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ABSTRACT
This paper demonstrates how Bayesian hierarchical modelling can be used to evaluate the performance of hospitals. We
estimate a three-level random intercept probit model to attribute unexplained variation in hospital-acquired complications
to hospital effects, hospital-specialty effects and remaining random variations, controlling for observable patient
complexities. The combined information provided by the posterior means and densities for latent hospital and specialty
effects can be used to assess the need and scope for improvements in patient safety at different organizational levels.
Posterior densities are not conventionally presented in performance assessment but provides valuable additional information
to policy makers on what poorly performing hospitals and specialties may be prioritized for policy action. We use surgical
patient administrative data for 2005/2006 for 16 specialties in 35 public hospitals in Victoria, Australia. We use posterior
means for latent hospital and specialty effects to compare hospital performance in patient safety. Posterior densities and
variances are also compared for different specialties to identify clinical areas with greatest scope for improvement. We
also show that the same hospital may rank markedly differently for different specialties. Copyright © 2013 John Wiley
& Sons, Ltd.
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1. INTRODUCTION

Patient safety is universally acknowledged as a priority concern in health care (de Vries et al., 2008; Vincent,
2010). In the USA, the famous ‘To Err is Human’ report popularized the statistic that 44 000–98 000
Americans die each year as a result of medical errors, which equals roughly to ‘a jumbo jet per day’ (Kohn
et al., 2000). The most common of complications acquired during a hospital stay, infections, is estimated to
lead to 100 000 deaths per year in the USA (Klevens et al., 2007; Stone et al., 2010). This makes
hospital-acquired infections the sixth leading cause of death in the USA. Apart from preventable mortality
and morbidity, the overall direct costs of hospital-acquired infections alone are estimated as between US
$28bn and US$45bn (Stone, 2009; Kohn et al., 2000). Activities to monitor and improve safety in hospitals
have been placed high on the political agenda over the past decade. Some countries have set up dedicated or-
ganizations to advance patient safety (ACSQHC, 2011; AHRQ, 2011; NPSA, 2011), and international organi-
zations such as the World Health Organization (WHO, 2011) and the Organisation for Economic Co-operation
and Development (Droesler, 2008) also support initiatives on patient safety. Obligatory safety procedures such
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as the WHO surgical checklist (WHO, 2008) and the WHO Guidelines on Hand Hygiene in Health Care
(WHO, 2009) are now common in most hospitals around the world to reduce in-hospital complications.

Over the last two decades, considerable research effort has been invested into analysing patient safety
incidences and understanding why they occur and how they could be prevented (de Vries et al., 2008). It
has been recognized that humans inevitably make errors and that it is more effective to direct efforts towards
creating hospital environments that make errors less likely to occur or at least limit their negative consequences
(Pronovost et al., 2006; Rivard et al., 2006; Cebul et al., 2008). This places great responsibility onto hospital
management in creating such an environment (Pronovost et al., 2006).

However, although experts seem to agree that executive hospital management has a crucial role in any effort to
increase patient safety and improve hospital performance, there is little solid quantitative evidence on the extent to
which hospital level factors affect patient safety. Where such evidence is available, it is usually narrowly focused
on one intervention targeted at one treatment, patient group or area of clinical practice. This provides no real guidance
to decision makers on how to prioritize efforts to improve patient safety across clinical areas or across different
departments within one hospital. For example, there is very little evidence whether policies should be targeted at
hospital department or top management level and whether this differs across clinical areas. Better evidence on
how to prioritize patient safety initiatives is urgently required because many are costly and require significant
additional staff time and resources (Graves, 2004). A major challenge in any such investigation is that hospital level
risk factors, such as poorly implemented safety procedures, bad communication between medical teams, substandard
hygiene and ineffective hospital management, are often unobserved.

The objectives of this paper are to examine in what clinical areas and at what organizational levels there is
greatest scope for potential improvements in the quality of hospital care and how individual hospitals are placed
for such potentials. We examine the patient, specialty and hospital level risk factors associated with the
occurrence of hospital-acquired complications by estimating a Bayesian three-level random intercept probit
model using administrative hospital data from the state of Victoria, Australia, for the year 2005/2006. The
model exploits the multilevel nature of the data where each observation is associated with a patient within a
specialty within a hospital. We decompose the unexplained error term into hospital effect, specialty within
hospital effect and remaining random variations. The multilevel random effect specification allows for the
unobservable effects for all episodes within the same hospital and the same specialty to be correlated, as these
unobservable effects could be affected by factors that are common to all episodes in the same hospital and same
specialty, such as clinical equipment and infrastructure, expertise and operation of medical teams, and specific
routines and procedures. After controlling for observable patient profiles, we can interpret the unobservable
hospital and specialty level effects as an indication of hospital managers and medical staff's potential in
improving patient safety at those organizational levels, following the common interpretation of such effects
in the literature on organizational performance (Smith et al., 2009).

Another focus of the paper is to exploit the rich information contained in themultilevel error decomposition, using
a Bayesian hierarchical model framework, to evaluate individual hospital performance and to determine the
specialties that have the largest scope for reducing complications via benchmarking across hospitals. The Bayesian
algorithm, using Gibbs sampling with data augmentation, avoids the evaluation of multidimensional integrals in a
likelihood function and is computationally more expedient than maximum likelihood estimation methods (Geweke
et al., 1997). Our hierarchical modelling approach (Zeger and Karim, 1991; Daniels and Gatsonis, 1999) quantifies
unobserved propensity for complications based on the rich information contained in the large number of episodes
observed for 16 major specialties and 35 hospitals in this research. As remarked in McCulloch and Rossi (1994),
‘the Bayesian approach combines the smoothing advantages of the frequentist random effects model with the rich-
ness of the fixed effects approach’. In fact, the difference between fixed effect and random effect model is trivial under
a Bayesian framework and can be defined through the prior distribution for the error components (Koop et al., 1997).
The advantage of using a Bayesian hierarchical approach in this research is that hospital and hospital-specialty effects
can be easily presented by the whole posterior density distributions of the error components using draws from the
Gibbs sampler formaking inference for individual hospitals and specialties. Posterior means of the unobservable risks
can be used to compare performance across hospitals in general and across hospitals for each speciality. Additionally,
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the variance of unobservable propensity for complications for a particular specialty can be used to indicate potentials
for reducing complications for one hospital against another. By benchmarking hospitals against their peers, it is as-
sumed that greater variations in complications imply greater scope for hospital managers and medical teams to im-
prove their performance. These results allow policy makers and healthcare managers to judge in which specialities
there is greatest opportunity for improvements in patient safety and target policy efforts towards the hospitals that
are underperforming in those specialties. Interventions can be prioritized towards clinical areas where they can make
greatest difference to patient safety and hospital quality.

The literature on performance measurement and benchmarking commonly uses models with error decomposition
after observable factors are controlled. The notion is that once the effects of observable factors are controlled, the
remaining unexplained effects in the error associated with individual firms or organizations can be used as indicators
for performance. A popular approach is stochastic frontier analysis (see reviews in Kumbhakar and Lovell 2000 and
Coelli et al., 2005 and health economic applications in Hollingsworth, 2003) and, more recently, multilevel
modelling whenmultilevel data are available. In the context of organizational performancemeasurement, it explicitly
models the hierarchical nature of the organizational structure by decomposing the unexplained error term into
symmetric random error components attributable to different levels of the hierarchy. The estimated error components
are interpreted as measures of performance associated with different levels, and errors that deviate markedly from
zero are interpreted as worse or better performance than would be expected given observable exogenous factors that
affect the outcome (Jacobs et al., 2006).Multilevel models have been championed for some time as valuable tools for
performance assessment in health care (Rice and Leyland, 1996; Rice and Jones, 1997; Duncan et al., 1998) and have
been used to analyse mortality in heart failure patients (Merlo et al., 2001), heart attack patients (Gupta et al., 2003;
Schreyoegg et al., 2011), patients in intensive care (Moreno et al., 2005) or women giving birth (Karlsen et al., 2011),
and to analyse disease-specific outcomemeasures for stroke patients (Hinchey et al., 2008; Reeves et al., 2010), heart
attack patients (Gupta et al., 2003), trauma patients (Huseynova et al., 2009) or abdominal aortic surgery (Pronovost
et al., 2001). Most studies to date have focused on particular patient groups and disease-specific outcomes. A few
papers focus more broadly on all hospital patients, but they pool them for analysis and do not compare across patient
groups or clinical areas (Cho et al., 2003; Glance et al., 2008; Hauck and Zhao, 2011; Hauck et al., 2012).

The paper is organized as follows. In the next section, we describe the three-level random intercept probit
model and other measures of interest. Data used in this study are described in Section 3. Section 4 presents
and discusses the results, and Section 5 concludes.

2. THE ECONOMETRIC MODEL

We specify a three-level random intercept probit model to relate a binary dependent variable for hospital-acquired
complication to observable patient risk factors and random error components of hospital effects, hospital-specialty
effects and remaining random variations. Lety�ish be a latent variable that is proportional to the propensity of suffering
one or more complications for the i-th episode in the s-th specialty and the h-th hospital and be given by the following
equation:

y�ish ¼ xishβ þ eh þ ush þ εish;

eheN 0;σ2
H

� �
; usheN 0;σ2

S

� �
; εisheN 0; 1ð Þ; (1)

with y�ish > 0 mapped to an observable binary variable yish= 1 if the patient suffered at least one complication

during the episode and y�ish≤0 to yish= 0 otherwise, i ¼ 1; 2;…; ∑
H

h¼1
∑
Sh

s¼1
Nsh , s= 1, 2,…, Sh and h = 1, 2,…,H.

Here, Nsh represents the number of episodes in the s-th specialty and the h-th hospital. Let N ¼ ∑
H

h¼1
∑
Sh

s¼1
Nsh rep-

resent the number of all episodes in the dataset. The term xish is a 1 × (k + 1) vector of covariates representing
observable patient risk factors, with the first element being unity, and β is a (k+ 1) × 1 vector of coefficients
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representing effects of observable risk factors, whose first element represents the fixed part of the intercept
applying to all episodes. The error terms eh represent unexplained variation across hospitals and are assumed
to be independently and identically distributed (i.i.d.) normal for all h. The error ush is the hospital-specialty
level effect that is i.i.d. normal for all h and s, and εish is the error term that embodies remaining unobserved
individual random effect, which is assumed to i.i.d. follow a standard normal distribution for identification.1

All β ' s and σ ' s are coefficients to be estimated.
We extend the Bayesian algorithm for a single error probit model presented in Koop (2003, p. 215) and

devise a Gibbs sampler with data augmentation for our three-level error component probit model. The
unobservable latent variable y�ish and the error terms eh and ush are treated as unknown parameters with values
being drawn from their conditional posterior densities. Then, conditional on y�ish , eh and ush, the three-level
random intercept probit model reduces to the standard linear regression model, facilitating draws from the
conditional posterior densities for the parameters. Technical details for the Gibbs sampling algorithm and
Bayesian estimation, including the assumed prior distributions, the conditional posterior densities for all
unknown parameters and latent variables, and other simulation details are presented in Zhang et al. (forthcoming).
The Gibbs sampler proceeds by iteratively sampling from the full conditional distributions of all unknown param-
eters, that is, β, σ2

H and σ2
S, and latent variables, that is, y�ish, eh and ush. After discarding draws from the burn-in

period, the parameter draws obtained from the conditional posterior densities are used to estimate posterior
densities of the parameters and other measures of interest.

The first set of measures of interest relates to the partition of the total variance in the latent dependent
variable into contributions of observable patient characteristics and components of unobservable hospital,
hospital-specialty and remaining random variations. Proportion of total variation that is explained by
observable patient characteristics can be estimated by an extension of the pseudo-R2 measure proposed
by McKelvey and Zavoina (1975) for binary dependent variable models, which relates to the ratio of
regression variation and total variation in the latent dependent variable:

R2
MZ ¼

1
N ∑
i;s;h

xishβ̂ � xβ̂
� �2

1þ σ̂2
S þ σ̂2

H þ 1
N ∑
i;s;h

xishβ̂ � xβ̂
� �2

We use variance partition coefficients (VPCs) to measure proportions of total unexplained variation attrib-
utable to hospital specific, specialty-hospital specific and remaining random errors. Following the literature on
organizational performance, we interpret unexplained conditional variations associated with higher levels of an
organization as potential indicators for managerial effort (Jacobs et al., 2006). This implies that variations in
complication rates across hospitals, which remain after taking account of differences in observable factors
and random errors, give an indication of the extent to which complications may be amenable to interventions
by the hospitals. Controlling for the impact of patient risk factors, the proportion of unexplained variance in the
propensity of suffering a complication due to hospital level variation is given by

VPCH σ2
H ;σ

2
S

�� ¼ σ2
H

1þ σ2
S þ σ2

H

; (2)

the proportion due to hospital and specialty level variation is given by

VPCHS σ2
H ;σ

2
S

�� ¼ σ2
S þ σ2

H

1þ σ2
S þ σ2

H

; (3)

1We assume normal distribution following convention. We also experimented with Uniform distribution for the errors following a referee's
comment and found that the ranking of hospitals in our empirical results almost unchanged with rank correlation of 0.999.
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and the proportion of unexplained variance due to specialty level variation within a given hospital is
measured by

VPCSjH σ2
S

�� ¼ σ2
S

1þ σ2
S

: (4)

Posterior densities for these VPC measures can be estimated using draws of parameters σ2
H and σ2

S from the
Markov chain Monte Carlo (MCMC) simulation.

Another objective of the paper is to measure and benchmark performance of individual hospitals and
specialties, taking full advantage of the rich information in our Bayesian simulation of the multilevel error
components that may not be available when using commercial software. In particular, posterior densities for
the unobservable error components for individual hospitals and individual specialties within hospitals can be
obtained from the MCMC draws. Comparison of the posterior means and variance of these distributions
provides valuable insights. Various measures are presented and discussed in Section 4 that evaluate
performance of individual hospitals in general and by specialties. Specialties are also compared in terms of
the potential in reducing complications.

3. DATA

In this analysis, we use a routine administrative hospital dataset, the Victorian Admitted Episodes Dataset
(VAED). It contains detailed information on all patient episodes in all public hospitals in the state of
Victoria, Australia. The data are naturally clustered into three levels: patients/episodes within specialties/
departments within hospitals. The VAED contains detailed information on patients' diagnoses, treatments
and other episode characteristics, and we supplement these data with secondary data on patients and
hospitals.

Our sample consists of 67 129 inpatient elective surgical episodes in 35 public hospitals and 37 232
inpatient emergency surgical episodes from 34 hospitals in the year 2005/2006. We exclude small rural health
centres that performed less than 200 surgical procedures over the year, as these small centres have very
different activities to the larger regional, city and teaching hospitals, and we further exclude medical episodes,
including dialysis, radiology, chemotherapy and dental episodes, and patients younger than 18 years. We
estimate the random intercept probit model separately for elective and emergency surgical patients. Definitions
of all variables and summary statistics are given in Table I.2

The dependent variable in this analysis indicates whether the patient experienced one or more complications
during admission. We code ‘complications’ as a binary variable because different complications for the same
patient during one episode may not be independent events to be modelled as counts.

Victorian coding standards record whether a condition was present on admission (Jackson et al., 2006);
this allows to unambiguously attribute complications to the treating hospitals, a necessary condition if they
are to be used as measures of performance. The Victorian coding of complications has been validated by a
number of studies (Ehsani et al., 2006; Jackson et al., 2006; Moje et al., 2006; Ehsani et al., 2007;
McNair et al., 2009; Michel et al., 2009). Of the 67 129 elective inpatients, 20.79% suffered at least
one complication, and 18.52% of the emergency inpatients experienced one or more complications during
their admission.

The independent variables are risk factors pertaining to the patient and the episode of care. The dummies
‘wies1’ to ‘wies4’ represent the originally continuous relative cost weight (weighted inlier equivalent
separation) on the basis of which hospitals receive reimbursement for treatment of individual patients. The cost
weight is based on the patients' diagnosis-related groups (DRG), and higher values characterize more complex

2More detailed summary statistics by type of hospital are available in the working paper version of this paper, Zhang et al. (forthcoming).
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patients and consequently attract higher reimbursement. Additional measures of patient complexity are the
number of co-morbidities and operations and medical interventions administered during the episode. We
further control for whether admission was on a weekday or weekend, and for destination of the patient at dis-
charge. Other patient-level indicators of medical need in our models are age, gender, the 2001 ‘Socio-Economic
Indexes for Areas’ (Australian Bureau of Statistics, 2001) and ‘private’ indicating whether a patient paid
privately for the stay in hospital. We further adjust for patients' medical complexity by including separately
all comorbidities comprised in the Charlson index (Charlson et al., 1987; Sundararajan et al., 2004).3 To
guarantee anonymity of the hospitals in our study, we do not disclose their names, but we classify them into
four types according to their geographical location, teaching status and whether they are specialized or general
hospitals. This allows comparing hospitals with their respective peers.

4. RESULTS AND DISCUSSION

We discard draws of 5000 iterations in a burn-in period in the MCMC simulation and use the 10 000 iterations
after the burn-in to estimate the posterior densities. We use the simulation inefficiency factor (SIF; Kim et al.,
1998) to assess mixing performance, and we find that SIF values are small for all parameters, which strongly
suggest convergence of the sampler. Marginal effects that inform on the patient-level factors' impact on the
likelihood of experiencing complications and complexity-adjusted complication rates for hospitals are
estimated but are not presented here due to space restrictions.4 In the following sections, we will discuss results
on the effects of unobservable risk factors, the main focus of our paper.

4.1. Variance partition coefficients

Table II presents the estimated standard deviations of hospital and specialty level error terms, percentage con-
tribution of observable patient profiles to total variation in the latent dependent variable (pseudo-R2

MZ) and three
VPCs. Relative to the standard deviation of 1 for the random error term εish, the estimates of 0.338 and 0.406
for σH and σS, respectively, are significantly above 0. The results for R2

MZ show that 38% and 26% of the total
variation in the propensity of complication can be explained by observable patient characteristics for elective

3Because of high degree of collinearity, we combine liver disease and severe liver disease, and cancer and metastatic cancer into two joint
categories.

4These results are presented in Zhang, et al. (forthcoming).

Table II. Estimated variances and variance partitions

Elective inpatients Emergency inpatients

σH 0.338(0.048) 0.311(0.050)
σS 0.406(0.024) 0.563(0.032)
Variation partition (%): observable factors and unobservable factors
R2
MZ : % explained by Xβ 38.13 26.12

% explained by errors 61.87 73.88
VPCs [mean (SD), %]
VPCH 9.0(2.3) 7.0(2.1)
VPCHS 25.6(3.0) 38.7(4.1)
VPCS|H 14.2(1.4) 24.0(2.1)

R2
MZ is the proportion of the total variation in the propensity of complication that can be explained by observable patient characteristics, with the

remaining variation attributed to unobservable factors (% explained by errors). VPCH represents the proportion of total unexplained variation that
is attributable to hospital specific factors. VPCHS represents the proportion of total unexplained variation that is attributable to hospital and
speciality specific factors together. VPCS|H represents the proportion of total unexplained variation that is attributable to speciality specific factors.
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and emergency inpatients, respectively. The fact that the estimates for the two error components' standard de-
viations are statistically significant also indicates that the multilevel error component model is preferred over
the single error probit model.

Of the remaining 62% and 74% unexplained variances, the VPCs represent proportions of this total
unexplained variation attributable to hospital-specific, hospital-specialty-specific and random effects. The
VPCh shows that of the variation in complications across elective episodes that cannot be explained by
observable risk factors, 9% (for elective patients) and 7% (for emergency patients) are due to variation at the
hospital level. These values can be interpreted as the potential impact of differences in hospital level manage-
ment on performance. We also calculate the VPChs for hospital and hospital-specialty variation together. If the
VPCh is as large as the VPChs, then all variation would be attributable to the higher managerial level and none
to the lower department or speciality level. We find that this is not the case at all. The VPChs is 26% for elective
patients and even higher at nearly 39% for emergency patients. This implies that management efforts in
hospitals on both higher executive and lower specialty level together account for about one quarter of
unexplained variation in elective and nearly 40% in emergency complications, whereas the remainder is due
to random variation at patient level. Although the VPCh's are significantly different from zero, they are still
markedly smaller than the VPChs. This result implies that interventions that are only targeted at higher
managerial levels are unlikely to be very effective in reducing complications; they need to be combined with
interventions targeted at department level. For example, the US Centers for Medicare & Medicaid Services
(CMS) have excluded eight complications that are deemed preventable from reimbursement (CMS, 2007;
CMS, 2011). Managers at higher executive level are probably more concerned with the financial viability of
their hospital than individual doctors. Thus, our results suggest that practical interventions as a result of
changes in reimbursement policy, such as implemented by the CMS, are more likely to be effective if targeted
at departmental level.

Within each given hospital, VPCs|h shows that 14% (elective) and 24% (emergency) of unexplained
variation in complication probabilities can be attributed to specialty level effects. Specialty level variation
seems to play a more important role in explaining variation in the risk of a complication for emergency patients
than for elective patients. A possible explanation might be that medical teams in emergency departments on a
lower decision-making level often need to make quick and ad hoc decisions on treatments and medications, and
hospital managers on a higher executive level may have less influence over such decisions. An alternative
explanation is that hospitals have greater discretion over selecting elective patients and may strategically select
elective patients of lower medical complexity and associated lower treatment costs. It is plausible that such
financial considerations impact more profoundly on executive managers' decision making, applying the
aforementioned reasoning.

We have found only five studies that have estimated VPCs for the impact of hospitals on quality of care.
Although it is problematic to compare results across studies because of great differences in outcome measures,
patient groups and error structures, our results are broadly in line with the literature. Previous studies have
found that VPC values range widely between less than 1% and 18% depending on disease area and outcome
measure (Merlo et al., 2001; Huseynova et al., 2009; Reeves et al., 2010). Two studies use three-level models
and found that less variation is attributable to the higher level, confirming our findings (Hauck et al., 2003;
Hekkert et al., 2009).

4.2. Hospital level performance

The three-level random intercept model allows us to exploit various approaches and methods of measuring
hospital performance based on posterior densities for the unobservable error components at hospital and spe-
cialty level. The MCMC from the Bayesian estimation provides separate draws for the error components of
eh for each hospital and ush for each specialty in each hospital. The estimated error components indicate
whether a hospital or hospital-specialty lies above, or below, the complication rate that would be expected
according to observable characteristics of the patients they treat. In particular, the smaller (greater) eh or ush
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for a specific hospital or speciality, the better (worse) this hospital performs in general or in a particular
specialty, conditional on observable patients' risk factors.

We first focus on hospital level variation. Table III presents hospital level performance, grouped by types of
hospitals, with the posterior mean, standard deviation and 95% credibility interval of eh for each hospital.
According to the posterior means of eh, in treating elective patients, the majority of regional hospitals (10 of
14) and city hospitals (6 of 11) perform better than the expectation according to the patients' observable char-
acteristics. All teaching hospitals have higher probability to lie above the expected complication rate according
to observable episode characteristics. However, teaching hospitals perform better in treating emergency
patients than elective patients; for example, teaching hospital 7 is more likely to lie below the expected com-
plication rate.

To further illustrate the interpretation of posterior densities for eh of individual hospitals, we plot the whole
posterior density distributions for two particular hospitals in Figure 1(a) and (b): the ‘best’ and ‘worst’
performing teaching hospitals (with the lowest and highest posterior means of eh of all teaching hospitals).

Table III. Hospital performance: posterior summary statistics for eh

Elective inpatients Emergency inpatients

Hospital Posterior mean SD 2.5% 97.5% Hospital Posterior mean SD 2.5% 97.5%

Specialty Specialty
5 �0.266 0.181 �0.618 0.064 5 �0.433 0.254 �0.988 0.015
4 �0.044 0.176 �0.408 0.276 4 0.048 0.229 �0.412 0.468
36 0.030 0.150 �0.256 0.328 36 0.094 0.218 �0.332 0.529
1 0.182 0.202 �0.232 0.561 1 0.141 0.236 �0.319 0.606
Regional Regional
35 �0.497 0.173 �0.841 �0.154 35 �0.363 0.194 �0.761 0.011
28 �0.330 0.169 �0.671 �0.003 28 �0.138 0.222 �0.575 0.295
27 �0.218 0.165 �0.536 0.089 20 �0.125 0.158 �0.446 0.179
21 �0.213 0.131 �0.480 0.032 32 �0.124 0.202 �0.516 0.278
25 �0.201 0.148 �0.482 0.105 27 �0.115 0.195 �0.496 0.265
20 �0.200 0.125 �0.459 0.034 34 �0.053 0.203 �0.459 0.350
24 �0.185 0.149 �0.481 0.104 25 �0.040 0.192 �0.421 0.333
29 �0.077 0.174 �0.432 0.267 6 �0.036 0.223 �0.465 0.410
26 �0.055 0.148 �0.340 0.234 22 0.005 0.155 �0.303 0.302
23 �0.026 0.173 �0.371 0.318 26 0.010 0.185 �0.359 0.362
32 0.017 0.166 �0.316 0.334 29 0.018 0.228 �0.423 0.463
34 0.052 0.148 �0.233 0.344 23 0.039 0.199 �0.366 0.428
22 0.105 0.125 �0.139 0.337 24 0.048 0.192 �0.317 0.435
6 0.218 0.157 �0.088 0.524 21 0.068 0.168 �0.269 0.393
City City
17 �0.342 0.175 �0.694 �0.008 30 �0.268 0.158 �0.581 0.032
16 �0.308 0.172 �0.654 0.007 16 �0.140 0.213 �0.551 0.274
30 �0.299 0.137 �0.576 �0.041 12 �0.100 0.178 �0.458 0.240
12 �0.145 0.153 �0.439 0.151 17 �0.050 0.207 �0.442 0.363
10 �0.033 0.136 �0.306 0.229 10 �0.039 0.177 �0.396 0.306
33 �0.015 0.174 �0.359 0.313 19 0.048 0.214 �0.368 0.474
19 0.151 0.154 �0.172 0.444 9 0.093 0.165 �0.218 0.415
13 0.152 0.148 �0.133 0.448 11 0.100 0.153 �0.179 0.430
14 0.167 0.136 �0.091 0.446 14 0.133 0.147 �0.153 0.416
9 0.191 0.142 �0.099 0.465 33 0.184 0.208 �0.217 0.610
11 0.219 0.122 �0.005 0.463 13 0.274 0.224 �0.168 0.724
Teaching Teaching
7 0.037 0.126 �0.216 0.277 7 �0.092 0.150 �0.373 0.197
8 0.150 0.120 �0.107 0.383 8 0.035 0.154 �0.252 0.351
2 0.196 0.125 �0.046 0.467 2 0.249 0.154 �0.053 0.540
18 0.434 0.137 0.166 0.694 15 0.258 0.151 �0.021 0.564
3 0.510 0.220 0.087 0.948 18 0.358 0.158 0.048 0.684
15 0.536 0.122 0.301 0.774
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For comparison, the posterior density for eh of all hospitals is also presented. It is not surprising that eh of all
hospitals approximately follows a normal distribution with mean of zero and standard deviation of 0.34 (elec-
tive) and 0.31 (emergency); see the two estimated σH in Table II. The posterior densities for the best and worst
hospitals, as two of the hospitals contributing to the overall distribution, in Figure 1 indicate very different
distributions for the hospital level propensity for complications. For elective inpatients, the best-performing
teaching hospital has eh ranging from �0.4 to 0.4 and concentrating around 0.04; possible values of eh for
the worst-performing teaching hospital are concentrated around 0.54, with almost no probability to be
negative. For emergency inpatients, the best-performing teaching hospital has a smaller value for eh compared
with the best-performing teaching hospital for elective episodes, ranging from �0.6 to 0.5 and concentrating
around �0.09; the worst-performing teaching hospital has smaller values for eh relative to those in elective
patients, which are concentrating around 0.36.

When comparing posterior distributions across elective and emergency episodes, we find that the variance of
hospital performance for elective patients is greater than for emergency patients, which suggests that there is
greater scope for improving performance in the care of elective patients. It further suggests that hospital
management at the higher executive level has greater scope for improving performance for elective than
emergency patients. As discussed before, a possible explanation for this result is that treatment decisions for
elective patients can be taken under less time pressure than for emergency patients; hence, there is greater
opportunity for hospital managers to impact on those decisions. Alternatively, for elective patients, hospital
management may have greater scope in selecting patients with particular characteristics, for example, low
medical complexity.

4.3. Which specialty has more scope for improvement?

Posterior variances for each specialty across all hospitals can be a useful indicator for improvement potentials.
Episodes in our sample fall into 16 specialties. The estimated posterior density for ush for each
specialty-hospital pair indicates unexplained propensity to complications for a particular specialty in a
particular hospital. This allows comparing hospitals with respect to the same specialty. Table IV presents
the posterior mean and standard deviation of ush for each specialty over all hospitals. The results in Table IV
show that there are significant differences in latent complication propensity across different specialties. The
posterior means identify specialties with higher complication propensity and provide useful information for
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Figure 1. Posterior densities for eh: over all hospitals and selected hospitals
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hospitals with higher proportion of episodes in such high risk specialties. For example, Obstetric elective
patients are least likely, and patients treated in Nephrology are most likely to experience a complication during
their stay in hospital, on average. For emergency patients, the specialty of Plastics has the lowest complication
rate and, again, Nephrology the highest.

The notion of comparing the variances of different specialties (across all hospitals) in Table IV is an
interesting one. This allows policy makers to judge in which specialities there is greatest opportunity for
improvements in patient safety and target policy efforts towards the hospitals that are underperforming in those
specialties. To further illustrate, we plot the whole posterior density distribution of ush for specialties with
highest and lowest posterior mean (Nephrology and Obstetrics for elective patients; Nephrology and Plastics
for emergency patients) and highest and lowest standard deviation (Obstetrics and General Surgery for elective
patients; Nephrology and Orthopaedics for emergency patients) in Figure 2.

In general, a specialty with high posterior mean and high variation, in comparison with other specialities,
should receive priority attention. Such specialities have high complication rates and large scope for reducing
them. An example is Nephrology for emergency episodes. The second question is of course whether there
are effective and cost-effective policies to reduce complications in these clinical areas, but if there are, policy
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Figure 2. Posterior densities for ush: speciality with highest or lowest posterior mean, and highest or lowest standard deviation

Table IV. Posterior summary statistics for ush by specialty over all hospitals

Elective inpatients Emergency inpatients

Speciality Posterior mean SD Speciality Posterior mean SD

Obstetrics �0.417 0.466 Plastics �0.580 0.506
Plastics �0.387 0.354 Orthopaedics �0.359 0.361
Cardiology �0.113 0.345 Endocrinology �0.250 0.510
Endocrinology �0.090 0.386 Neurosurgery �0.242 0.542
Respiratory �0.050 0.358 Ophthalmology �0.141 0.564
Orthopaedics �0.015 0.317 ENT �0.004 0.496
Gynaecology 0.015 0.314 Urology 0.005 0.445
Neurosurgery 0.022 0.399 Cardiology 0.084 0.365
Ophthalmology 0.025 0.365 Obstetrics 0.108 0.477
ENT 0.031 0.306 Vascular 0.133 0.464
Vascular 0.109 0.364 Respiratory 0.134 0.377
Haematology 0.149 0.432 Gynaecology 0.153 0.529
Urology 0.190 0.316 Haematology 0.273 0.601
Cardiothoracic 0.205 0.340 Cardiothoracic 0.313 0.510
General Surgery 0.225 0.242 General Surgery 0.352 0.427
Nephrology 0.265 0.437 Nephrology 0.660 0.729
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action in these specialities are likely to lead to an overall reduction in complications and measurable improve-
ments in patient safety. Specialties with low posterior mean and low variation are possibly low priority areas for
action, because complications are comparably low, and there is small scope to reduce those further. Examples are
elective episodes in General Surgery and emergency episodes in Orthopaedics. Specialties with high posterior mean
and low variation have high complication rates, but there is unfortunately small scope for reducing them. These
clinical areas are of concern, and they should be prioritized for further research into effective strategies that help
reduce complications. Lastly, specialities with low posterior mean and high variation are in general not specialities
of prime concern, but specific hospitals with high complication rates for this specialty should be specifically targeted
because there is scope for improving their performance. An example is Obstetrics for elective episodes.

4.4. Hospital performance for each specialty

Are well-performing hospitals doing well across all their specialities, or do these hospitals have specialities
where complications may give rise to concern? Performance of a hospital in one particular speciality may differ

Table V. Hospital performance within selected specialties: posterior mean for (eh+ ush) – elective episodes

General surgery Obstetrics Nephrology

Hospital Posterior mean Ranking Hospital Posterior mean Ranking Hospital Posterior mean Ranking

Specialty Specialty Specialty
5 �0.430 1 4 �0.490 1 21 �0.222 1
36 �0.125 2 1 0.229 2 22 0.029 2
4 0.019 3 Regional City
1 0.410 4 25 �1.116 1 10 �0.037 1
Regional 24 �1.095 2 11 0.200 2
35 �0.358 1 20 �0.923 3 Teaching
28 �0.096 2 21 �0.845 4 8 0.450 1
20 �0.025 3 26 �0.638 5 7 0.481 2
25 0.024 4 35 �0.539 6 2 0.790 3
27 0.081 5 34 �0.521 7 18 0.831 4
21 0.115 6 23 �0.464 8 15 1.290 5
22 0.121 7 32 �0.448 9
24 0.221 8 27 �0.405 10
29 0.222 9 22 �0.371 11
34 0.264 10 28 �0.368 12
26 0.273 11 29 �0.268 13
32 0.309 12 6 �0.190 14
23 0.378 13 City
6 0.640 14 16 �1.197 1
City 9 �0.934 2
30 �0.074 1 17 �0.719 3
17 0.005 2 30 �0.578 4
12 0.137 3 10 �0.575 5
16 0.145 4 33 �0.305 6
13 0.224 5 14 0.103 7
33 0.390 6 11 0.191 8
11 0.394 7 13 0.248 9
10 0.479 8 19 0.301 10
19 0.511 9 Teaching
9 0.516 10 2 �0.745 1
14 0.521 11
Teaching
7 0.203 1
8 0.207 2
18 0.454 3
15 0.498 4
3 0.525 5
2 0.602 6
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from its performance in another speciality. We next compare hospital performance for individual hospitals for
the same specialty. For a particular specialty S0, the posterior mean and density of eh þ uS0hð Þ for a specific
hospital informs how this hospital performs in S0. To illustrate, we choose three specialties: a specialty that
all hospitals in our sample have, General Surgery; the specialty with the lowest mean complication rates, which
is Obstetrics for elective inpatients and Plastics for emergency inpatients; and the specialty with the highest
mean complication rates for both elective and emergency inpatients, Nephrology.

Tables V and VI show that the same hospital can have marked differences in performance across the three
specialties. For example, for elective patients, teaching hospital 2 has high complication rates in General
Surgery and Nephrology but very low rates in Obstetrics. Hospital 4, on the other hand, is performing very well
in Obstetrics but not in General Surgery. For emergency patients, hospital 5 is performing very well in both
General Surgery and Plastics, whereas hospital 23, a regional hospital, is performing very poorly in these
two specialties. Figure 3(a) and (b) presents the estimated posterior densities for eh þ uS0hð Þ of three particular
hospitals and of over all hospitals for comparison, for elective episodes in Obstetrics and emergency episodes in
Nephrology. The densities indicate how much variation there is in complication rates across patients treated in a

Table VI. Hospital performance within selected specialties: posterior mean for (eh + ush) – emergency episodes

General surgery Plastics Nephrology

Hospital Posterior Mean Ranking Hospital Posterior Mean Ranking Hospital Posterior Mean Ranking

Specialty Specialty City
5 �0.739 1 5 �1.121 1 11 �0.180 1
36 �0.446 2 4 �0.048 2 Teaching
1 �0.311 3 1 �0.024 3 7 0.087 1
4 �0.297 4 36 0.499 4 8 0.479 2
Regional Regional 2 1.202 3
35 �0.093 1 22 �1.412 1 18 1.370 4
20 0.157 2 35 �1.075 2 15 1.909 5
28 0.188 3 20 �0.778 3
27 0.297 4 21 �0.610 4
29 0.359 5 28 �0.610 5
25 0.371 6 29 �0.575 6
21 0.377 7 24 �0.558 7
32 0.382 8 6 �0.549 8
22 0.432 9 26 �0.539 9
6 0.461 10 34 �0.529 10
34 0.568 11 27 �0.486 11
26 0.614 12 23 �0.248 12
24 0.732 13 25 �0.248 13
23 0.751 14 32 0.051 14
City City
19 0.256 1 17 �1.132 1
30 0.270 2 30 �1.106 2
13 0.369 3 16 �0.911 3
11 0.481 4 12 �0.886 4
17 0.627 5 9 �0.873 5
14 0.657 6 10 �0.860 6
9 0.659 7 14 �0.605 7
16 0.722 8 11 �0.434 8
10 0.729 9 33 �0.352 9
12 0.797 10 13 0.100 10
33 0.810 11 19 0.137 11
Teaching Teaching
7 �0.126 1 7 �1.211 1
15 0.407 2 15 �1.010 2
8 0.415 3 8 �0.757 3
18 0.545 4 18 �0.669 4
2 0.615 5 2 �0.197 5
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speciality in a particular hospital. Comparably high variation for a speciality in one hospital, in comparison with
variation for the same specialty in another hospital, may indicate that there is greater scope for improvement. Again,
this interpretation relies crucially on that other exogenous sources of variation, notably patient complexity, is
accounted for. For Obstetrics, hospital 16 has only negative values for eh þ uS0hð Þ coupled with comparably
small variation around the mean, which indicates that there may be little scope to improve performance even
further, whereas for hospitals 19 and 33, which have higher complication rates, variations are also greater,
implying that there may be greater scope for improvement. For Nephrology, the two hospitals with high com-
plication rates have at the same time small variations, which may indicate that there may only be small scope
for improvements in their poor performance.

5. CONCLUSION

This study contributes to the literature on the performance of hospitals and public sector organizations in general. We
estimate a three-level random intercept probit model to decompose the effects of unobservable risk factors for
hospital-acquired complications into hospital effects, hospital-specialty effects and remaining random effects using
a large-scale patient-level administrative hospital dataset from public hospitals in Victoria, Australia. Our main
innovative contributions are that we adopt a broader perspective than most previous studies because we jointly
analyse outcomes for patients across 16 clinical areas. Second, our use of hospital-acquired complications is an
extension to the more frequently used mortality or readmission rates as measures of quality. Third, we estimate a
three-level model that can disentangle effects by hospital and specialty within hospital levels. Lastly, and most
importantly, our study contributes to the wider literature on hospital performance by demonstrating the advantage
of a Bayesian hierarchical modelling approach when faced with large multilevel datasets. Our full Bayesian approach
allows easy access to the whole posterior distributions of the effects of latent risk factors specific to a particular
hospital and specialty, rather than just the means of the various error components. We demonstrate that variances
of the error posterior densities can offer useful insights. A comparably larger variance for a specialty or department
suggests a greater scope for improvements in performance. This provides valuable insights on areas which should be
prioritized for interventions aimed at improving patient safety. To our knowledge, it is the first time that a study on
hospital performance can present this kind of evidence to policy makers.

Of the variation in complication propensity unexplained by observable patient characteristics, we find that a
larger proportion is attributable to the lower specialty or departmental level, in particular for emergency
patients. This suggests to policy makers that although efforts to implement patient safety initiatives should
ideally involve both executive hospital management and medical teams on specialty level, action on the lower
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Figure 3. Posterior densities for (eh+ ush): over all hospitals and selected hospitals for selected specialties
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level is of prime importance. Variation in complications rates at hospital level as measured by the posterior
densities for the hospital level effects confirms this result. These variations are greater for elective than for
emergency patients, suggesting that hospital management at higher executive level has greater scope for
improving performance in elective than emergency episodes.

Variation in complication rates at specialty level across all hospitals as measured by the posterior densities
for the specialty-hospital effects provides some interesting results on identifying specialties that should be pri-
oritized for policy action. We find that the specialties Nephrology and General Surgery give cause for concern
because they have both high complications rates. However, whereas Nephrology has high variation in rates
across hospitals, General Surgery has comparably small variation. This suggests that policy action should first
focus on Nephrology, because there is greater scope for reducing these high rates than in General Surgery.
Obstetrics has comparably low rates but coupled with high variation. This suggests that although Obstetrics
is not a clinical area of great concern, policy action may focus on selected hospitals that have high rates in this
specialty because results indicate that there is scope for improvement. Orthopaedics has low complication rates
coupled with low variation, which suggests that this specialty is not a priority area for action.

Our results also answer the interesting question whether well-performing hospitals do well across all their
specialties and vice versa. We find that there is surprisingly little correlation in performance across specialties
within one hospital. Furthermore, we can use posterior means of hospital and specialty effects to assess the
need for action for specialties in specific hospitals and couple this information with the posterior densities as
measures of scope for improvements in performance. This allows us to prioritize hospitals for action not only
on the basis of their average performance but also whether they can reasonably be expected to improve
their performance.

A potential limitation of our study, and in fact of most other studies in this area, is that adjustments for
casemix complexity may be inadequate because of unobservable, systematic differences in patients' medical
complexity across hospitals not captured in casemix adjustment (Iezzoni, 1997). Another limitation is that
we do not have information to shed light on the unobserved hospital and department-specific factors such as
safety procedures and protocols that impact on unobserved variations in complication rates.

It would be counterproductive to use our results to punish poorly performing hospitals. Poor performance on
patient safety should in the first instance lead to a careful investigation of the organizational and economic
constraints in which the affected hospital has to operate and a constructive search by all levels of government
for ways of working within these realities to help hospitals to improve performance. The results of our research
will hopefully contribute to the implementation of effective measures to improve patient safety in hospitals,
reduce costs of hospital care and ultimately, save many patients from unnecessary harm.
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