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Abstract With an increasing ageing population, there is a
growing concern about how the elderly would be looked after.
The primary purpose of this paper is to develop scenario
analysis using simulated data where various criteria are incor-
porated into modeling policy targets, and apply an
intertemporal productivity analysis to observe inefficiencies
as reform unfolds. The study demonstrates how dynamic
network data envelopment analysis (DN-DEA) can be used
to evaluate the changing productivity of residential aged care
(RAC) networks over time. Results indicate that it takes
9 years for 90 % of the RAC networks to have 85 % or more
of the total beds in high-level care, and an optimal bed
capacity is reached by the end of year 7. Number of beds
and registered nurses employed are the main sources of inef-
ficiency. The common core inefficient cohort identified with
the paper’s method represents a sub-group of RAC networks
more deserving of closer managerial attention because of their
constantly inefficient operations over time.
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1 Introduction

With a rapid rise in the ageing population in developed coun-
tries, there is an increasing concern regarding how this demo-
graphic with ever longer life spans will be cared for with the

assistance of a shrinking taxpaying workforce. Another factor
that compounds the stress on aged care facilities is the critical
role played by registered nurses in delivering resident care
outcomes, who happen to be in short supply (Productivity
Commission, [1]).

Normally, governments, care providers and communities
prefer to see retirees remain at home for as long as possible.
Nevertheless, due to a variety of circumstances, individuals
leave their homes to take up residence in permanent care
where they are more closely monitored. Historically, such
institutional care in Australia has been funded at two levels,
namely, low-level care and high-level care. In April 2012, the
Australian Federal Government announced its latest aged care
reform package worth $3.7 billion over 5 years, where $660.3
million have been earmarked for residential aged care (RAC)
facilities. This reform package entitled ‘Living Longer. Living
Better.’ is designed to encourage retirees to remain in their
homes for low-level care—supported by a range of hotel-type
services and amenities beyond basic services. Thus, as the
proposed reform unfolds over the next few years, a substantial
reduction is expected in low-level care places offered in
residential aged care networks, as well as a rise in high-level
care.

The main purpose of the current study is to develop sce-
nario analyses based on data generation that follows carefully
selected criteria on variables designated as comprising key
organizational inputs and outputs, while monitoring ineffi-
ciencies revealed by intertemporal productivity or efficiency
analysis. The conceptual contribution to literature can be
summarized as developing a network perspective on residen-
tial aged care that includes linked multiple divisions, and
introducing a dynamic dimension to productivity analysis by
including undesirable outputs orcarry-overs from one period
to the next.

The study demonstrates, for the first time, how dynamic
network data envelopment analysis (DN-DEA) can be used to
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evaluate the productivity of residential aged care. An introduc-
tion to traditional DEA, as well as its applications in the context
of various health care settings, can be perused in Ozcan [2] (also
see Appendix A). Briefly, data envelopment analysis is a popular
efficient frontier technique used for benchmarking the relative
performance of various organizational units of similar operation-
al structure. In a review of literature on frontier efficiency mea-
surement in health care delivery, Hollingsworth [3] acknowl-
edges the prevalence of DEA. The current study’s motivation is
to help management better map the interactions across time
among various resources (inputs) utilized in providing different
levels of care and resident outcomes (outputs), thus identifying
where the main potential improvements (inefficiencies) lie. The
intertemporal nature of DN-DEA also allows governments to
monitor the impact of policy changes that may concern RAC, as
well as devise what-if or scenario analyses prior to
implementation.

In view of the Federal government’s reform package, the
paper later demonstrates how the method developed can be
used with the policymakers and management in mind. For
example, we undertake scenario analyses that model how long
it would take for a pre-determined proportion of RAC facilities
to reach a targeted minimum proportion of high-level care beds.
Parameters selected are those that one is likely to encounter on
the ground. The observed inefficiencies that may develop as a
result of growing bed capacities are interpreted. We also iden-
tify a common core inefficient cohort of RAC networks that are
likely to benefit the most from management’s efforts designed
to bring about improvement to operations.

2 Framework for measuring the relative organizational
productivity of RAC networks

2.1 Literature review

Literature on measuring the relative efficiency of nursing homes
(which are part of the RAC facilities discussed in the current
study) is dominated by traditional DEA applications (TDEA)
focusing on technical efficiency (this observation is alsomade by
Zhang, Unruh and Wan [4]). Technical efficiency is defined as
the efficiency of a production process in converting inputs to
outputs that is calculated independent of prices and costs. DEA, a
non-parametric efficient frontier technique based on linear pro-
gramming, measures the relative efficiencies of a group of oper-
ationally similar entities or peers in transforming inputs to out-
puts. TDEAwould normally treat an organization as a black box ,
where a set of exogenous input(s) (resources) enter an organiza-
tion and emerge as a set of final output(s), with no insight as to
what happens in between.

We continue with a brief chronological review of the
relevant literature on technical efficiency studies of nursing
homes. One of the earlier publications to apply TDEA to

nursing homes is Kleinsorge and Karney [5], where the au-
thors compare results from a productivity model designed
around economic variables versus a model that incorporates
measures of quality. Others include Fizel and Nunnikhoven
[6] investigating the impact of chain ownership on nursing
home efficiency; Kooreman [7] analyzing the efficiency of
nursing homes in utilizing labor and testing for associations
between efficiency estimates and a number of quality indica-
tors; Chattopadhyay and Ray [8] undertaking a study with a
broader scope where the authors investigate technical, as well
as size efficiencies of nursing homes; Ozcan, Wogen and Mau
[9] examining a sample of nursing homes stratified by own-
ership and size; Björkgren, Häkkinen and Linna [10] calcu-
lating an extensive range of efficiency estimates that include
cost, technical, allocative and scale efficiencies with a view to
identifying inefficiencies at the ward level; Laine, Finne-
Soveri, Bjorkgren, Linna, Noro and Hakkinen [11] exploring
the association between quality of care and technical efficien-
cy; Zhang et al. [4] assessing the impact of changes to the
Medicare prospective payment system on the efficiency of
nursing homes; Lee, Bott, Gajewski and Taunton [12] exam-
ining the efficiency of care planning processes; Lenard and
Shimshak [13] reporting on quality and operating efficiencies
at the state level; Shimshak, Lenard, and Klimberg [14] incor-
porating quality of care into DEA of nursing homes; and,
Garavaglia, Lettieri, Agasisti and Lopez [15] also investigat-
ing technical efficiency with a focus on quality of care.

There are a number of common threads and trends in
literature. For example, data used are mostly cross-sectional
and inputs commonly consist of various types of labor mea-
sured in full-time equivalent (FTE) and number of beds; there
appears to be a greater variation on the choice of outputs. In
the same studies, DEA modeling is often input-oriented. Fur-
thermore, radial DEA formulations are used that inherently
assume proportional contractions in inputs or expansion of
outputs that may be unrealistic at the point of implementing
potential improvements suggested by DEA. Regarding the
foci of research questions, there is also a shift towards includ-
ing measures of quality of care—particularly noticeable in
studies published in the 21st century. On the other hand, the
association between efficiency estimates and size appears to
be inconclusive.

2.2 Residential aged care as a dynamic network

As the starting point, we bring some of the insight gained from
the literature review to bear on the task of designing a perfor-
mance framework for residential aged care. Specifically, the
current study also deems important the role of labor and
number of beds on the input side of the efficiency evaluation,
and the need to include measures of quality of care. Figure 1
depicts how an RAC facility with two main levels of care is
modeled for the purpose of illustrating dynamic network
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productivity analysis. The model assumes a natural progres-
sion from one level of care to the next as people age and their
circumstances and/or health care needs change. For example,
as a person ages and health deteriorates, the person would be
admitted into low-level care (LLC) (i.e., historically known as
a hostel). If a person’s needs are more acute, the person would
be looked after by a high-level care (HLC) team (i.e., in a
nursing home). Therefore, the key resources at each level of
care consist of a different mix of inputs such as registered
nurses measured in full-time equivalent (RN-FTE), average
length of service of registered nurses (RN-ALS) (i.e., experi-
ence in years as a measure of quality of care), and other
caregivers (OC-FTE). The number of residents receiving a
particular level of care is captured by the input variable
number of beds (NB). We include the average resident classi-
fication score (ARCS, a score on a ten-point scale) designed to
capture the level of care needed by residents, where a greater
score implies more intensive care. Chesteen, Helgheim,
Randall and Wardell [16] refer to a measure of resident dis-
ability as input quality and argue that it is linked to outcome
quality. Under inputs, staffing (and experience) is emphasized
because it is positively associated with better quality of care
(Laine et al. [11]).

In terms of resident care outcomes, we make an important
distinction between desirable outputs and undesirable out-
puts. For example, the average length of stay (ALOS) mea-
sured in years is listed as a desirable output from a resident
care perspective because the longer a resident stays in lower
level care, the more independent and healthy that person is
likely to be (this is essentially a proxy measure of quality of
care). Even in high-level care, a longer stay is desirable
because anyone who cannot be cared for in an HLC division
is most likely to be moved to palliative care—increasingly
also maintained at home.

Other resident care outcomes such as the annual number of
hospitalizations (ANH), the average severity of hospitaliza-
tions (severity is measured on a ten-point rising scale), and
mortality rate (MR represents residential deaths) are undesir-
able. That is, such variables would have a negative impact on
the productivity or efficiency of a given level of care. There-
fore, such negative outcomes are designated as undesirable
outputs or carry-overs from one period to the next. This
approach acknowledges that some LLC and/or HLC divisions
may enter a period at a relative disadvantage if they have
higher undesirable carry-overs than others (i.e., the dynamic
dimension of the model). The three carry-overs can be viewed
as measures of quality of care, and because only lower levels
would be desirable, such variables are treated as inputs in the
formulation of efficiency estimates (see Tone and Tsutsui [17]
for a further discussion of carry-overs).

Finally, the number of residents being transferred from one
level of care to the next represents divisional links (or inter-
mediate products in DEA jargon). For example, people being

transferred from an LLC to an HLC division become an
undesirable output for an LLC division and an input for an
HLC division. In this instance of vertical links seen in Fig. 1,
the linkage is between different levels of care, rather than
between the same divisions across time. The core structure
of Fig. 1 is similar to Fig. 4 in Tone and Tsutsui [17].

We emphasize that the choice of input and output variables
is a complex process at best, and in real life, it should reflect
the interests of the policymakers and managers. That is, there
is no universally accepted set of measures, and the models
developed and the variables used therein should be those that
are salient to people who will be making the key managerial
decisions. This approach inherently assumes that management
is capable of making decisions that take into account the
interests of other key stakeholders in RAC such as the retirees
and the people employed in such facilities.

2.3 Measuring technical efficiency with dynamic network
DEA

According to Kooreman ([7], p.304), “… it is extremely
difficult to define an external standard of an efficient nursing
home sector. This makes a comparison of the relative perfor-
mance of nursing homes as in DEA perhaps even more useful
a tool of efficiency analysis”. Kooreman also points out the
importance of technical efficiency analysis proposed in the
current study because it is a prerequisite to cost efficiency
analysis (i.e., a technically inefficient unit cannot be cost
efficient).

In the RAC network setting depicted in Fig. 1, the black
box would be the situation where the inputs and outputs of the
two care levels or divisions are collapsed into one set of
measures and vertical links and carry-overs are removed.
Thus, traditional DEA does not explicitly identify the key
sub-processes engaged by divisions of care level found within
an organization, nor does it attempt to simultaneously capture
the impact on productivity measurement of intertemporal
linkages dubbed carry-overs . This shortcoming in efficiency
literature is acknowledged by Hollingsworth and Peacock
[18] as being of particular relevance to healthcare, and the
authors mention the need to explore new ways to identify
where technical improvements could be made. Traditional
DEA also does not enable expert or managerial opinion
to be brought to bear on weights representing divisional
contributions. In essence, under DN-DEA (rather than
traditional DEA) there is the opportunity to arrive at a
more comprehensive measure of efficiency that incorpo-
rates divisional as well as intertemporal links (we re-
visit DN-DEA in the method section).

As far as we can tell, the current study presents the first in-
depth application of dynamic network DEA in a health care
setting where a homogeneous organizational network struc-
ture is identified and various scenarios are tested. The only

Intertemporal analysis of organizational productivity 115



other application of network DEA (but without the dynamic
dimension) in health care literature at the time of writing the
current paper is the study of university hospitals in Brazil by
Lobo, Lins, da Silva and Fiszman [19] using radial formula-
tions. In their concluding paragraph, Lobo et al. [19] highlight
the need for future studies to use non-radial formulations with
weights , and dynamic evaluation of efficiency estimates over
time. All these modeling improvements on network DEA are
included in the current study, and the paper follows the intu-
itive framework in Fig. 1 that describes the main services in
residential aged care. The emerging efficiency estimates may
be used for ranking RAC networks, and more importantly, for
identifying potential improvements. Nevertheless, a low esti-
mate should not be used as an excuse to close down an RAC
network or care level. Instead, DEA results can provide direc-
tion for those who oversee the sector to devise and navigate
further investigations by other means in order to follow up
initial findings.

3 Method

3.1 Main scenario for what-if analysis

Following consultations with executive of RSL Care (a not-
for-profit care provider) and government publications, we
construct a scenario analysis that may be of use to policy
makers and other key decision makers (see http://www.
rslcare.com.au/About_RSL_Care.cfm). Starting from the

premise that implementation of sector reforms is best
undertaken following what-if analyses, the main scenario
put forward in this study demonstrates how the decision
makers can first set various targets and then observe the
results. Specifically, the government could target for, say,
90 % of the RAC networks to have 85 % or more of the
total beds in high-level care. In an effort to make realistic
assumptions about data generation parameters, the model
allows for about 10 % of the networks failing to reach a
targeted minimum proportion of high-level care beds.

In this modeling, the initial number of 526 RAC networks is
maintained over time in the simulated sample, but growth in the
number of high-level care beds and a simultaneous limited
reduction in the number of low-level care beds are allowed. That
is, the existing low-level care beds in RAC networks are not
entirely removed because it is not realistic to assume all low-level
care will be provided at home to everyone in the society. Full
details of data simulation are reported in Appendix B.

In recognition of Federal government plans to re-configure
RAC beds, a scenario is built into the data simulation where
RAC networks undertake growth in their number of high-care
beds; this growth is partly funded by closing down low-care
beds while observing a minimum number of 50. The trade-off
between high- and low-level care beds recognizes the limited
resources and the government’s push to reduce institutional
low-level care. The growth in high-care beds in the range of
5–10 % per annum continues across a number of years until
the pre-determined targets mentioned earlier are reached. The
modeling then proceeds to monitor how inefficiencies are

LLC

Period t Period t+1

LLC

Undesirable 
outputs or 
carry-overs
from t+1

HLC HLC

Inputs:
RN-FTE
RN-ALS
OC-FTE
NB
ARCS

Intermediate 
product: 
#Residents 
transferred

Inputs:
RN-FTE
RN-ALS
OC-FTE
NB
ARCSUndesirable outputs or 

carry-overs from t:
#Hospitalisations;
Average severity of 
hospitalisations;
Mortality rate (%)

Undesirable outputs or 
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Average severity of 
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Final 
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ALOS

Final 
output:
ALOS

Final 
output:
ALOS

Undesirable 
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from t-1
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RN-ALS
OC-FTE
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Inputs:
RN-FTE
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OC-FTE
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Fig. 1 Modeling intertemporal organizational productivity for residential
aged care networks with two levels of care. Note: For brevity, undesirable
outputs or carry-overs are detailed only once, although the same items are
assumed entering and exiting a given period. The intermediate product of
‘number of residents transferred’ is an output from the LLC division that

becomes an input to the HLC division. Legend: RN-FTE registered
nurses full-time equivalent; RN-ALS registered nurses average length of
service; OC-FTE other caregivers full-time equivalent; NB number of
beds; ARCS average resident classification score; ALOS average length
of stay; HLC high-level care; LLC low-level care
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introduced into the residential aged care sector under such a
growth scenario. Findings based on the main scenario as-
sumptions constitute the baseline results .

3.2 Dynamic network data envelopment analysis (DN-DEA)

The current section outlines the type of DN-DEA used in this
study, namely, weighted, variable returns-to-scale, dynamic
network range adjusted measure (DN-RAM). Under the net-
work approach to DEA, the capability to determine each
division’s contribution to organizational performance brings
agility to managerial decision making in targeting desired
outcomes and allocating resources. Similarly, introducing an
intertemporal dimension captured by the word ‘dynamic’
accounts for the impact of a period’s managerial decisions
on the following period. When network and dynamic dimen-
sions are brought together under the same roof, a more com-
prehensive analysis is enabled where divisional and between-
period interactions are reflected in efficiency estimates and
more accurate potential improvements thus identified.

We model input-orientation in recognition of the discre-
tionary input variables, and output variables that are outside
direct managerial control—a choice that is also in line with
what is reported in the literature. This means, the efficiency
estimate for a given RAC network is based on economical use
of inputs relative to other networks in the sample with similar
output levels. Ozcan’s [20] reasoning, where he states that
managers of health care facilities are more likely to have
discretion in using lower levels of inputs in generating patient
outputs, lends further support to input-orientation. Similarly,
using variable returns-to-scale acknowledges the range of
different size RAC networks simulated. A brief justification
of the DN-RAM choice follows.

In recent research, Avkiran and McCrystal [21] systemati-
cally compare two non-radial DN-DEA models. The authors
show that DN-RAM is more robust to data perturbations,
more discriminating as evidenced by a greater range of effi-
ciency estimates, and has additional desirable technical effi-
ciency properties such as translation invariance when com-
pared to a dynamic network model based on the slacks-based
measure. According to Cooper, Park and Pastor [22], range
adjusted measure (RAM) is a measure that permits easy
interpretation in a variety of contexts because it captures the
average proportion of inefficiencies that input/output ranges
indicate as feasible.

Use of RAM as the core formulation in equations, instead
of the more traditional CCR (Charnes, Cooper and Rhodes
[23]) or BCC (Banker, Charnes and Cooper [24]) radial
models, enables the analysis to capture the potential non-
radial changes in inputs and outputs normally found in prac-
tice. Thus, in a similar manner to Avkiran and Morita [25] and
Tone and Tsutsui [26], the current study alsomaintains that the
radial input contractions or output expansions assumed in the

CCR and BCC models are inappropriate unless proportional-
ity in production is clearly established. In short, estimating
non-proportional projections in RAC networks through RAM
is a more realistic perception of an otherwise complex inter-
action among organizational variables. Formulations behind
the dynamic network RAM are detailed in Appendix C.

4 Results

4.1 Time taken to reach key target ratios

Results indicate that it would take 9 years for 90% of the RAC
networks to have 85 % or more of the total beds in high-level
care. An initial steady rise in the growth rate in total bed
capacity in the sample of 526 RAC networks turns into a
slowing growth after year 3 as more networks reach the
targeted minimum proportion of high-level care beds. The
average annual growth and the geometric mean growth rates
are close to each other at 1.85 % and 1.66 %, respectively; the
overall growth in bed capacity from year 1 to 9 is 15.75 %.
Figure 2 charts the growth in bed numbers.

An extended analysis reveals how long it would take RAC
networks to reach the target proportion of 85% in high-level care
beds if policy makers were to aim for a number other than 90 %
of the networks. For example, if we were to assume that all the
RAC networks ought to reach the target ratio, the growth process
will take 14 years—an additional 5 years on top of the original
9 years. Similarly, if the 90 % cut-off were assumed to be either
80 % or 70 %, the respective times would be 8 and 7 years.

Of course, other key variables in the model and research
design can be changed to deliver results in different
timeframes and with varying resourcing levels. For example,
if the proportion of 90 % of the networks in the sample
reaching the targeted minimum proportion of high-level care
beds is kept constant, but the minimum proportion is raised to
95 % or lowered to 75 % instead, the number of years needed
to attain such alternative targets would now be 29 and three,
respectively. This bodes well for the original choice of 85 %
proportion which is reached in a more realistic timeframe of
9 years by 90 % of the RAC networks (see Table 1 for a
summary of these scenarios).

4.2 Efficiency estimates based on the 9-year time span,
optimal bed capacity, and inefficiencies at the variable level

Figure 3 plots the total number of beds across 9 years against
mean efficiency estimates at the RAC network and divisional
levels based on baseline results. We start with DN-RAM
estimates based on a 9-year span, and to arrive at the yearly
estimates used in Fig. 3, we take into account inefficiencies for
each year and re-compute efficiency estimates as per Eq. (C.2)
in Appendix C. The mean network efficiency appears to
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closely follow the efficiency of HLC divisions where the
number of networks is kept constant across the study period.
On the other hand, the mean LLC estimates, while following a
similar pattern, are substantially higher. Up-to year 4, all
efficiency estimates are rising. In years 4 and 5, LLC mean
efficiency estimates start dropping, while HLC is stable, thus
leading to the leveling off of network estimates. An optimal
bed capacity is reached by the end of year 7, based on
organizational technical efficiency modeled in Fig. 1.

Scrutinizing inefficiencies at the variable level represented
by the slacks in Eq. (C.1) (Appendix C) helps better under-
stand the efficiency estimate patterns observed in Fig. 3.
Overall, growth in inefficiencies does not start in earnest until
year 7. By year 8, the highest inefficiency growth rates are
with the undesirable outputs, followed by discretionary inputs
(details are available upon request). Focusing on the four
discretionary inputs in Fig. 1 shows that, on average, the
number of beds (29.92 %), followed by registered nurses
employed (26.55 %), contribute the largest proportion of the
inefficiencies in variables under managerial control. Other
caregivers employed make the lowest contribution to

inefficiencies embedded in discretionary input variables. This
insight suggests that management ought to givemore attention
to bed numbers and registered nurses employed, whereas the
number of other caregivers employed is relatively less critical
in running efficient operations. The reader is reminded that in
the context of the current study, the phrase ‘efficient opera-
tions’ refers to minimizing the use of various inputs identified
in Fig. 1 for given levels of outputs.

4.3 Cumulative managerial decisions evaluated
by progressive DN-RAM estimates and the common core
inefficient cohort

The yearly estimates plotted in Fig. 3 are based on the initial 9-
year period DN-RAM estimates. In order to compare dynamic
estimates across different time periods separated by equal
increments, eight separate DN-RAM tests are constructed,
namely, for periods 1–2, 1–3, 1–4, 1–5, 1–6, 1–7, 1–8, and
1–9. We call this approach progressive DN-RAM which en-
ables a comparison across two or more years and reveals the
impact of cumulative managerial decisions made as the peri-
od under analysis is expanded and DN-RAM estimates from
two consecutive periods are compared. Figure 4 shows a
gradual rise in efficiency estimates as bed capacity rises,
although the optimal point seen in Fig. 3 is not as clearly
defined in Fig. 4. Nevertheless, a slow-down in efficiency
improvement is noticeable as of period 1–7, which does
coincide with the observation made in Fig. 3 regarding opti-
mal bed capacity.

Next, we extend the inefficiency analysis to what Avkiran
and McCrystal [27] call the core inefficient cohort (CIC) by
taking advantage of the progressive DN-RAM analysis. That
is, using an approach called layering or peeling the DEA
onion first demonstrated in Barr, Durchholz, and Seiford
[28], those RAC networks on the efficient frontier are re-
moved until a core inefficient cohort emerges for each of eight
periods. Next, those networks that are found in all the CICs are
isolated. This common core inefficient cohort (C-CIC) can
then be scrutinized for changes in rankings over time, as well
as in which variables their main inefficiencies lie. Essentially,
C-CIC forms the group of RAC networks management needs
to monitor more closely. Here, the study adheres to the tech-
nical definition of ‘inefficient’, which implies a network with
an efficiency estimate below 1. In practice, this definition may
be altered by policy makers as, say, below 0.9.

Results indicate a C-CIC comprised of 424 RAC networks
inefficient across eight dynamic efficiency evaluation periods.
There is no clear pattern in the changes in inefficiencies from
one dynamic efficiency evaluation period to the next (details
available upon request). However, a closer scrutiny of the four
discretionary inputs indicates that, on average, once again, the
number of beds (30.02 %) is the source of the largest contri-
bution to inefficiencies, followed by registered nurses
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Fig. 2 Charting growth in bed numbers across 9 years

Table 1 Time taken to
reach various targeted
ratios

Proportion
of RACs
%

Proportion of
HLC beds %
(=>)

Years
taken

90 85 9

100 85 14

80 85 8

70 85 7

90 95 29

90 75 3
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employed (26.88 %). A further analysis could include ranking
the C-CIC in descending order by efficiency estimates and
focusing managerial scrutiny on, say, the bottom 10 % of this
sub-group inefficient throughout eight periods. In order to
highlight the differences in potential improvements among
the C-CICmembers, we compute themean network efficiency
for the units above the 90th and below the 10th percentiles,
where the respective means are 0.9802 and 0.7254. Clearly,
management stands to show potentially more for their efforts
if the initial focus were to remain on those networks below the
10th percentile of the C-CIC sub-group.

4.3.1 Briefly following the productivity of two RAC networks
over time

As described in Section 3.1, the main scenario includes a rise
in the number of high-care beds in recognition of the

Australian Federal government plans to re-configure RAC
beds. Thus, for illustrative purposes, we monitor the progress
of two RAC networks and their corresponding high-level care
divisions across the study period. In our sample of 526 RAC
networks, network #206 was relatively inefficient using DN-
RAM for year 1 with an efficiency estimate of 0.5876. How-
ever, it was relatively efficient over the full study period of 1 to
9 years with a mean efficiency estimate of 0.8957. For exam-
ple, for the HLC division within network #206, the number of
beds increased by 19.6 % from years 1 to 9. This may indicate
underutilization of potential capacity in the earlier years. Also
in the HLC division the average length of stay increased by
0.85 year from year 1 to 9, which is a desirable outcome from
a resident care perspective as argued in Section 2.2. Figure 5
charts annual efficiency estimates across 9 years.

Network #349 was efficient using DN-RAM for year 1
with an efficiency estimate of 1. It was less efficient over the
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full study period of years 1 to 9 with a mean efficiency
estimate of 0.8315. Once again focusing on the HLC division
for comparison purposes, the number of beds increased by
46 % from year 1 to 9. This increase may have exceeded the
network’s efficient expansion capacity. Also in HLC, the
average length of stay declined by 0.58 year from years 1 to
9, which is an undesirable outcome.

5 Concluding remarks

We set out to illustrate how management can better pinpoint
the interactions across time among various resources (inputs)
used in providing different levels of care and resident out-
comes (outputs), while identifying where main potential im-
provements (inefficiencies) lie. In doing so, we also demon-
strate, for the first time, how the efficient frontier technique
dynamic network data envelopment analysis (DN-DEA) can
be applied in evaluating the productivity of residential aged
care networks in a scenario analysis setting.

The scenario analyses demonstrated would hopefully be of
use to policy makers and other key decision makers alike. The
main scenario put forward in this study demonstrates how
various targets can be determined first, followed by observa-
tion of the consequences of implementing them. In the main
scenario of growing high-level care bed numbers, it takes
9 years for 90 % of the RAC networks to have 85 % or more
of the total beds in high-level care. As efficiency estimates are
scrutinized, an optimal bed capacity is observed by the end of
year 7 based on organizational efficiency, and inefficiencies
do not begin to rise substantially until year 7. Year 8 brings the
highest inefficiency growth with undesirable outputs and dis-
cretionary inputs. Among the inputs under management con-
trol, number of beds and registered nurses employed make
the largest contribution to inefficiencies.

Relying on progressive DN-DEA enables an analysis of the
impact of cumulativemanagerial decisions as the period under
analysis is expanded by 1 year at a time. Identifying the

common core inefficient cohort across periods under study
reveals a sub-group of RAC networks more deserving of
closer managerial attention. Findings from investigating the
relationship between efficiency estimates based on the full
sample and ratio of high-level to low-level care beds suggests
a moderate but negative impact on operating efficiency as
more high care beds are introduced. This insight points to
added pressure on resources if an RAC re-structure were to
incorporate a growth in high-level care beds as modeled in the
current study based on the proposed government reform.

The current study brings a level of sophistication not pre-
viously encountered in studies of technical efficiency of nurs-
ing homes. Simulated longitudinal data are used with non-
radial DEA formulations that account for organizational struc-
ture (i.e., performance of divisions in a network structure) and
the impact of carry-overs (i.e., the dynamic dimension in
efficiency measurement). Quality of care is represented on
both sides of the efficiency equation.

In conclusion, we anticipate the need for increasingly so-
phisticated modeling tools and research designs similar to that
demonstrated in this study in order to better model residential
aged care or nursing home facilities. Modeling, in turn, re-
quires what-if analysis to facilitate planning for feasible ser-
vice delivery in an environment of limited resources. The
modeling illustrated and the efficiency measurement equa-
tions developed can be adapted for care facilities in other
countries as well—first by identifying networks of interest
and then the divisions therein.

Appendices

Appendix A

An introduction to traditional data envelopment analysis

This brief introduction is for the benefit of those who may not
be familiar with traditional DEA (TDEA); network DEA and
dynamic network DEA are extensions of TDEA. TDEA is a
non-parametric efficient frontier technique that calculates a
comparative ratio of weighted outputs to weighted inputs for
the modeled production in each organizational unit—often
reported as an estimate of relative technical efficiency.

TDEA operates under the condition of Pareto optimality
where a decision-making unit (DMU), or in the current study,
an RAC network, is not efficient if an output can be raised
without raising any of the inputs and without lowering any
other output. Similarly, a DMU is not efficient if an input can
be decreased without decreasing any of the outputs and with-
out increasing any other input (Charnes, Cooper and Rhodes
[29]). We also note that there are many different ways a DMU
and its divisions or sub-units can be conceptualized and such
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divisions do not have to be physical units. For example, a
DMU could be a particular demographic such as 65–75 year-
olds in a suburb, and divisions could be males and females in
this age group or various income brackets before health care is
investigated.

TDEA generates information on whether performance can
be improved relative to observed benchmark behavior in a
peer group, rather than relative to measures of central tenden-
cy. The relative efficiency estimate (or score) is often written
as a number between 0 and 1, and a DMU with an estimate of
less than 1 is labeled inefficient. Those units on the efficient
frontier (benchmark units) then determine the potential im-
provements for the inefficient units that lie off the frontier.

Key advantages of DEA include the property that no func-
tional structure is imposed on the data in estimating relative
efficiency. In other words, DEA does not pre-suppose a par-
ticular production technology found in all the DMUs in a
sample. The significance of this approach is that an organiza-
tion’s efficiency can be estimated based on other observed
performance in that sample by benchmarking peers that are
better at managing their inputs and outputs. Similarly, variable
weights are endogenously determined rather than relying on
subjective weights. Another advantage of DEA is its ability to
process multiple inputs and multiple outputs in arriving at a
single estimate for a DMU—something which cannot be
achieved with ratio analysis because individual ratios are most
unlikely to be independent. Gelade and Gilbert ([30], p. 497)
state that, “… the way in which performance measures are
combined in DEA rests on strong theoretical foundations of
production economics, allowing overall efficiency to be com-
puted in circumstances in which additive scales cannot be
legitimately constructed.”

In summary, DEA captures the interactions amongmultiple
inputs and multiple outputs that can be traced to operational
processes, and locates relative weaknesses of an inefficient
organization against its best performing peers. The reader is
encouraged to refer to Cooper, Seiford and Zhu [31] for a
more in-depth treatment of DEA. A paper that bridges theory
and practice by demystifying DEA mathematics is Bougnol,
Dula, Lins and da Silva [32].

Appendix B

Background to data generation

In order to operationalize data simulation, and thus, the illus-
tration of DN-DEA in residential aged care, a number of
assumptions are made regarding the organization of RAC,
the two care levels therein, and the various interacting vari-
ables of service delivery. For example, in profiling metropol-
itan residential aged care, full occupancy is assumed at any
given point in time, which is often what is seen in real life. In
fact, the statistics compiled on RAC by the Australian Institute

of Health andWelfare [33] indicate an occupancy rate of 93%
as at 30 June 2009. Furthermore, all else the same, the length
of stay for a resident at a given care level is assumed to be
prolonged when more staff resources are available. Similar to
Laine et al. [11], Schnelle, Simmons, Harrington, Cadogan,
Garcia and Bates-Jensen [34] also conclude that higher quality
of care in nursing homes is associated with higher staffing
levels.

Once again all else the same, ALOS would drop when
ARCS rises because of a higher level of care needed, which
may trigger relocation to another care level. Australian Insti-
tute of Health and Welfare ([33], p.79) reports that approxi-
mately 10 % of the low-care residents were reclassified as
high-care in 2008–09. This figure is used to determine the
proportion of residents to be annually transferred from LLC to
HLC. Nevertheless, such relocation is unlikely to involve a
change of address since the ‘ageing in place’ policy intro-
duced by the Aged Care Act of 1997. According to the
Australian Institute of Health and Welfare [33], only 2 % of
permanent residents who moved from low-level to high-level
care in 2008–09 were actually relocated to another facility; the
report indicates ALOS at the time of separation to be about
3 years.

The same report identifies roughly three-quarters of
permanent admissions as aged 80 years or older. In
Australia, resident dependency levels are determined
by the Aged Care Funding Instrument (http://www.
health.gov.au/acfi). According to Australian Institute of
Health and Welfare ([33], p.83), about three-quarters of
permanent residents were appraised as high-care as at
30 June 2009. This ratio guides the initial data genera-
tion for number of beds.

Interactions among the five inputs lead to the primary
output of length of stay, as well as the undesirable carry-
overs such as hospitalization and mortality. Assuming a per-
formance evaluation period of 1 year, the relationships put
forward below depict interactions among the variables and
divisions outlined in Fig. 1 in the associated paper. Various
assumed data ranges and weights, while arbitrary for illustra-
tive purposes because we are not privy to real-world data
where we could observe distributions, follow reasonable ex-
pectations and can be easily changed for further what-if anal-
yses. For example, to reflect the increased focus by policy
makers on high-level care beds within an RAC network, the
divisional weights LLC (0.20) and HLC (0.80) are allocated
for the purpose of computing overall efficiency estimates.
Essentially, an algorithm is modeled where the number of
beds primarily determines RN-FTE, which in turn drives
OC-FTE; the average resident classification score for a divi-
sion determines the average length of service for registered
nurses; the average length of stay is affected by ARCS and
RN-ALS in opposite directions; and, the annual number of
hospitalizations are linked to the number of beds and ARCS.
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We allow a small range of variation in determining staffing
levels in order to reflect differences in managerial decision-
making and regional differences in the availability of labor.
Thus, initially the number of beds is randomly generated in the
range of 50–100 for an LLC division, followed by randomly
generated numbers of registered nurses in a narrower range.
For each bed, we allocate 0.10–0.12 of an RN-FTE (i.e., a
minimum of 5 RN-FTE for 50 residents); similarly, for each
RN-FTE, 1.5–2.5 other caregivers are allocated, where once
again, random number generation proceeds in the assumed
ranges. For an HLC division, the number of beds range
between 150 and 300. For each bed, 0.12–0.15 of an RN-
FTE is allocated, and for each RN-FTE 2–3 other caregivers
are allocated, thus reflecting the more intensive care at this
level.

The average length of service (RN-ALS) of registered
nurses—considered to be the key caregivers—is linked to
the average resident classification score (ARCS) that captures
the overall health of residents in a division. That is, as the
health of residents deteriorates and ARCS rises, we assume
that registered nurses with greater experience would be re-
cruited to better meet the more complex care needed. Resi-
dential classification scores (on a scale of 1–10) are allowed to
randomly vary where the distribution for LLC is skewed
towards the lower end, and a corresponding RN-ALS of
0.5–1.0 year is allowed for every point in the ARCS. Similar-
ly, the residential classification scores for an HLC division are
skewed towards the higher end.

In determining the average length of stay of residents
(years) in a division, we begin with random number genera-
tion between these ranges: LLC (2–5); HLC (1–4). ALOS is
then adjusted to reflect ARCS. That is, for every point in
ARCS above 1, ALOS is reduced by 1/10th of a year in
recognition of the non-discretionary element in managing
residents’ health. We adjust ALOS for the second time by
raising it by 1/10th of a year for every year of RN-ALS above
2 years in recognition of the discretionary element in resi-
dents’ health which can be shaped by the quality of care. Here,
the focus is specifically on the experience of registered nurses
rather than just physical staffing levels.

Finally, the undesirable outputs from divisions (carry-
overs) are modeled. Random data generations adhere to
the following ranges: for each bed in an LLC division, the
annual number of hospitalizations or ANH equals (0.01–
0.08); this number is then multiplied with ARCS. For an
HLC division, the annual number of hospitalizations varies
in the range of 0.06–0.10, followed by factoring in ARCS.
The average severity of hospitalizations (ASH) is consid-
ered generally unpredictable and modeling adheres to ran-
dom number generation, but a distributional skew towards
1 for an LLC and towards 10 for an HLC division is
included. Progressively higher ranges in the form of (5–
15) for an LLC division, and (10–30) for an HLC

division, are assumed for MR or mortality rate (%)—
allowed to vary randomly.

The following algorithm summarizes the steps in generat-
ing initial data for 526 RAC networks. Data generation incor-
porates the variable relationships shown in Fig. 1. The tilde
symbol (∼) is used to indicate how the values for a given
variable are distributed. All figures below are at the DMU
level unless stated otherwise.

Generate RAC networks and number of high- and low-care
beds:

& The number of residents is approximately based on
Table A5.2 found in the Australian Institute of Health
and Welfare [33]. In this report, the overall ratio of high-
care to low-care beds is about 3:1, which we use to set the
parameters for generating the number of beds. Thus,

– Number of HLC beds (input):

∼ U[150,300], integers only.
526 RAC networks are generated. The total number
of generated HLC residents is 117,940 which closely
approximates the figure of 117,884 from Table A5.2
(Australian Institute of Health and Welfare [33]).

– Number of LLC beds (input):

∼ U[50,100], integers only.
This produces an LLC population of 39,804.

Select networks to be grown and apply growth rates:

& A compound growth rate∼U[0.05,0.10] is applied to
high-level care beds in those networks that have a propor-
tion of high-level care beds below 85 % of the total beds.
The number of beds is rounded to an integer in each year.
This gives rise to the variables of hlbeds, llbeds for each
network-year.

– In each year, the growth in hlbeds simultaneously
reduces llbeds without dropping lower than a mini-
mum number of 50 llbeds for a given network.

The variables below are generated for each network-year:

& Number of Registered Nurses (input):

hlrn∼U[0.12,0.15] * hlbeds
llrn∼U[0.1,0.12] * llbeds

& Number of Other Caregivers (input):

hloc∼U[2, 3] * hlrn
lloc∼U[1.5, 2.5] * llrn
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& Average Resident Classification Score (input):

Underlying HLC RCS ∼ Triangular distribution with
minimum 0.5, maximum 10.5, mode 8.57, rounded to
integers that result in values 1–10.
Underlying LLC RCS ∼ Triangular distribution with
minimum 0.5, maximum 10.5, mode 1.43, rounded to
integers that result in values 1–10.
The underlying RCS’s are fully randomized across
network-years. The average is then taken for each
network-year to form hlarcs and llarcs.

& Average Length of Service of Registered Nurses (input):

hlals∼U[0.5, 1] * hlarcs
llals∼U[0.5, 1] * llarcs

& Average Length of Stay (output):

hlalos∼U[1, 4]−0.1 * (hlarcs−1)+0.1 * (hlals - 2)
llalos∼U[2, 5]−0.1 * (llarcs−1)+0.1 * (llals - 2)

& Number of Hospitalizations (undesirable carry-over):

hlh∼ceil(U[0.06, 0.10] * hlbeds * hlarcs)
llh∼ceil(U[0.01, 0.08] * llbeds * llarcs)

& Average Severity of Hospitalizations (undesirable
carry-over ):

Underlying HLC severity of hospitalization ∼ Tri-
angular distribution with minimum 0.5, maximum
10.5, mode 8, rounded to integers that result in
values 1–10.
Underlying LLC severity of hospitalization ∼ Trian-
gular distribution with minimum 0.5, maximum
10.5, mode 3, rounded to integers that result in
values 1–10.
The underlying hospitalization severities are fully ran-
domized across network-years. The average is then taken
for each network-year to form hlash and llash.

& Mortality Rate (%) (undesirable carry-over):

hlmort∼U[10, 30]
llmort∼U[5, 15]

Number of Residents Transferred from low-care to high-
care (intermediate product): Permanent residents in low-care
are ranked in descending order on their residential classifica-
tion scores (RCS) and the top 10 % is winsorised. This top
10 % represents the total number of residents transferred from
low-care to high-care.

Appendix C

Dynamic network range-adjusted measure of efficiency
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