimensions featuring the hospital k∈ J.
Following Ferreira and Marques (2016a), we construct a
comparability subset for the hospital k∈ J (under analysis)
from the original sample. The subset, denoted by Ωk, replaces J
in (1a)–(1e), and is specified as follows:

Ωk ¼
[
j2J

j s:t:
zjv > zkv � hv;

zjv < zkv þ hv;
v ¼ 1; ¼ ;w

( )
; ð3Þ

where hv > 0 is a variable-specific bandwidth that can be
estimated, for instance, through the Silverman’s rule of
thumb (Silverman1986). For the second-order Epanechni-
kov kernel, hv � 2:34 � σ̂v � n�1=5, where σ̂v is the empirical
standard deviation of zv; v ¼ 1; ¼ ;w (Ferreira et al.
2017a).1 We obtain conditional efficiency measures when
hv is finite. Should hv 7! þ1, then Ωk 7! J, and we
estimate unconditional efficiency scores.

Once defining the comparability subset Ωk for k∈ J, one
can construct the conditional subsampling procedure to
correct efficiency estimates for bias and the environment.
Let 0⩽ γ⩽ 1 be a quantity and N= [nγ] the size of a sub-
sample.2 Daraio and Simar (2007a) suggest using γ > 0.50.
In the present case, γ= 0.90, although results have shown
stability for 0.85⩽ γ⩽ 0.95. The procedure is defined in
Algorithm A (see Appendix A),3 whose final outcome is the
efficiency estimate corrected for bias and the environment,
B(θk), for the hospital under analysis, k∈ J. More details
regarding subsampling can be found in Daraio and Simar
(2007a).

2.4 Grey relational analysis

The dimensionality related to the number of independent
variables is a problem underlying multiple regressions.
Should the sample be small, then the statistical power of the
method may be worsened, which can be problematic. At
this point, one should be aware that a considerable number
of quality-related variables are available and can be used to
conduct the second stage of the present study (vide infra).
Using them all as explanatory variables may bring unde-
sirable outcomes from the multiple regression due to mul-
ticollinearity problems. Alternatively, one may merge those

independent quality and access variables into a smaller set,
in an intuitive way. Thereby, we use the GRA method of
Deng (1982) to reduce the set of explanatory variables into
three composite indicators: appropriateness and timeliness,
patients’ clinical safety, and access to health care services.
These indicators will be used as explanatory variables of
hospital technical efficiency.

GRA is an ordinal multicriteria decision aiding tool that
ranks several different alternatives (hospitals) given their per-
formances in a set of criteria or attributes (Kuo et al. 2008).
Hereinafter, we use the term attribute to denote each quality/
access variable. GRA has been applied in a number of fields,
including health care (Girginer et al. 2015), watermarking
schemes (Lin et al. 2011), hiring (Olson and Wu 2006), and
biomass boilers optimisation (Morán et al. 2006).

Let a set of attributes be denoted by

QjðgÞ
‘ ; j 2 J; ‘ ¼ 1; ¼ ;Q; g ¼ 1; 2; 3. They can be

grouped into “the larger, the better” attributes,

QjðgÞ
‘ ; j 2 J; ‘ ¼ 1; ¼ ; q; g ¼ 1; 2; 3, and “the smaller, the

better” attributes, ~~Q
jðgÞ
‘ ; j 2 J; ‘ ¼ qþ 1; ¼ ;Q;

g ¼ 1; 2; 3. The range of the ‘th attribute in the observed
dataset is:

VðgÞ
‘ ¼ max

j2J
QjðgÞ

‘ �min
j2J

QjðgÞ
‘ ;

‘ ¼ 1; ¼ ;Q;

g ¼ 1; 2; 3;

Consider the following normalisation (Girginer et al. 2015;
Kuo et al. 2008):

QjðgÞ?
‘ ¼

~QjðgÞ
‘

�min
j2J

~QjðgÞ
‘

VðgÞ
‘

; ‘ ¼ 1; ¼ ; q;

max
j2J

~QjðgÞ
‘

� ~QjðgÞ
‘

VðgÞ
‘

; ‘ ¼ qþ 1; ¼ ;Q;

8>>><
>>>:

;

j 2 J; g ¼ 1; 2; 3:

ð4Þ

There is a reference associated with each attribute:

RðQðgÞ
‘ Þ ¼ 1; 8‘ ¼ 1; ¼ ;Q; g ¼ 1; 2; 3:

The reference denotes the best possible quality-related level
that can be achieved by hospitals in the corresponding
attribute. The closer QjðgÞ?

‘ is to the reference, the higher the
quality of the jth hospital in the ‘th attribute of the kth
attributes’ cluster. Consider the quantities:

QjðgÞ??
‘ ¼ jRðQðgÞ

‘ Þ � QjðgÞ?
‘ j ≥ 0;

j 2 J;

‘ ¼ 1; ¼ ;Q;

g ¼ 1; 2; 3;

8><
>: ð5Þ

1 Bandwidths can be estimated through distinct ways, including the
least squares cross-validation procedure of Bădin et al. (2010) or the
nearest-neighbour method proposed by [Daraio and Simar (2007a),
p.109–110]. These two approaches produce local hospital-specific
bandwidths. It is interesting to note that, in the current case, these two
approaches lead to very similar results as the ones achieved via the
Silverman’s (global) approach. To keep it simple, we present only the
results using the latter.
2 [a] is the nearest integer of a towards −∞; e.g. [2.95]= 2.
3 To avoid too large a manuscript, a document with the Appendix was
stored in https://drive.google.com/drive/folders/1WICqxHmpUNESRq
gjjZ2Yoe1dtvQ3ZYzt?usp=sharing, which is accessible to anyone.
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QðgÞ?? ¼ min
j;‘

QjðgÞ??
‘ ; g ¼ 1; 2; 3; ð6Þ

and

QðgÞ?? ¼ max
j;‘

QjðgÞ??
‘ ; g ¼ 1; 2; 3; ð7Þ

and, finally, the grey relational coefficients

ΓjðgÞ ¼ 1
Q

XQ
‘¼1

QðgÞ?? þ 1
2 � QðgÞ??

QjðgÞ??
‘ þ 1

2 � QðgÞ??
;

j 2 J;

g ¼ 1; 2; 3;

�
ð8Þ

and

ΓðgÞ
‘ ¼ 1

Q

Xn
j¼1

QðgÞ?? þ 1
2 � QðgÞ??

QjðgÞ??
‘ þ 1

2 � QðgÞ??
;

‘ ¼ 1; ¼ ;Q;

g ¼ 1; 2; 3:

�
ð9Þ

Γj(g) is the level of relationship between the (normalised)
empirical observation and the reference. The higher Γj(g),
the better the quality of the jth hospital in the corresponding
set (either appropriateness and timeliness, safety, or access
to care).

2.5 Double bootstrap

Past studies handling with the association between effi-
ciency and quality in health care encompass some short-
comings limiting the extrapolation of their findings and the
policy and managerial implications’ validity. To estimate
efficiency, most of them rely on linear programming tech-
niques, particularly DEA. Varabyova et al. (2017) identify,
at least, five different ways of including quality in bench-
marking analyses:

(a) One-stage approach, where quality variables are
included in DEA as intangible outputs; see Chang
et al. (2011), Ferreira and Marques (2017), Garavaglia
et al. (2011), and Navarro-Espigares and Torres
(2011);

(b) Two-stage approach, where efficiency scores are
estimated in the first stage and regressed against
several predictors in the second ones; see Gok and
Sezen (2013);

(c) Congestion analysis, so that undesirable quality
variables can be assumed as weakly disposable
outputs, see Dismuke and Sena (2001), Matranga
and Sapienza (2015), and Valdmanis et al. (2008);

(d) Multiple objective DEA that assumes the maximisa-
tion of two objective functions (efficiency and
quality), see Shimshak et al. (2009); and

(e) Conditional approach that imposes quality variables
as exogenous to the production process, see Ferreira
and Marques (2018), and Varabyova et al. (2016a).

Because of the curse of dimensionality exhibited by DEA
and models alike, the inclusion of quality/access as addi-
tional outputs in one-stage approaches (including conges-
tion analysis) may not be the best solution. Thus, using the
one-stage approach to analyse the relationship between
efficiency and quality through DEA estimates does not
seem appealing.

Two-stage approaches are, indeed, better alternatives.
Existing research adopting this strategy usually employs
MRA in the second stage. Two problems can be found in the
literature. First, efficiency scores are serially correlated
(Hirschberg and Lloyd 2002), biasing the regression coef-
ficients’ estimates. Therefore, a bootstrap mechanism might
be compulsory for multiple regressions (Simar and Wilson
2007). Second, those regressions rely on the separability
condition (Daraio and Simar 2007a), meaning that predictors
are not likely to affect the efficient frontier shape. Rather,
they are expected to impact on efficiency distributions, only.
Varabyova et al. (2016a) and Ferreira and Marques (2018)
use the conditional approach as a potential alternative to
overcome such a problem. The latter concluded that the
separability condition holds for Portuguese public hospitals.
It means that neither quality nor access seem to affect the
efficient boundary. Moreover, it is difficult to use the con-
ditional approach for MRA, especially whenever interac-
tions should be accounted for. Therefore, we choose the
bootstrapped based multivariate analysis, also known as
double bootstrap, proposed by Simar and Wilson (2007), as
one of the suitable alternatives to study the impact of quality
and access on hospitals’ efficiency distribution.

The standard double bootstrap model (model 2 of Simar
and Wilson (2007)) was formulated to use radial DEA
alongside the traditional bootstrap of Simar and Wilson
(1998). This means that the first step of their model cannot
correct technical efficiency for environmental effects.
Moreover, the procedure does not allow the utilisation of
nonradial directional models for efficiency assessment. To
be consistent with the first stage of this study and the sub-
sampling procedure, an adaptation of the original double
bootstrap model (model 2) should be made. It can be found
in Algorithm B (Appendix A, online). The algorithm
regresses (conditional) slacks against the quality-related
variables using the maximum likelihood method, and
repeatedly draws a pseudo-residual with left truncation to
estimate new slacks. These newly estimated slacks are used
to perturb the original data (just like the original bootstrap
algorithm does) and then to estimate bootstrapped efficiency
scores. Once the efficiency scores space has been reduced to
a Euclidean-space Rn�1

þ , one can employ (once more) the
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maximum likelihood method within a second stage to
achieve ten sets of L2 regression coefficients, useful to
estimate confidence intervals (Simar and Wilson 2007). We
used L1= 200 and L2= 2,000.

Once the bias- and environmentally-corrected efficiency
estimate has been assessed in a first stage, they are regressed
against a set of three quality/access composites in a second
stage through a single truncated regression with bootstrap.
In short, the double bootstrap achieves bias-corrected and
confidence intervals for the coefficients β0, βg and βgg′, g,
g′= 1, 2, 3, of the truncated regression

ðθjÞ�1 ¼ β0 þ
P3
g¼1

βg � ΓjðgÞ

þ ξ � P3
g¼1

P3
g0¼1

βgg0 � ΓjðgÞ � Γjðg0Þ

þ εj; j 2 J;

ð10Þ

where ε � Nð0; 1Þ is an error term, and θj is the bias-
corrected conditional efficiency estimate associated with the
jth hospital. ξ 2 f0; 1g is a binary variable, which is equal
to 0 if we do not consider interaction terms (Γ(g) · Γ(g′), g,
g′= 1, 2, 3); 1, otherwise. Note that βgg′= βg′g for any g,
g′= 1, 2, 3. Since the double bootstrap relates quality and
the reciprocal of θ, negative coefficients βg, βgg′, g, g′= 1, 2,
3, indicate that both technical efficiency and quality
(aggregated) attributes vary in the same sense. Double
bootstrap obtains confidence intervals for coefficients β0, βg,
and βgg′, g, g′= 1, 2, 3 We assume the 5% significance
level. Thus, if the 95% confidence intervals do contain the
null value, i.e. f0g 2 CIðβ?Þ, then the associated coefficient
is not statistically significant (different from 0).

3 Case study: efficiency and quality in
Portuguese public hospitals

3.1 An overview of the Portuguese public hospitals

The Portuguese National Health Service (NHS) provides
universal care to the population. There are three health care
levels: primary (health centres), secondary (hospitals), and
tertiary. The 2018 report of the World Health Organization4

mentions that Portugal has 113 public hospitals (which
belong to the NHS) and 96 private hospitals, including
small clinics. These figures represent the number of infra-
structures or buildings, not the Decision Making Unit
(DMU) per se as it can be composed of more than one
physical entity, as detailed below. From the sample of more
than two hundred infrastructures, only 27 Portuguese public

general hospitals operating between 2013 and 2016 can be
considered. Private health care providers do not belong to
the NHS and then do not deliver their data, publicly.
Additionally, in 2013 there were 10,500 beds in private
hospitals and 25 thousand in the public ones, which results
roughly into one hundred beds per private provider, a
quantity that doubles for public providers. This is because
private entities are, in general, smaller than their public
counterparts. In fact, only a few of them are comparable (in
size) with a small/medium-size public hospital. Therefore,
even if private providers would be included into the ana-
lysis, there would expectedly a problem of scale between
both groups. The analysis reduces, thus, to the case of
public hospitals.

The 113 public hospital facilities in Portugal comprise
general (acute) hospitals, as well as specialized providers
(maternities, oncology centres, rehabilitation centres,...).
The latter were removed from the sample because their
production function is arguably different from the one of the
first group of hospitals. Since 2002/2003 the remaining
infrastructures suffered some reforms carried out in the light
of the New Public Management paradigm, aiming at
exploiting both economies of scale and economies of scope.
Reforms included the merging of hospitals: horizontal
merging of two or more near facilities to create a hospital
centre, and vertical merging of a hospital facility and several
close primary care centres, creating a Local Health Unit
(LHU). Although the number of buildings did not sig-
nificantly change, the quantity of DMUs heavily reduced
since 2002. The introduction of Public-Private Partnerships
(PPPs) into the Portuguese NHS was also a strategy inspired
on the aforementioned paradigm. Four PPPs were intro-
duced to either replace outdated infrastructures (substitution
hospitals) or to reinforce supply in regions where it
was low.

In 2018, hospitals operating in the NHS included seven
singular hospitals (or singletons), 20 hospital centres, eight
LHUs, and the four PPPs. Data related to LHUs contain
information of both primary and secondary levels of care;
hence, they were removed from the sample to avoid
incorrect benchmarking comparisons. Furthermore, PPPs
are not forced to publicly deliver their data of inputs
(namely, costs and number of staff). Because of missing
data for these cases, PPPs were also erased from the dataset.
Finally, based on such problems, the dataset concerns 27
Portuguese public general (acute) hospitals—20 hospital
centres and seven singletons—operating between 2013 and
2016. In other words, the sample is composed of one
hundred and eight DMUs-year (=27 × 4).

Data pooling concerning the four years could introduce
some bias sources if technology considerably changes over
time (Ferreira and Marques 2015). In fact, between 2013
and 2016 a frontier shift (resulting from technological

4 http://www.euro.who.int/__data/assets/pdf_file/0008/366983/
portugalreview-report-eng.pdf.
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progress or regress) may have occurred, which is not ana-
lysed here (nor it is the focus of the current research). To
overcome that problem we slightly change Eq. (3) by
introducing a new constraint:

tk � ϵ< tj < tk þ ϵ;

where tj∈ {2013, 2014, 2015, 2016} is the year associated
with the jth hospital and ϵ is a nonnegative scalar smaller
than 1 (Ferreira et al. 2016), say ϵ= 0.50. This change in Ωk

imposes that hospitals are compared only to their peers
operating in the very same year.5

3.2 Data and variables

3.2.1 Data source(s)

Data concerning health care providers are made (freely)
available by the official sources (Central Administration of
the Health System).6 Exogenous variables (demography and
epidemiology) were collected from the Statistics Portugal.7

Selected variables are defined below.

3.2.2 Inputs

Hospitals need to consume resources to deliver health care
services to the population. The less waste they produce, the
better their technical efficiency. Table 1 presents the
adopted input variables. Following the literature, inputs (or
resources) can be either physical or monetary. We solely
considered time spent in inpatient services and costs asso-
ciated with the whole hospital. Note that time (hospital
days) can be considered a resource that need to be con-
sumed for the healing process Ferreira et al. (2017a). Costs
were adjusted by the Gross Domestic Product price deflator
(basis: 2016). Inputs consumption is considerably hetero-
geneous among the Portuguese hospitals. On average,
hospitals spent roughly €310 million annually, from which
a meaningful share regarded cost inefficiency (Ferreira and
Marques 2015, 2016a, 2016b).

The number of beds is used as input in several studies.
We have initially considered this variable as an extra input,
but it would reduce even more the sample (which is rather
small) because of missing data for a considerable number of
hospitals. However, considering only those observations
with data on costs, hospital days, and beds, we computed
the Pearson’s correlation coefficient and observed that it
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was always larger than 0.95 (p < 0.001). That is to say that,
either considering or not beds as input, it seems to be
pointless in this case. As detailed before, we conduct an
exploratory two-stage analysis based on regressions to
relate efficiency with quality and access. Thus, small
changes on efficiency estimates resulting from the inclusion
of beds as input are not expected to promote variations on
the coefficients of regressions.

3.2.3 Outputs

Hospitals production is another required measure for DEA.
Table 2 defines eight outputs representing the production of
the main hospital services: inpatient services, medical
appointments, operating theatre, emergency room, and
delivery room. Outputs were adjusted by the Case-Mix
Index (CMI) (either internment, medical, or surgical CMI)
so as to homogenise produced services. Note that hospital
days can also be viewed as an output. This is a common
assumption in the literature and the logic behind this is that
it directly relates to the costs of care (Worthington 2004).

3.2.4 Demographics and epidemiology

It is well known that age structure impacts on costs and,
eventually, on final outputs and quality. Indeed, older
population is prone to more severe diseases that consume
more resources and the in-hospital probability of death is
much higher than the one for youngsters. Additionally, the
education level and the purchasing power tend to have a
positive effect on costs. There is evidence that education
and purchasing power (resp. average age) are positively
(resp. negatively) correlated. These (and other) issues were
predicted by the Grossman model (Grossman 1972).
Therefore, municipal and regional variables like population
size, purchasing power, and population education level are
considered to adjust both data and results for epidemiology
and demographics, see Table 3. Note that such a large
number of variables (13) may result on empty set Ωk. In
view of that, the Principal Component Analysis (PCA)
technique was employed to aggregate them into three
uncorrelated components, explaining more than 96% of the
original data variance. These three components replaced the
exogenous nondiscretionary variables in Eq. (3).

3.2.5 Appropriateness and timeliness of health care,
patients’ safety, and access to health care

We considered the outcomes presented in Table 4. Out-
comes were clustered into three criteria: clinical safety, care
appropriateness and timeliness, and access to health care.
Safety, appropriateness and timeliness, and access are
related concepts. On the one hand, the number of major

surgeries on potentially minor operations may reflect lack of
scientific knowledge and patient-centring. On the other
hand, the higher the waiting time for a hip surgery, the
higher the probability of complications, especially in the
age group of elders. This means that a timely answer (sur-
gery) reflects the quality of care. Finally, access to health
care can be evaluated by the number of first visits and
surgeries within the maximum ensured response time. It is
worth mentioning that the maximum time is established by
law and low rates result from poor access to secondary
health care facilities. Note that both variables’ selection and
clustering have strictly followed the official database, which
in turn reflects the State’s own perception about appro-
priateness and timeliness, safety, and access.

3.2.6 Different models for robustness

It is well known that nonparametric benchmarking models,
including DEA, are prone to problems related to dimen-
sionality. Additionally, hospital days have been considered
as inputs and as outputs (vide supra), requiring at least two
different models. To account for this fact and to reduce the
curse of dimensionality effect, we propose eight different
models, Ml l ¼ 1; ¼ ; 8 see Table A in Appendix B. For
instance, models M1 and M2 consider all variables as in
Tables 1 and 2. The difference between them is the treat-
ment given to hospital days). The remaining models use the
total costs, Sum(x1, …, x4), to reduce the number of inputs.
We also use PCA to narrow down some or all of the outputs
into a single variable. Note that models M7 and M8 consider
only a share of the presented outputs because some of them
(such as births and surgeries) may represent subcategories
of inpatient discharges. The difference between these two
models is the aggregating level between output variables.

4 Results

This subsection provides the results achieved through GRA,
DEA, and double bootstrap methods. We also include a
bivariate regression analysis to strengthen the results. We
developed all routines using the integration of MATLAB®

programming software and the optimisation package IBM
ILOG CPLEX®, v12.6.3.

4.1 GRA results

Clinical safety. No hospital has reached efficiency in safe
events as maxj2JfΓjð1Þg ¼ 0:89. The small average, 0.66,
may reveal a considerable lack of clinical safety in Portu-
guese public hospitals. No considerable heterogeneity was
observed: the coefficient of variation of Γ(1) is nearly 16%.
As expected, Γ(1) exhibits statistically significant and

Journal of Productivity Analysis (2020) 53:355–375 363



Ta
bl
e
2
O
ut
pu

ts
.
N
ot
e:

va
lu
es

ar
e
ex
pr
es
se
d
in

th
ou

sa
nd

O
ut
pu

t
D
es
cr
ip
tio

n
y

σ y
R
an
ge

R
ef
er
en
ce
sa

In
pa
tie
nt

di
sc
ha
rg
es
,
y 1

T
ot
al

nu
m
be
r
of

tr
ea
te
d
in
pa
tie
nt
s
in

in
pa
tie
nt

se
rv
ic
es

23
.2
4

13
.0
8

61
.6
9

C
ho

w
dh

ur
y
et

al
.
(2
01

4)
,
M
ar
qu

es
an
d
C
ar
va
lh
o
(2
01

3)
,
S
im

õe
s
an
d

M
ar
qu

es
(2
01

1)

E
m
er
ge
nc
y
ca
se
s,
y 2

T
ot
al

nu
m
be
r
of

em
er
ge
nc
ie
s

16
7.
03

66
.6
8

29
0.
48

K
hu

sh
al
an
i
an
d
O
zc
an

(2
01

7)
,
M
ar
qu

es
an
d
C
ar
va
lh
o
(2
01

3)
,
S
im

õe
s

an
d
M
ar
qu

es
(2
01

1)

F
ir
st
m
ed
ic
al

ap
po

in
tm

en
ts
,
y 3

T
ot
al

nu
m
be
r
of

fi
rs
t
m
ed
ic
al

ap
po

in
tm

en
ts

44
.1
1

41
.5
8

22
4.
26

N
.A
./N

.F
.a

F
ol
lo
w
-u
p
sc
he
du

le
d
m
ed
ic
al

ap
po

in
tm

en
ts
,
y 4

T
ot
al

nu
m
be
r
of

fo
llo

w
-u
p
sc
he
du

le
d
m
ed
ic
al

ap
po

in
tm

en
ts

23
5.
34

17
1.
27

65
6.
25

O
ut
pa
tie
nt

su
rg
er
ie
s,
y 5

T
ot
al

nu
m
be
r
of

ou
tp
at
ie
nt

sc
he
du

le
d
(m

in
or
)

su
rg
er
ie
s

8.
67

5.
35

19
.3
9

N
.A
./N

.F
.b

C
on

ve
nt
io
na
l
su
rg
er
ie
s,
y 6

T
ot
al

nu
m
be
r
of

co
nv

en
tio

na
l
sc
he
du

le
d
(m

aj
or
)

su
rg
er
ie
s

6.
45

4.
54

16
.4
0

U
rg
en
t
su
rg
er
ie
s,
y 7

T
ot
al

nu
m
be
r
of

ur
ge
nt

su
rg
er
ie
s

2.
93

1.
98

7.
99

B
ir
th
s,
y 8

T
ot
al

nu
m
be
r
of

bi
rt
hs

1.
88

1.
08

4.
95

C
le
m
en
t
et

al
.
(2
00

8)
,
V
al
dm

an
is
et

al
.
(2
00

8)

H
os
pi
ta
l
da
ys

c ,
y 9

T
ot
al

nu
m
be
r
of

da
ys

sp
en
t
by

al
l
in
pa
tie
nt
s
in

nu
rs
er
y

17
7.
24

11
4.
37

48
4.
49

H
ol
lin

gs
w
or
th

(2
00

8)
,
R
eg
o
et

al
.
(2
01

0)

N
.A
./N

.F
.
no

t
av
ai
la
bl
e
or

no
t
fo
un

d
a S
ev
er
al
st
ud

ie
s
ha
ve

us
ed

th
e
nu

m
be
r
of

m
ed
ic
al
ap
po

in
tm

en
ts
as

ou
tp
ut
s
(s
ee

e.
g.

K
hu

sh
al
an
i
an
d
O
zc
an

(2
01

7)
,S

af
da
r
et
al
.(
20

16
))
,b

ut
no

ne
ha
s
co
ns
id
er
ed

th
ei
r
cl
as
si
fi
ca
tio

n
in
to

fi
rs
t
an
d

fo
llo

w
-u
p
sc
he
du

le
d
ap
po

in
tm

en
ts

b A
s
in

th
e
m
ed
ic
al
ap
po

in
tm

en
ts
ca
se
,m

os
ts
tu
di
es

us
e
th
e
nu

m
be
r
of

su
rg
er
ie
s
w
ith

no
di
st
in
ct
io
n
be
tw
ee
n
m
aj
or

an
d
m
in
or

su
rg
er
ie
s.
E
xa
m
pl
es

of
st
ud

ie
s
us
in
g
th
e
ov

er
al
ln

um
be
r
of

su
rg
er
ie
s

as
ou

tp
ut
s
in
cl
ud

e
C
ab
al
le
r-
T
ar
az
on

a
et

al
.
(2
01

0)
,
C
ha
ng

et
al
.
(2
00

4)
,
K
hu

sh
al
an
i
an
d
O
zc
an

(2
01

7)
,
to

na
m
e
a
fe
w

c T
re
at
in
g
ho

sp
ita
l
da
ys

as
ou

tp
ut

is
a
co
nv

en
tio

na
l
pr
ac
tic
e.

T
he

lo
gi
c
be
hi
nd

is
th
at

th
e
va
ri
ab
le

is
di
re
ct
ly

re
la
te
d
to

th
e
co
st
s
of

ca
re

(i
np

ut
s)

364 Journal of Productivity Analysis (2020) 53:355–375



Ta
bl
e
3
E
xo

ge
no

us
no

nd
is
cr
et
io
na
ry

va
ri
ab
le
s

E
xo

ge
no

us
no

nd
is
cr
et
io
na
ry

va
ri
ab
le

a
D
es
cr
ip
tio

n
z

σ z
R
an
ge

R
ef
er
en
ce
s

P
op

ul
at
io
n
si
ze
,
z 1

N
um

be
r
of

in
ha
bi
ta
nt
s
ta
rg
et
ed

by
th
e

ho
sp
ita
l

85
2,
41

7.
19

1,
16

7,
66

0.
39

3,
54

3,
36

3.
00

G
ue
rr
in
i
et

al
.
(2
01

7)

P
op

ul
at
io
n
de
ns
ity

,
z 2

N
um

be
r
of

in
ha
bi
ta
nt
s
pe
r
sq
ua
re

ki
lo
m
et
re

50
2.
52

58
4.
33

2,
40

9.
40

A
lli
n
et

al
.
(2
01

6)
,
F
er
re
ir
a
an
d
M
ar
qu

es
(2
01

5)
,
F
er
re
ir
a
an
d

M
ar
qu

es
(2
01

6a
),
G
ue
rr
in
i
et

al
.
(2
01

7)

E
ld
er
ly

ra
te

b ,
z 3

T
ot
al

nu
m
be
r
of

el
de
rl
y
(>
65

ye
ar
s
ol
d)

pe
r

10
0
in
ha
bi
ta
nt
s

20
.6
5

3.
87

14
.1
7

A
lli
n
et

al
.
(2
01

6)
,
G
ue
rr
in
i
et

al
.
(2
01

7)
,
V
ar
ab
yo

va
et

al
.
(2
01

6b
)

Y
ou

ng
ra
te
,
z 4

T
ot
al

nu
m
be
r
of

yo
ut
hs

(<
15

ye
ar
s
ol
d)

pe
r

10
0
in
ha
bi
ta
nt
s

14
.0
7

1.
56

6.
37

N
.A
./N

.F
.;
va
ri
ab
le
s
z 4

an
d
z 5

co
m
pl
em

en
t
z 3

in
or
de
r
to

ch
ar
ac
te
ri
se

th
e
ag
e
st
ru
ct
ur
e
of

th
e
ta
rg
et

po
pu

la
tio

n.

D
ep
en
de
nc
e
in
de
x,

z 5
T
ot
al

nu
m
be
r
of

el
de
rl
y
pe
r
10

0
w
or
ki
ng

ag
e
po

pu
la
tio

n
31

.9
7

7.
39

27
.3
3

C
ru
de

de
at
h
ra
te

c ,
z 6

T
ot
al

nu
m
be
r
of

de
at
hs

pe
r
1,
00

0
in
ha
bi
ta
nt
s

10
.2
3

2.
51

9.
40

A
lli
n
et

al
.
(2
01

6)

C
hi
ld

m
or
ta
lit
y
ra
te
,
z 7

T
ot
al

nu
m
be
r
of

ch
ild

(<
1
ye
ar

ol
d)

de
at
hs

pe
r
1,
00

0
ch
ild

bi
rt
hs

3.
07

1.
22

5.
90

H
ad
ad

et
al
.
(2
01

3)
,
R
et
zl
af
f-
R
ob

er
ts

et
al
.
(2
00

4)

C
ru
de

bi
rt
h
ra
te
,
z 8

T
ot
al

nu
m
be
r
of

liv
e
bi
rt
hs

pe
r
1,
00

0
in
ha
bi
ta
nt
s

7.
61

1.
27

4.
10

N
.A
./N

.F
.

S
til
lb
ir
th

ra
te
,
z 9

T
ot
al

nu
m
be
r
of

st
ill
bi
rt
h
ca
se
s
pe
r
10

0
ch
ild

de
at
hs

34
.3
0

8.
06

30
.0
0

H
ad
ad

et
al
.
(2
01

3)
,
R
et
zl
af
f-
R
ob

er
ts

et
al
.
(2
00

4)

Il
lit
er
ac
y
ra
te

d ,
z 1

0
T
ot
al

nu
m
be
r
of

ill
ite
ra
te
s
pe
r
10

0
in
ha
bi
ta
nt
s

5.
46

2.
24

8.
50

A
nd

ru
lis

an
d
B
ra
ch

(2
00

7)
,
F
is
ce
lla

et
al
.
(2
00

0)
,
S
ud

or
e
et

al
.

(2
00

6)

In
ha
bi
ta
nt
s
pe
r
do

ct
or

e ,
z 1

1
In
ha
bi
ta
nt
s
pe
r
do

ct
or

31
3.
80

12
6.
58

57
4.
90

B
ha
t
(2
00

5)
,
H
ad
ad

et
al
.
(2
01

3)
,
R
et
zl
af
f-
R
ob

er
ts

et
al
.
(2
00

4)

In
ha
bi
ta
nt
s
pe
r
ph

ar
m
ac
is
t,
z 1

2
In
ha
bi
ta
nt
s
pe
r
ph

ar
m
ac
is
t

99
4.
14

22
2.
25

88
9.
60

N
.A
./N

.F
.;
z 1

1
an
d
z 1

2
bo

th
ch
ar
ac
te
ri
se

th
e
ac
ce
ss

to
th
e
he
al
th

ca
re

P
ur
ch
as
in
g
po

w
er

pe
r
ca
pi
ta
,
z 1

3
P
ur
ch
as
in
g
po

w
er

pe
r
ca
pi
ta

(n
at
io
na
l

le
ve
l:
10

0%
)

94
.6
7

13
.2
7

53
.6
0

A
lli
n
et

al
.
(2
01

6)
,
H
ad
ad

et
al
.
(2
01

3)
,
V
ar
ab
yo

va
et

al
.
(2
01

6b
)

N
.A
./N

.F
.
no

t
av
ai
la
bl
e
or

no
t
fo
un

d
a N

on
-d
is
cr
et
io
na
ry

va
ri
ab
le
s
w
er
e
co
lle
ct
ed

fr
om

th
e
of
fi
ci
al
so
ur
ce

(v
id
e
th
e
S
ta
tis
tic
s
P
or
tu
ga
lw

eb
si
te
,h

ttp
s:
//w

w
w
.in

e.
pt
/)
.M

os
to

f
th
e
va
ri
ab
le
s
re
ga
rd

th
e
ye
ar
s
of

20
14

an
d
20

15
,b

ut
in

fe
w

ca
se
s
da
ta

is
sl
ig
ht
ly

ol
de
r.
S
til
l,
it
is
as
su
m
ed

th
at

th
e
ex
og

en
ou

s
en
vi
ro
nm

en
t
is
st
at
io
na
ry

b T
he

ag
e
st
ru
ct
ur
e
im

pa
ct
s
on

th
e
he
al
th

ca
re

re
so
ur
ce
s
co
ns
um

pt
io
n,

as
th
e
hi
gh

er
th
e
po

pu
la
tio

n
av
er
ag
e
ag
e,

th
e
m
or
e
se
ve
re

ar
e
th
e
di
se
as
es

c B
ot
h
de
at
h
an
d
bi
rt
h
ra
te
s
ca
n
be

as
so
ci
at
ed

w
ith

th
e
ac
ce
ss

to
he
al
th

ca
re

fa
ci
lit
ie
s,
ap
pr
op

ri
at
en
es
s
an
d
tim

el
in
es
s
an
d
sa
fe
ty

of
pr
ov

id
ed

se
rv
ic
es

d E
du

ca
tio

n
is
hi
gh

ly
re
la
te
d
to

th
e
ac
ce
ss

to
th
e
he
al
th

ca
re

sy
st
em

,a
s
th
e
m
or
e
ed
uc
at
ed

th
e
po

pu
la
tio

n,
th
e
hi
gh

er
th
e
pr
ev
en
tio

n
ag
ai
ns
td

is
ea
se
s,
th
e
hi
gh

er
th
e
pu

rc
ha
si
ng

po
w
er

an
d
th
e
hi
gh

er
th
e
ac
ce
ss

to
th
e
pr
iv
at
e
he
al
th

ca
re

se
ct
or

e T
he

hi
gh

er
th
e
nu

m
be
r
of

do
ct
or
s
an
d
ph

ar
m
ac
is
ts
to

at
te
nd

fo
r
a
po

pu
la
tio

n,
th
e
be
tte
r
th
e
ac
ce
ss

to
th
e
he
al
th

ca
re

sy
st
em

Journal of Productivity Analysis (2020) 53:355–375 365

https://www.ine.pt/


Ta
bl
e
4
A
pp

ro
pr
ia
te
ne
ss

an
d
tim

el
in
es
s,
ac
ce
ss
,
an
d
sa
fe
ty

va
ri
ab
le
s.
V
al
ue
s
ar
e
pr
es
en
te
d
in

pe
rc
en
ta
ge

(%
)

O
ut
co
m
es

D
ir
ec
tio

na
D
es
cr
ip
tio

n
x

σ x
R
an
ge

R
ef
er
en
ce
s

C
lin

ic
al

sa
fe
ty

D
ec
ub

itu
s
ul
ce
rs
,
Qð

1Þ 1
↙

N
um

be
r
of

pr
es
su
re

ul
ce
rs

in
be
dr
id
de
n
pe
r
10

0
in
pa
tie
nt
s

1.
50

1.
09

4.
50

L
yd

er
et

al
.
(2
01

2)
,
S
ul
liv

an
an
d
S
ch
oe
lle
s

(2
01

3)
,
T
sa
ng

et
al
.
(2
00

8)

P
ul
m
on

ar
y
em

bo
lis
m
/d
ee
p

ve
in

th
ro
m
bo

si
s,
Qð

1Þ 2

↙
P
os
to
pe
ra
tiv

e
pu

lm
on

ar
y
em

bo
lis
m
/d
ee
p
ve
no

us
th
ro
m
bo

si
s
ca
se
s
pe
r
10

0
su
rg
ic
al

pr
oc
ed
ur
es

0.
19

0.
12

0.
58

T
sa
ng

et
al
.
(2
00

8)

S
ep
tis
,
Qð

1Þ 3
↙

P
os
to
pe
ra
tiv

e
se
pt
ic
ae
m
ia

ca
se
s
pe
r
10

0
in
pa
tie
nt
s

0.
69

0.
60

2.
81

S
ch
an
g
et

al
.
(2
01

6)
,
T
sa
ng

et
al
.
(2
00

8)

T
ra
um

a
on

va
gi
na
l
de
liv

er
y,

Qð
1Þ 4

↙
C
as
es

of
tr
au
m
a
on

va
gi
na
l
de
liv

er
y
(t
hi
rd

an
d

fo
ur
th

de
gr
ee

la
ce
ra
tio

ns
),
w
ith

/
w
ith

ou
t

in
st
ru
m
en
ta
tio

n,
pe
r
10

0
as
si
st
ed

de
liv

er
ie
s

2.
84

1.
94

8.
67

T
sa
ng

et
al
.
(2
00

8)

In
-h
os
pi
ta
l
de
at
h
ra
te
,
Qð

1Þ 5
↙

In
-h
os
pi
ta
ld

ea
th

ca
se
s
fo
r
lo
w
se
ve
ri
ty

le
ve
ls
(fi
rs
t

tw
o
ou

t
of

fo
ur

se
ve
ri
ty

le
ve
ls
)
pe
r
10

0
in
pa
tie
nt
s

2.
84

1.
94

8.
67

L
in
dl
ba
ue
r
an
d
S
ch
re
yö

gg
(2
01

4)
,M

or
ey

et
al
.

(1
99

2)

C
ar
e
ap
pr
op

ri
at
en
es
s
an
d

tim
el
in
es
s

R
ea
dm

is
si
on

s,
Qð

2Þ 6
↙

N
um

be
r
of

re
ad
m
is
si
on

s
w
ith

in
30

da
ys

af
te
r

di
sc
ha
rg
e
pe
r
10

0
in
pa
tie
nt
s

8.
69

1.
65

8.
57

A
lli
n
et

al
.
(2
01

6)
,
C
ho

w
dh

ur
y
an
d
Z
el
en
yu

k
(2
01

6)
,D

ah
la
nd

K
on

gs
ta
d
(2
01

7)
,K

hu
sh
al
an
i

an
d
O
zc
an

(2
01

7)

O
ut
pa
tie
nt

su
rg
er
ie
s
on

po
te
nt
ia
l
ou

tp
at
ie
nt

pr
oc
ed
ur
es
,
Qð

2Þ 7

↗
R
at
e
of

ou
tp
at
ie
nt

su
rg
er
ie
s
on

po
te
nt
ia
l
ou

tp
at
ie
nt

pr
oc
ed
ur
es

75
.9
2

9.
05

53
.4
0

N
.A
./N

.F
.

In
pa
tie
nt
s
st
ay
in
g
m
or
e
th
an

30
da
ys
,
Qð

2Þ 8

↙
N
um

be
r
of

in
pa
tie
nt
s
st
ay
in
g
m
or
e
th
an

30
da
ys

pe
r
10

0
in
pa
tie
nt
s

3.
19

1.
05

4.
46

N
.A
./N

.F
.

H
ip

su
rg
er
ie
s
in

th
e
fi
rs
t
48

h,
on

el
de
rl
y,

Qð
2Þ 9

↗
R
at
e
of

hi
p
su
rg
ic
al

pr
oc
ed
ur
es

on
el
de
rl
y,

in
th
e

fi
rs
t
48

h
46

.6
6

21
.0
1

88
.7
6

B
ot
tle

an
d
A
yl
in

(2
00

6)

C
ae
sa
re
an

se
ct
io
ns

on
to
ta
l

de
liv

er
ie
s,
Qð

2Þ 10

↙
R
at
e
of

ca
es
ar
ea
n
se
ct
io
ns

on
to
ta
l
de
liv

er
ie
s

27
.0
3

8.
57

40
.0
0

N
.A
./N

.F
.;
un

le
ss

st
ri
ct
ly

ne
ce
ss
ar
y,

C
-s
ec
tio

ns
sh
ou

ld
be

av
oi
de
d.

T
he

P
or
tu
gu

es
e

go
ve
rn
m
en
t
ai
m
s
at

re
du

ci
ng

th
e
ca
es
ar
ea
n

se
ct
io
n
ra
te
s,
by

fo
llo

w
in
g
th
e
E
ur
op

ea
n
U
ni
on

gu
id
el
in
es
.
C
-s
ec
tio

n
ra
te
s
sh
ou

ld
be

be
lo
w

15
%

of
to
ta
l
de
liv

er
ie
s.
T
he
se

ou
tc
om

es
ar
e

us
ef
ul

to
ch
ec
k
ho

w
fa
r
th
e
ho

sp
ita
ls
ar
e
fr
om

th
e
pr
ed
efi
ne
d
na
tio

na
l
go

al
(s
).

C
ae
sa
re
an

se
ct
io
ns

on
T
U
C
P
s,

Qð
2Þ 11

↙
R
at
e
of

ca
es
ar
ea
n
se
ct
io
ns

on
T
U
C
P
s

17
.2
5

10
.6
2

35
.0
0

F
ir
st
ca
es
ar
ea
n
se
ct
io
ns

on
T
U
C
P
s,
Qð

2Þ 12

↙
R
at
e
of

fi
rs
t
ca
es
ar
ea
n
se
ct
io
ns

on
T
U
C
P
s

0.
17

0.
06

0.
30

V
ag
in
al

de
liv

er
ie
s
af
te
r

ca
es
ar
ea
n
se
ct
io
ns

on
T
U
C
P
s,

Qð
2Þ 13

↙
R
at
e
of

va
gi
na
l
de
liv

er
ie
s
af
te
r
ca
es
ar
ea
n
se
ct
io
ns

on
T
U
C
P
s

0.
28

0.
14

0.
52

A
cc
es
s

R
at
e
of

fi
rs
t
m
ed
ic
al

ap
po

in
tm

en
ts
w
ith

in
tim

e,
Qð

3Þ 14

↗
R
at
e
of

fi
rs
t
m
ed
ic
al

ap
po

in
tm

en
ts
w
ith

in
th
e

m
ax
im

um
en
su
re
d
re
sp
on

se
tim

e
73

.5
4

12
.6
7

49
.1
0

N
.A
./N

.F
.;
th
e
P
or
tu
gu

es
e
go

ve
rn
m
en
t
us
es

bo
th

Qð
3Þ 14

an
d
Qð

3Þ 15
to

m
ea
su
re

ho
w

ho
sp
ita
ls

an
sw

er
to

de
m
an
d
fo
r
ca
re
,
w
ith

in
th
e

ap
pr
op

ri
at
e
an
d
le
gi
sl
at
ed

tim
eb

R
at
e
of

su
rg
er
ie
s
w
ith

in
tim

e,
Qð

3Þ 15

↗
R
at
e
of

su
rg
er
ie
s
w
ith

in
th
e
m
ax
im

um
en
su
re
d

re
sp
on

se
tim

e
87

.4
9

7.
96

29
.8
0

N
.A
./N

.F
.
no

t
av
ai
la
bl
e
or

no
t
fo
un

d
a ↙

T
he

lo
w
er
,
th
e
be
tte
r.
↗

T
he

hi
gh

er
,
th
e
be
tte
r.
D
ir
ec
tio

ns
st
ri
ct
ly

fo
llo

w
th
e
of
fi
ci
al

so
ur
ce
s’

in
di
ca
tio

ns
,
vi
de

ht
tp
://
be
nc
hm

ar
ki
ng

.a
cs
s.
m
in
-s
au
de
.p
t/

b S
ee

D
iá
ri
o
da

R
ep
úb

lic
a,

se
ri
es

1,
no

.
86

,
4t
h
M
ay

20
17

[i
n
P
or
tu
gu

es
e]

366 Journal of Productivity Analysis (2020) 53:355–375

http://benchmarking.acss.min-saude.pt/


negative correlation with clinical safety variables, being
R∈ [−0.73, −0.25],*.8 Negative correlations are expected
because safety-based variables are defined as “the lower, the
better”, see Table 4 (third column). Thus, Γ(1) is a good
proxy for clinical safety data. The analysis of (normalised)
Γð1Þ
‘ reveals that each safety variable contributes equally to

the GRA coefficient, with scores ranging from 0.18 (in-
hospital death rates for low severity levels) to 0.22 (septi-
caemia rates). Furthermore, if one takes the full-time
equivalent doctors as a proxy for the hospital size, then
the clinical safety proxy, Γ(1), and size are negatively cor-
related, R=−0.34,* which means that larger hospitals are
more likely to observe complication episodes than the
smaller ones. In fact, size (doctors) and complexity/severity
of illness (inpatient services’ CMI) are highly and positively
related, R= 0.87,* since larger hospitals typically handle
the most complex cases. By construction, safety and com-
plexity of diseases are negatively correlated, R=−0.36,*
that is an expected result as the former is not just the out-
come resulting from medical care but also from case-by-
case severity.

Appropriateness and timeliness of care. As in the case of
clinical safety, there is not a single hospital providing the
best possible quality of care. In this case, the average value
of Γ(2) is 0.52 and its maximum is 0.77, values that are even
lower than the ones achieved for clinical safety. Appro-
priateness and safety are positively correlated, R= 0.46,*.
Some of the best performers in Γ(1) are also best performers
in Γ(2). Interestingly, these units have small sizes, when
measured by the full-time equivalent doctors. Indeed, size
(resp. complexity) and quality of care are negatively cor-
related, R=−0.38 (resp. R=−0.25)*. In short, larger
hospitals tend to provide care services with lower appro-
priateness, timeliness, and clinical safety.

Access to health care services. Access, Γ(3), is the quality
dimension where hospitals exhibit the highest heterogeneity
(coefficient of variation of 25.56% for a mean of 0.57). This
is also the dimension where benchmarks present the best
performance levels, ranging from 0.78 to 0.94. Access is
highly correlated with both safety and appropriateness of
care: R= 0.52 and R= 0.48,* respectively. That is, hospi-
tals providing good quality of care and safe services are
more likely to exhibit good access levels. However, access
is neither related to the hospital size nor to the case-mix of
patients. Both variables describing Γ(3) seem to have dif-
ferent impacts on this composite index, as stated by the two-
sample t-test for equal means. In this case, the rate of sur-
geries within the maximum defined time is the variable that
most impacts on Γ(3).

4.2 DEA results

Evaluating the possible association between quality and
efficiency requires a robust methodology to estimate the
latter. Using an integrated approach of both nonradial DEA
and subsampling (either conditional or not), we have
achieved eight sets of B ¼1500 efficiency estimates per
hospital. Each set corresponds to a single model,
Ml; l ¼ 1; ¼ ; 8. Basic statistics of bias-corrected efficiency
estimates are presented in Table B (Appendix B). It exhibits
the results of both conditional and unconditional models.
Looking at this table, no meaningful impact of the three
PCA components of exogenous nondiscretionary dimen-
sions on efficiency are found. In fact, Table C (Appendix B,
online) compares those two models using three well known
statistical tests (Kruskal–Wallis, two-sample
Kolmogorov–Smirnov, and two-sample Student’s t tests)
applied to the possible (1500)2 combinations of efficiency
estimates.9 According to this table, there is no evidence to
reject the null hypotheses. In other words, the external
nondiscretionary environment is not sufficient to explain
hospitals’ performance variance. Hence, the investigation of
the trade-offs between efficiency, and process quality and
outcomes can be done using any of these estimates as one
may expect that they have the same behaviour.

Back to Table B of Appendix B and considering the
conditional efficiency estimates, we observe a considerable
heterogeneity among the average bias-corrected efficiency
estimates returned by each model. As expected, more par-
simonious models, such as M5 and M8, provide smaller
efficiency levels than models using more variables, as M1

and M2. For instance, the upper bound of the 95% con-
fidence interval associated with the average efficiency score
of model M5 is smaller than the lower bound of the interval
for M2. It means that one may expect statistically significant
differences among these two models. To confirm it, we have
compared the eight models using the Kruskal–Wallis and
the two-sample Kolmogorov–Smirnov tests, and getting the
probability of observing p values above 5%; see Table D
(Appendix B, online).10 According to this table (matrix),
models M1 and M2, M3 and M4, and M5 and M8 are
equivalent. The comparability between M1 (or M2) and M3

(or M4) is weak/unclear as both tests returned distinct

8 R denotes the Pearson’s correlation coefficient. The asterisk means
that one rejects the null hypothesis of no correlation, at the common
significance level of 5%.

9 If the probability of getting p values above the significance level of
5%, Prob (p > 0.05), is large (say, larger than 90%), then one may
conclude that no substantial evidence exists to reject the null
hypothesis associated with each one of the three statistical tests. In this
case, not rejecting the null hypothesis implies not rejecting the
hypothesis that conditional and unconditional efficiency estimates are
statistically equal.
10 The smaller the value of each matrix’s entry, the larger the prob-
ability of rejecting the null hypothesis and of concluding that two
models deliver different efficiency estimates. Naturally, the diagonal of
the matrix is composed of 100% entries, only.
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outcomes. Model M6 seems to be equivalent to M3 and M4

according to the Kruskal–Wallis test, but not according to
the two-sample Kolmogorov–Smirnov test; thus, their
comparability is, at least, questionable. The comparability
of M7 and the remaining models is also both weak and non
compatible. For these reasons, the following discussion is
based on models M2, M3, M6, M7, and M8.

Because M1 and M2 are equivalent (as it also happens to
M3 and M4), we firstly conclude that considering hospital
days either as an input or an output variable seems to be
pointless, at least in the present case. Additionally, we
observe that M5 and M8 are equivalent. The differences
between these two models are the hospital days as input/
output variable and the number of variables used to con-
struct the PCA aggregate. Given the fact that considering
the hospital days either as an extra input or an extra output
is meaningless, then considering subcategories of inpatient
discharges, such as births and surgeries, appears to be
redundant as well. Indeed, let y′ = PCA (y1, …, y8) and
y″= PCA (y1, …, y4); the Pearson’s correlation coefficient
is corr(y′, y″)= 0.9999*.

4.3 Double bootstrap results: a bivariate analysis

In this subsection, technical efficiency and the different
GRA-based quality indicators are regressed using the dou-
ble bootstrap technique to verify if there is a simple linear
relationship (association) between those dimensions of
hospital performance.

Figure 1 portrays the dispersion diagrams of bias-
corrected efficiency estimates against GRA quality aggre-
gates for two models: M2 and M8. Both efficiency and
quality aggregates were rescaled by the standard deviation
and recentred on average. Hence, we can identify four main
regions of performance: (R1) poor quality and poor effi-
ciency, (R2) good quality and poor efficiency, (R3) poor
quality and high efficiency, and (R4) good quality and high
efficiency.

Additionally, Table E (Appendix B, online) provides the
estimates and some statistical tests applied to residuals
resulting from the linear regression. Residuals must obey to
three conditions: normality, absence of autocorrelation, and
homoskedasticity. To evaluate if residuals follow the
Gaussian distribution, Nð0; σ̂εÞ, we used the one-sample
Kolmogorov–Smirnov test after residuals’ rescaling by
1=σ̂ε. The Durbin–Watson test evaluates the null hypothesis
of uncorrelated residuals from the linear regression, against
the alternative hypothesis of autocorrelation among them.
Finally, to test the residuals’ homoskedasticity we used the
Spearman’s ρ associated with the pair ðΓjðgÞ; jεjjÞ. If ρ is
statistically not different from 0, then residuals are likely
homoskedastic. To test whether the simple linear model is a
good explainer of the relationship between efficiency and

quality, the R2 should be high, and the probability of
observing p values associated with the three previously
described tests above 5% should be large (ideally, close
to 100%).

Clinical safety vs technical efficiency. According to Fig.
1 and to the model M2, there are technically efficient hos-
pitals delivering unsafe care to their patients but there are
also simultaneously efficient and safe units. However, M2

may suffer from the so-called curse of dimensionality
affecting DEA based models. In fact, a meaningful number
of hospitals considered efficient by M2 are inefficient under
M8. Following this parsimonious model, most of the tech-
nically efficient hospitals belong to the region (R4)—good
quality and high efficiency. Also, the dispersion diagram
exhibits a positive trend for both θ and Γ(1): when one
performance dimension grows, the other one is expected to
increase as well. According to Table E (Appendix B,
online), coefficients β1 associated with Γ(1) are consistent
among the different models and are always negative and
statistical significant at the 5% level. However, the linear
relationship between those two dimensions is, in general,
weak, especially for models with a considerable quantity of
variables. For instance, the simple linear model is unable to
explain the relationship between 1/θ (as assessed via M2)
and Γ(1). The goodness-of-fit is better in model M8, but the
homoscedasticity assumption over residuals is often vio-
lated. In other words, we cannot use the simple linear model
to explain the relationship between technical efficiency and
clinical safety in hospitals. Perhaps, some interaction terms
have to be considered. Still, we may argue that it is possible
to provide safe care services with a minimal waste of
resources.

Appropriateness and timeliness vs technical efficiency.
The relationship between appropriateness of care and the
technical efficiency is even harder to discern than before.
There is a greater dispersion in plots of Fig. 1, although a
positive trend can be observed from M8. That is, one may
expect that when the performance of hospitals improve in
terms of appropriateness and timeliness of care, the tech-
nical efficiency is also likely to improve. Most of the effi-
cient hospitals present good performance levels in terms of
Γ(2). Nevertheless, only 23% (at the most) of the variance of
1/θ can be explained by the simple linear model, although
residuals obey the three conditions underlying the regres-
sion model. Again, some additional dimensions, including
interactions, should be considered to explain the evolution
of hospital efficiency through quality of care.

Access to health care services vs technical efficiency.
Access to health care services can be measured by both the
quantity of first medical appointments and surgeries within
the maximum guaranteed response time regarding the
quantity of patients requiring care delivery. These two
dimensions are, per se, measures of hospital productivity, as
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they measure how fast the entity answers to health care
demand. The trend observed in diagrams of Fig. 1 for the
model M8 shows a positive relationship between efficiency
and access, as it happens to the other two quality dimen-
sions. The dispersion, in this case, lies within the other two
cases, implying that the coefficient of determination asso-
ciated with the simple linear model is smaller than 0.2436
but larger than 0.1189, i.e., the expected values for the
goodness of fit of the first and the second simple linear
models. Yet, as we can suspect from the dispersion diagram,
residuals resulting from this model are likely hetero-
skedastic, as it happens to the linear model associated with
the clinical safety. Based on these results, we conclude
that the bivariate analysis does not seem adequate to
investigate the association between efficiency and the three
dimensions of quality. A multivariate model, Eq. (10) with
ξ= 1, is probably a more appropriate approach as it allows
the inclusion of interaction terms.

4.4 Double bootstrap results: a multivariate
approach with and without interactions

The (adapted) double bootstrap of Simar and Wilson
(2007), vide Algorithm 2 in appendix, is used in the second-
stage to investigate whether quality-related variables are
related or not to the technical efficiency distribution. In the
real world, quality dimensions do not act in isolation, thus
we employ a multivariate linear model with and without

interaction terms, to verify whether they play a meaningful
role on efficiency.

Table 5 provides the estimates and statistical tests
resulting from the multivariate linear regression models
with ξ= 0 and ξ= 1. As before, we recentred and rescaled
the explanatory variables through their averages and stan-
dard deviations.11

Admitting no interaction terms (ξ= 0), the three quality
aggregated variables can explain at the most half of the
variation of hospitals’ technical efficiency. This happens
with model M8. It is not necessarily true that fewer variables
will return better linear models.12 Likewise, models with a
considerable number of inputs/outputs, such as M2 and M3,
also have poor goodness of fit. Even though M8 has a
substantial coefficient of determination, a meaningful share
of efficiency estimates result in autocorrelated residuals
when those estimates are regressed using the multivariate
linear model (10) with ξ= 0, which means that the linear
model without interaction terms could not be the most
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Fig. 1 Dispersion diagrams of bias-corrected efficiency estimates against GRA quality aggregates: models M2 (top) and M8 (bottom)

11 Because models are multivariate, the coefficient of determination
should be adjusted using AdjustedR2 ¼ 1� ð1� R2Þ
�ðn� 1Þ=ðn� η� 1Þ, where n= 108 is the sample size and η is the
number of predictors (explanatory variables). Thus, η= 3 if ξ= 0 and
η= 9 if ξ= 1.
12 After all, M6 considers a single input and a single output and the
goodness of fit of its associated multivariate linear model is poor (the
fraction of variance unexplained is, at least, 86%).
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appropriate one to explain the association between effi-
ciency and quality.

When interaction terms, Γ(g) · Γ(g′), g, g′= 1, 2, 3, are
accounted for (ξ= 1), the goodness of fit of models increase
considerably for most of the considered models. For
instance, the fraction of efficiency variance unexplained by
quality decays to 45% in model M8. Likewise, considering
M3, that fraction goes from 71 (ξ= 0) to 57% (ξ= 1). In the
best scenario for these two models, the nine explanatory
variables used in the regression could explain 63 and 58%
of the technical efficiency variance. They are, then, the best
two multivariate linear models from the considered eight.
We remark that the conditions over residuals are almost
always fulfilled in these two regressions. Those models, M3

and M8, are consistent in two aspects: (a) coefficients
associated with Γ(2), Γ(3), Γ(1) · Γ(1), Γ(1) · Γ(2), Γ(1) · Γ(3), and
Γ(2) · Γ(2) are not statistically different from 0; and (b)
coefficients associated with Γ(1) and Γ(2) · Γ(3) are statisti-
cally different from 0 and are negative. This means that the
technical efficiency of hospitals is positively associated with
the clinical safety and with the interaction between the
appropriateness, timeliness, and access to health care. Thus,
the effect of care appropriateness and timeliness on effi-
ciency depends on access levels and vice-versa. In the light
of statistical evidence, Hypotheses 1 and 4 cannot be
rejected.

Let us consider the results associated with M8 and an
efficient hospital k. Suppose that k decreases Γk(1) from 0.87
to 0.835 (keeping the appropriateness, the timeliness, and
the access levels unchanged). As σ̂1 � 0:07, the worsening
of Γk(1) corresponds to a decrease of ∂Γkð1Þ ¼ σ̂1=2. Since
∂ð1=θkÞ � β1 � ∂Γkð1Þ ¼ �1:1493=2, the resulting efficiency
worsening is about 36%, i.e., the expected final efficiency
score of k is θk= 0.64. Now, let us suppose that the hospital
keeps the patients’ clinical safety unchanged, but the
appropriateness level decreases by 0.05 (¼ σ̂2). In such a
case, the final efficiency estimate will be
θk ¼ 1=ð1þ β23 � Γkð3ÞÞ. That is, the final efficiency esti-
mate will depend on the performance of hospital k in terms
of access to health care. Let Γk(3)= 0.75; hence, θk= 0.63.
If the access level would be smaller, say Γk(3)= 0.50, then
θk= 0.72, which means that the worse the performance of
the hospital in terms of access, the smaller the impact of
appropriateness reduction on efficiency. Since Γ(2) and Γ(3)

are both strictly positive and β23 is statically significant and
negative, then efficiency is expected to improve following
improvements on appropriateness, timeliness, and access to
health care services. Therefore, in the light of statistical
evidence, we cannot reject Hypotheses 2 and 3.

This conjoint effect of appropriateness, timeliness, and
access on efficiency makes sense because some of the
variables adopted to describe appropriateness could also be
good proxies for access, e.g., rate of hip surgical procedures

on elderly in the first 48 h (i.e., within the appropriate time).
For instance, according to Ferreira and Marques (2018),
timeliness of services can be defined as the “capacity of
delivering health care services at the right time, whenever
required and appropriate”; thus, it can be a measure of
access. Providing adequate care at the optimal access, pre-
ferably through linkage between primary and secondary
health care, allows efficiency improvements. This is possi-
ble because the patient is more closely followed and the
severity of the disease reduces, avoiding complications
(surgeries outside the recommended time) as well as the
incidence of chronic diseases responsible for large expen-
ditures in the public health service. Another situation that
contributes to the improvement of efficiency is compliance
with the Maximum Guaranteed Response Times (clinically
defined according to priority and severity), which, when
overcome, call into question efficiency because there are
complications and aggravation of a situation that could be
previously solved with fewer resources.

5 Discussion

Based on econometric and statistical methods applied to
Portuguese public hospitals, we can drawn some important
empirical results on the efficiency-quality-access link. Evi-
dence seems to suggest that the improvement of technical
efficiency should be followed or is expected to follow
enhancements in terms of quality and/or access to health
care. Specifically, poor efficiency is associated with poor
quality of provided services, in line with Clement et al.
(2008) and Mobley and Magnussen (2002), at the same time
that best practices can deliver safe, appropriate and timely
services to their patients, as concluded by Arocena and
García-Prado (2007) and Helling et al. (2006). In opposi-
tion, the results seem to refute the findings of Morey et al.
(1992), Singaroyan et al. (2006), and Valdmanis et al.
(2008). Moreover, the U-shaped relationship between
quality and efficiency, as proposed by Hvenegaard et al.
(2011) was not corroborated by the empirical evidence of
our study. In fact, based on the bivariate analysis plots,
improvements in quality and access do not necessarily
imply efficiency deterioration, i.e. it is possible to improve
quality of care with no efficiency sacrifice, in line with
Chang et al. (2011), Ferrando et al. (2005), and Nayar and
Ozcan (2008).

Clinical safety, appropriateness and timeliness of care,
and access to health care services have shown to be sig-
nificant drivers of efficiency. Appropriate and timely care
services are, then, a priori more efficient, which is an
expected finding. The higher the quantity of readmitted
inpatients, the lower the technical efficiency, because the
former are accounted only once (as single patients) for a
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larger amount of consumed resources. The same occurs for
inpatients staying more than 30 days in hospital wards, as
they are occupying one bed that could be available for other
inpatients requiring care delivering, and thus consuming
more resources than the appropriate without an increase of
the volume of services (measured by the number of treated
inpatients). Likewise, outpatient surgeries are usually
cheaper than major surgeries, contributing to hospital cost
containment and efficiency improvement (lower expenses
and higher volume of treated patients). If outpatients are
unnecessarily subject to major surgeries, then the hospital
loses resources that could be better allocated in other
priority areas. As appropriateness and timeliness, the better
the access to health care services, the higher their technical
efficiency. In the current study, access is measured by the
amount of patients undergoing surgery or seen in first
medical appointments, within the maximum ensured
response time. These variables also reflect how fast the
hospital is at answering to health care. The faster the
response, the higher the quantity of treated patients (shorter
waiting lists) and, keeping the resources nearly unchanged,
the higher the technical efficiency. According to the GRA
coefficients, the rate of surgeries within the maximum time
defined by law seems to be the variable that contributes the
most for this fact. Finally, patients’ clinical safety is also
associated with the hospitals’ technical efficiency. Thus,
hospitals that are inefficient on their resources management
are prone to observe adverse clinical events (care compli-
cations), such as septicaemia.

Previous empirical evidence meet the main goals of public
policies in the Portuguese health sector, and show the orga-
nisational best practices over caregivers that have been
introduced aiming at improving efficiency, access, and quality
of health care. In Portugal, the features of payment contracts
have been reviewed in the past few years. In 2016, new
payment and hospital activity contracting ways are expected
to be one of the main drivers of the timely, effective, and
efficient delivery of care services. New health policies intro-
duced in 2016 put the patient and her/his family in the core of
the National Health Service, and encourage good clinical and
health governance. Contracts between hospitals (as corporate
public entity, see Ferreira and Marques (2015)) and the
Ministry of Health are characterised by a considerable number
of features, including benchmark-based performance incen-
tives for best practices, as well as penalties for contract
breaching and medical and nursing care misconducts. These
facts are likely to justify (at least, partially) the results found in
prior subsections. Improving efficiency, effectiveness, and
quality of health care will seemingly improve the population’s
health status (which becomes more productive) and positively
impacts on health care providers management, because it
avoids the hospital stays extension due to complications,
reduces hospital septicaemia and blood infection cases, as

well as the after-effects, the incidence of adverse events, the
emergency demand, and the readmissions to hospital wards.
Last but not the least, the introduction of both Integrated
Responsibility Centres and Reference Centres within hospitals
can also be responsible for the improvement of quality,
access, and efficiency. Integrated Responsibility Centres, for
instance, manage hospital services’ resources via internal
contracting mechanisms. This is an importance aspect, espe-
cially in highly differentiated hospitals, as it allows a timely
and integrated response to care demand, decreasing waiting
time and improving the profitability of assets.

Some limitations of our study can be identified. The
GRA analysis, for instance, seems to be technically
appealing as it is simple to compute, use and interpret; still,
it may limit the application of DEA at some extent. By
aggregating multiple indicators into quality-composites, it
may be unclear what quality is in fact, and how managers
can improve it in practice. Nonetheless, one must keep in
mind that our current objective is to analyse the relationship
(or trade-offs) between technical and quality within one
sector playing a prominent role on society. The construction
of quality-composites avoids the dimensionality problem in
nonparametric models. The same can be said of using PCA
to aggregate data with no meaningful loss of information.
This is a desirable alternative given the substantial number
of adopted variables. However, we remark that PCA does
not distinguish between variance due to measurement noise
or due to underlying signal variations. Thus, if data are
noisy, PCA may represent the noise instead of data, which
is another limitation of this study.

Another shortcoming is the reliance on the separability
condition underlying the double-bootstrap. Alternatives
could be the methods based on partial frontiers (order-m and
order-α) Aragon et al. (2005) that easily handle with the
current problematic. Nonetheless, they depart from the
assumption that inputs contraction/ outputs expansion have
to occur at the same rate, contrasting with the prerequisite
that models should be nonradial.

6 Conclusions

This study discussed the potential link between quality and
efficiency on secondary health care services. On the one
hand, one may think that quality improvements require
considerable amounts of investments, which may jeopardise
the health care systems financial sustainability. On the other
hand, hospital managers usually want to know how far they
can improve the quality of provided services with no
sacrifice of efficiency, or, in opposition, how they can
constrain resources and increase the health care delivery
services without quality deterioration. Although this topic
has been previously discussed in a vast literature, there are
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some shortcomings limiting the validity of these findings.
We sought to contribute to the literature by using econo-
metric methods and multicriteria decision analysis tools,
and then offering consistent and statistically solid results.
Accordingly, efficiency and quality seem to evolve in the
same direction, i.e. whenever one dimension is improved,
the other is expected to improve as well. By way of
explanation, investments on quality are not likely to nega-
tively affect efficiency, on the contrary. Quality improve-
ments are shown to increase technical efficiency.
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