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Abstract In recent years, governments and other stakeholders have increasingly used administrative data for measuring
healthcare outcomes and building rankings of health care
providers. However, the accuracy of such data sources has
often been questioned. Starting in 2002, the Lombardy
(Italy) regional administration began monitoring hospital
care effectiveness on administrative databases using seven
outcome measures related to mortality and readmissions.
The present study describes the use of benchmarking results
of risk-standardized mortality from Lombardy regional hospitals. The data usage is part of a general program of
continuous improvement directed to health care service
and organizational learning, rather than at penalizing or
rewarding hospitals. In particular, hierarchical regression
analyses - taking into account mortality variation across
hospitals - were conducted separately for each of the most
relevant clinical disciplines. Overall mortality was used as
the outcome variable and the mix of the hospitals’ output was taken into account by means of Diagnosis Related
Group data, while also adjusting for both patient and hospital characteristics. Yearly adjusted mortality rates for
each hospital were translated into a reporting tool that
indicates to healthcare managers at a glance, in a userfriendly and non-threatening format, underachieving and
over-performing hospitals. Even considering that benchmarking on risk-adjusted outcomes tend to elicit contrasting
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public opinions and diverging policymaking, we show that
repeated outcome measurements and the development and
dissemination of organizational best practices have promoted in Lombardy region implementation of outcome
measures in healthcare management and stimulated interest
and involvement of healthcare stakeholders.
Keywords Healthcare · Effectiveness · Outcomes ·
Performance evaluation systems · Multilevel models ·
DRGs

1 Introduction
Over the past decades, the use of performance assessments
in health and social sciences has increased substantially
to meet patients’ needs, provide effective healthcare services, and to promote quality-improvement initiatives [1].
Objective measures of performance are used at several levels across countries. For instance, the U.K. [2, 3], the
U.S. [4, 5], Australia [6], Canada, and institutions such
as the World Health Organization [7, 8], and the Organization for Economic Co-operation and Development [9]
are actively developing performance indicators for relevant
aspects of care, such as effectiveness, efficiency, appropriateness, responsiveness, and equity. These frameworks
have been demonstrated to facilitate accountability, modify
the behavior of professionals and organizations, and support healthcare management [10–12]. Within this context,
healthcare outcomes have often been considered as part
of measurement and benchmarking frameworks directed at
holding hospitals accountable for the quality of care they
deliver [13–17]. Although hospital ranking on outcomes
poses many methodological problems, such as case-mix
adjustment and estimation of random variation [18–25],
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league tables comparing hospitals’ actual patient death
rate to statistical predictions are today reported publicly
in countries including the U.S., the U.K., Canada, and
Denmark (AHRQ, Leapfrog Group, Centers for Medicare
and Medicaid Services and Care Quality Commission1 ).
Within the Italian healthcare system, the need for performance measurement has grown in urgency since the early
1990s when the government approved the first reform of
the National Health Service (Legislative Decrees 502/1992
and 517/1993) [26]. Beginning in the early 1990s, national
reforms started transferring several key administrative and
organizational responsibilities from the central government
to the 21 Italian regional administrations to make regions
more sensitive to controlling expenditures and promoting
efficiency, quality, and patient satisfaction [27–29]. In this
context, a first national pilot performance evaluation system
was developed in 2010 on behalf of the Ministry of Health
in order to monitor performance across and within regions
in terms of quality, efficiency, and appropriateness in the
following three domains (settings) of care: hospitals; primary care, including pharmaceutical care; and public health
and preventive healthcare [30]. One year later, the Outcome
Evaluation National Program (PNE [31]) was introduced at
the national level to compare Italian hospitals on outcome
measures related to mortality, readmissions, and complications after selected clinical interventions [32]. At the
regional level, only a few Italian regional administrations
have adopted systematic evaluation programs to evaluate the
performance of their regional healthcare systems, and some
of these regions have also included clinical outcomes among
other performance measures [33, 34]. Among these, starting from 2002 the Lombardy regional administration began
comparing the effectiveness of hospitals using outcome
measures derived from the Hospital Discharge Chart (HDC)
database. This study reports on the methodological aspects
and managerial implications the benchmarking analysis of
between-hospital risk-standardized outcome measures promoted by the Lombardy. In particular, we describe results of
both a univariate and bivariate hierarchical regression model
that considers between-hospital variation and also takes
into account outcome variation across Diagnosis- Related
Group2 (DRGs). We also show how these results have provided healthcare managers with informative insights into

1 www.ahrq.gov; www.leapfroggroup.org; www.cms.gov; www.cqc.
org.uk
2 DRGs are a classification system that groups hospital patients with
similar clinical conditions into 524 diagnostic categories. Clinical conditions are defined by both the patient’s principal diagnosis–the main
problem requiring care–and other secondary diagnoses. The DRG
version utilized in this paper is the 19th
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hospital quality and have helped to identify services burdened with quality issues. This DRG-based approach to
quality of care is original and allows the evaluation to be
stratified on specific clinical areas, thus providing valid
instrument in support of healthcare management. The paper
is structured as follows: Section 2 summarizes the statistical methodological methods of the evaluation system;
Section 3 introduces the Lombardy region healthcare system; Section 4 presents methods and data; Section 5 shows
the main results of the analysis; Section 6 introduces an
application of a bivariate multilevel model as a possible
extension of the analysis; and, finally, Section 7 presents a
summary of conclusions.

2 Measuring relative effectiveness of healthcare services
In the past few years, there has been growing research
on relative effectiveness in healthcare, which, in general,
intends to compare the effectiveness of two or more healthcare services, treatments, or interventions available for a
given medical condition for a particular set of patients
[35, 36]. When considering relative effectiveness as the
result of comparative outcome analysis across providers, the
designation of different types of outcome measures is of
particular relevance. There are in fact many similar definitions of health outcomes: generally, a health outcome is
defined as the ”technical result of a diagnostic procedure
or specific treatment episode” [37], or as a ”result, often
long term, on the state of patient well-being, generated by
the delivery of health service” [38]. However, a clinical outcome such as hospital mortality as the final outcome of
treatment in a hospital is considered a crucial measure of the
quality of care provided. No other characteristic of healthcare, including process structure, is more closely linked
to the mission of health institutions than their activities
to prevent or to delay death [13, 15]. However, compared
with other kinds of performance measures concerning, for
instance, accessibility, appropriateness, and efficiency, the
relative effectiveness in terms of outcomes across providers
is more complex from both statistical and management perspectives [22, 23]. For instance, when comparing mortality
data across providers, special attention should be given to
issues such as random variation due to small numbers;
variation among providers in case mix and severity of the
patients; challenges in defining the right denominators; and
data quality issues. In particular, the role of case-mix variation and the development of risk-adjustment models to
allow comparison of outcomes among healthcare providers
have received a great deal of methodological attention,
and extensive literature on this topic has accumulated in
recent years [39–41]. That is why there are still doubts
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regarding the use of mortality rates in the comparative
evaluation of quality of care. Even when elaborated statistical models and risk-adjustment techniques are adopted,
unexplained differences in mortality rates have been demonstrated to persist [18, 19, 38, 42]. This is even more critical
when mortality is derived from administrative data rather
than from a clinical registry. Compared to clinical data,
administrative records are less accurate in recording diagnosis and interventions, may lack of clinical information, and
do not allow for distinguishing whether complications during hospitalization are attributable to the treatment/medical
procedures or depend on conditions present at admission
[43]. However, even though the accuracy of administrative
data has been questioned, they have been increasingly and
still are used by healthcare agencies and other stakeholders to measure hospital quality and create reports to rank
institutions or providers [10, 44]. In fact, administrative
data which are typically computerized are easily accessible,
relatively inexpensive to use, and allow for the collection
of information on a large number of individuals or theoretically on the entire population of concern. Although
medical records are widely considered as the best source
for monitoring adverse events and other clinical information, access to this kind of data is often restricted, and
obtaining them may be time consuming. Use of administrative data, on the other hand, is a valuable easily accessible alternative [45–48]. In Lombardy, coding accuracy of
the administrative database at the hospital level has been
constantly monitored by regional offices so that over the
years it has achieved standards providing accurate and reliable clinical description of a patient’s care. It has been
also suggested that ”agencies should facilitate the development and dissemination of a database for best practice and
improvement based on the results for primary and secondary
research” [18]. In this direction, the use of administrative
data that go beyond the scope of health care billing may be
extremely useful for disseminating the culture of data reliability and validity. Methodologically, different statistical
methods have been proposed for risk adjustment of reported
outcome values to account for case-mix differences across
healthcare providers, so that the outcomes can be legitimately compared despite differences in risk factors. One
of the most straightforward approaches to risk adjust an
outcome to compare providers is to estimate an expected
value for each provider’s outcome based on the relationship
between the outcome and its risk factors. Among statistical models, linear and logistic regression models have
been extensively adopted by various authors and benchmark agencies to estimate the relationship between an
outcome and a set of risk factors [49–51]. However, these
standard regression models, especially in the social sciences when the population has a hierarchical structure (i.e.
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patients in hospitals), might not be adequate to estimate
the extent of associations of explanatory variables with
the outcome of interest. When applying a standard regression model to hierarchical data, analyses can be carried out
either at the individual or aggregate/group level. Regardless of the level that is chosen, the resulting analysis may
be flawed for the following reasons: if the analysis is carried out at the individual level and the context in which
the process may occur is ignored, key group-level effects
may be ignored as well–a problem that is often referred
to as the ”atomistic fallacy” [52]. On the other hand, if
a single-level analysis is applied at the group level by
assuming that the results also apply at the individual level,
the analysis may be flawed because of problems in making individual-level inferences from group-level analyses.
This phenomenon is known as the ”ecological fallacy” [52,
53]. In the past few decades, as an alternative to standard regression analysis, a quite extensive literature has
proposed the use of multilevel models (also referred to as
random-effects models or hierarchical linear models) for
studying relationships between outcomes and contextual
variables in complex hierarchical structures, considering
simultaneously both individual and aggregate levels of analysis and distinguishing between such sources of variation
[10, 38, 54–59]. Unlike standard regression models, which
assume that the observations are uncorrelated, multilevel
models control for the existence of a possible intra-hospital
correlation, which may make patients within a hospital more
alike in terms of experienced outcome than patients coming from different hospitals, everything else being equal.
They indeed allow for comparisons between healthcare
providers by adjusting for factors concerning both the case
mix of the patients–i.e., the variability of their clinical
and social demographic aspects–and factors related to the
providers, such as resources and facilities that all together
could affect the outcomes of interest. Multilevel models
also provide a possible solution to small samples thanks
to the adoption of the ”shrinkage” estimation which contributes to reducing the chance that small hospitals’ performance will fluctuate wildly from year to year or that
they will be wrongly classified as either a worse or a better performer [41, 59, 60]. More specifically, for a given
patient i within a healthcare provider j, the probability
pij of the occurrence of a dichotomous outcome yij (i.e.,
mortality that assumes value 1 if the patient died, 0 otherwise), modeled as a multilevel logistic model can be
expressed as

ln

pij
1 − pij


= α00 + k βkij xkij + m γmj zmj + uj + εij
(1)
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where i = 1 . . . I Patients, j = 1 . . . J Hospitals, k = 1 . . . K
Patient Level Covariates and m = 1 . . . M Hospital Level
Covariates.
In this equation uj is the random coefficient for residuals
at the hospital level and can be interpreted as the relative effectiveness of hospitals with respect to outcome yij
adjusted for fixed coefficients related to both patient and
hospital characteristics (xij , zj ). More specifically, these
uj estimates showing the specific managerial contribution
of the jth health structure to the risk-of-warning event and
their 95 % confidence intervals (ICs) identify hospitals with
ICs under or over the regional mean of the risk-of-warning
event.

3 Characteristics of the healthcare system in Lombardy
The Italian National Healthcare System (NHS) provides
universal healthcare coverage throughout the Italian State
as a single payer and entitles all citizens, regardless of their
social status, to equal access to essential healthcare services.
A recent strong policy of devolution has transferred several
key administrative and organizational responsibilities and
tasks from the central government to the administrations of
the 21 Italian regions, which now have significant autonomy
on the revenue side and in organizing services designed to
meet the needs of their respective populations. Among the
21 regions, Lombardy is one of the top-ranked for sociodemographic indicators. Lombardy has a population of 10
million residents (equal to 16 % of the total Italian population) with a density of 404 inhabitants per km2 [61], ranks
for its economic indicators among the most competitive
areas in Europe, and has experienced extended and dynamic
entrepreneurship growth. The Lombardy healthcare system
comprises approximately 200 hospitals generating 2 million discharges annually; 16 billion Euros are devoted to
healthcare expenditures (73 % of the regional budget) every
year. A regional reform in 1997 radically transformed the
healthcare system in Lombardy into a quasi-open-market
healthcare system in which citizens can freely choose the
provider, regardless of the ownership (private for profit, private not for profit, or public). In contrast to the rest of
the Italian regions, in which each Local Health Authority
(LHA) is financed by its region under a global budget with
a weighted capitation system and in which the DRG-based
hospital-financing system is applied only to teaching hospitals, the healthcare system in Lombardy is entirely built
on a prospective payment system based on DRGs, and the
reimbursement is for all the providers within the regional
accreditation system. Following the 1997 reform, the Lombardy region administration adopted the set of standards
defined by the Joint Commission International to evaluate the performance of healthcare organizations in terms
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of processes and results. This reform also established that
the Lombardy administration is responsible for monitoring
the effectiveness of the care provided by health providers
belonging to the regional accreditation system. As a consequence, the Lombardy Regional Healthcare Directorate, in
collaboration with the Interuniversity Research Centre on
Public Services (CRISP), developed starting in 2002 a set
of performance measures to use alongside the JCAHO criteria to systematically evaluate the performance of healthcare
providers in terms of the quality of care provided. This set
of measures, which are in line with international evidence
on the relative effectiveness of hospitals [5], comprises
the following seven outcome measures: (1) intra-hospital
mortality, (2) mortality within 30 days after discharge, (3)
overall mortality (intra-hospital plus within-30-day mortality), (4) voluntary hospital discharges, (5) readmission to an
operating room, (6) inter-hospital transfer of patients, and
(7) readmission for the same Major Diagnostic Categories
(MDC).

4 Method and data
Since 2002, in Lombardy region, multilevel models applied
to regional administrative data have been used by regional
healthcare administrators to compare regional hospitals in
terms of selected outcomes under the hypothesis that benchmarking analysis contributes to quality improvement and
helps overcoming self-referral patterns. Moreover, starting
in 2008, regional managers decided to monitor outcomes
not only at the hospital level but also for the different DRGs
related to each clinical discipline identified through the discharging ward. More exactly, multilevel logistic regression
models were conducted separately for each of the most relevant clinical disciplines using overall mortality as outcome
variable and taking into account the mix of the hospitals’ production (the different DRGs) while also adjusting
for both patient and hospital characteristics. These models therefore had three levels: patients discharged in 2009
from any hospital in Lombardy were considered as nested
in the hospital, while the DRG variability was controlled by
considering the DRG as a pseudo-level [62, 63]. More in
detail, to better identify critical areas of the entire ranges
of the clinical activities, two random-intercept multilevel
models were estimated for each of the selected clinical
disciplines: in Model 1, the intercept was considered as
being random at both the DRG and hospital levels, while
in Model 2 the intercept was considered as being random
at the DRG level but fixed at the hospital level. In Model
1, we controlled for overall hospital and DRG effects, and
the estimates of these effects indicated where the hospital performance was better or worse than average after
adjusting for the relative regional rates for the different
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DRGs. Model 2 allowed for the ranking of the hospitalDRG combination with respect to the hospital average
mortality. In terms of mathematical formulas, considering
a level-1 outcome yij k taking on a value of 1 with conditional probability pij k , the two models can be written as
follows:
Model 1:

ln

pij k
1 − pij k


= α000 + g βg Xgij k + m λm Zm00k
+γj DRGj + v0j k + u00k + εij k

(2)

where:
–
–
–
–
–

i = 1 . . . I Patients, j = 1 . . . J DRGs and k = 1 . . . K
Hospitals
g = 1 . . . G Patients Level Covariaters, m = 1 . . . M
Hospitals Level Covariaters
γj is a fixed coefficient associated with a DRG-specific
dummy variable
v0j k is a random residual associated with the j-th DRG
within k-th hospital
u00k is a random residual associated with the k-th
hospital
Model 2:


ln

pij k
1 − pij k


= α0j 0 + g βg Xgij k + m λm Zm00k
+γj DRGj k + v0j k + εij k

(3)

where:
–
–
–
–
–

i = 1 . . . I Patients, j = 1 . . . J DRGs and k = 1 . . . K
Hospitals
g = 1 . . . G Patients Level Covariaters, m = 1 . . . M
Hospitals Level Covariaters
α0j 0 is a random intercept associated with the j-th DRG
γj is a fixed coefficient associated with a DRG-specific
dummy variable
v0j k is a random residual associated with the j-th DRG
and the k-th hospital within DRG

These two analyses also allowed two types of hospital
profiling–a “regional profiling” and a “within-hospital profiling” –on the basis of the estimated DRG odds ratio and
the associated interval confidence. That is, for each clinical
discipline separately:
–

–

Model 1: the evaluation of a single hospital effectiveness among different DRGs highlights potential areas
of improvement (in this case, the reference is the average risk for the given hospital). This is what we call
“within-hospital profiling”.
Model 2: it shows the best and worst practice areas in
the set of hospitals with reference to the average risk for

the given DRG (the regional average mortality for that
same DRG). This is what we call “regional profiling”.
The database was abstracted from the administrative
regional healthcare information system, and collected information on patients admitted to 150 hospitals (those hospitals
which are accredited with the regional healthcare system
and also provide acute care) in the Lombardy region in the
year 2009. In 2009, the discharges were 1.900.000, of which
77 % were ordinary and 23 % were in day hospital or day
surgery. Moreover, hospitalizations of residents outside the
Lombardy region accounted for 10 % of all admissions.
The hospital discharge data contains basic demographic
information (age, gender), information on hospitalization
(length of stay, special-care unit use, transfers within the
same hospital or through other facilities, and within-hospital
mortality), and a total of 6 diagnosis codes and procedures defined according to the International Classification
of Diseases, Ninth Revision, Clinical Modification (ICD-9CM). In addition, the linkage of hospitalization data with
the patients’ administrative health registry enables reporting
of mortality within longer timeframes (30 days). Linkage
with other regional databases allows for collecting information on hospital structural characteristics (number of beds,
number of operating rooms, etc.). Only ordinary hospitalizations for patients aged more than 2 years were retained
in the sample. The analysis was limited to the following
clinical disciplines that covered a total of 62 % of the hospital activity: surgery, cardiology, cardio-surgery, medicine,
neurology, neurosurgery, oncology, orthopedics, and urology. Selection criteria related to DRGs were discussed
with healthcare professionals for each discipline; DRGs
that occurred less than 30 times and that were provided
from less than three hospitals were excluded. In addition,
high-risk (more than 50 % deaths) and low-risk (less than
1 % deaths) DRGs were excluded. The response variable
was 30-day mortality, indicating whether or not the patient
died within 30 days of hospital discharge. This outcome
is obtained by matching two different administrative data
sources: the hospitalization data for intra hospital mortality and the healthcare register of all residents in Lombardy
for mortality after discharge. Selected variables at both the
patient and hospital levels were chosen as major determinants of patient mortality during iterative discussions with
regional representatives and physicians. In particular, at
the patient level we controlled for the patient’s age (AGE,
expressed in years); gender (SEX, a dummy variable equal
to 1 if the patient is male); coexisting conditions expressed
by the Elixhauser index (COMORB; [64]); the presence
of selected comorbidities at admissions such as cardiovascular diseases (CARDIO, expressed as a dummy variable) and cancer (ONCO, expressed as a dummy variable),
which were identified by ICD-9-CM diagnosis codes in the
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Table 1 Patient’s characteristics

Table 2 Results for medicine ward

Variable

Min

Mean

SD

Max

Effect

Estimate

StdErr

Probt

Age
Gender (Male = 1)
Cancer disease
Comorbidity index
Admission in emergency
Length of stay
Cardiovascular disease

2
−
0.00
0.00
0
0.00
0.00

71.76
0.50
0.10
0.55
0.15
9.72
0.36

14.49
−
0.30
0.82
0.36
8.15
0.48

108
−
1.00
5.00
1.00
307
1.00

Regional profiling
Intercept
Gender(M vs F)
Age
EMERG
CARDIO
COMORB
MEAN CARDIO
TEACH VS NOTEACH
DRG 015
DRG 416
DRG 395
DRG 321
DRG 320
DRG 316
DRG 294
DRG 297
DRG 208
DRG 207
DRG 203
DRG 183
DRG 141
DRG 142
...
...
...
DRG 423

−5.7171
−0.2386
0.0472
0.404
−2.8806
−0.1458
0.4841
−0.0952
1.2335
1.3432
−0.4353
−1.3402
−0.4433
0.3664
−1.2054
−0.7331
−1.9963
−0.8466
1.4753
−1.8577
−1.3351
−2.3337
...
...
...
0

0.297
0.0214
0.0011
0.0542
0.1321
0.0121
0.1438
D 0.0497
0.3451
0.2863
0.2879
0.4466
0.3542
0.2932
0.3172
0.4471
0.5566
0.4933
0.2901
0.3272
0.4312
0.451
...
...
...

<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
0.0008
0.0561
0.0004
<.0001
0.1308
0.0028
0.2110
0.2117
0.0002
0.1013
0.0003
0.0864
<.0001
<.0001
0.002
<.0001
...
...
...

principal diagnosis; and the admission trough the emergency department (EMERG, expressed as a dummy variable). Moreover, the following variables were introduced to
control for hospital characteristics: a dummy variable indicating the ownership of hospital (public, private for-profit,
or private not-for-profit), a dummy variable indicating if the
hospital is a teaching or not-teaching hospital, the number
of beds and the bed-load factor (expressed as the ratio of
total patients to available beds), the number of operating
rooms (N OR), and the hospital mean of the patient-level
variables. Table 1 reports the principal patients’ characteristics: the mean age of the patients is 72 years and 50.4 %
are males. 10 % of them are hospitalized with a principal
diagnosis of cancer and 36 % of a cardiovascular disease.
15 % of the patients were hospitalized through the emergency department and the Elixahuser index indicates a mean
of 0.52 comorbidity with a maximum of 5.00 and a standard
deviation of 0.82. All of the analysis in this article was done
using SAS software version 9.2 (SAS Institute, Cary, NC,
USA).

Within-hospital profiling

5 Principal results
In this section, results for the two principal clinical disciplines, medicine and surgery,3 are presented. The crude
in-hospital death rate for medical and surgical discharges
was 16.63 and 4.46 per 100 discharges, respectively. The
mean number of discharges per hospital was 660 (range:
554–767) for medical wards and 224 (range: 168–280) for
surgical wards. With regard to medical discharges, results
of both Models 1 and 2 show that mortality was significantly affected by the patients’ age, gender and emergency
admission (Table 2).4 This indicates that older patients and
those patients with emergency admission had higher risk of
dying within 30 days. For medical disciplines, patients with
3 Results

regarding the other disciplines are available upon request
from the authors.
4 Due to space limitation only statistically significant patient and hospital covariates and a selected number of the estimates at DRG level
are displayed in Table 2.

Intercept
Gender(M vs F)
Age
EMERG
CARDIO
COMORB
MEAN CARDIO
PUBLIC
PRIVATE
NOTFORPROFIT
DRG 015
DRG 416
DRG 395
DRG 321
DRG 320
DRG 316
DRG 294
DRG 297
DRG 208

−7.2811
−0.2389
0.0471
0.3998
−2.8734
−0.1488
0.0225
0.2594
0.1519
0
1.0806
1.2218
−0.5710
−1.5062
−0.5633
0.2576
−1.3320
−0.8087
−2.0764

0.7711
0.02146
0.0011
0.0541
0.1323
0.0123
0.0097
0.1064
0.1241

<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
0.0228
0.0164
0.2233

0.3329
0.2724
0.2744
0.4327
0.3394
0.2790
0.3044
0.4350
0.5466

0.0012
<.0001
0.0377
0.0005
0.0973
0.3561
<.0001
0.0633
0.0002
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(continued)

Effect
DRG
DRG
DRG
DRG
...
...
...
DRG
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207
203
183
141

423

Table 3 Results for surgery ward
Estimate

StdErr

Probt

Effect

Estimate

StdErr

Probt

−0.9930
1.3926
−1.9587
−1.4617
...
...
...
0

0.4785
0.2757
0.3148
0.4182
...
...
...

0.0382
<.0001
<.0001
0.0005
...
...
...

Regional profiling
Intercept
Age
EMERG
CARDIO
ONCO
COMORB
MEAN EMERG
N OR
TEACH VS NOTEACH
DRG 149
DRG 148
DRG 181
DRG 154
DRG 075
DRG 208
DRG 493
DRG 189
DRG 120
DRG 174
...
...
...
DRG 172

−6.0295
0.0641
0.5271
1.2407
−0.4048
0.276
2.5213
−0.0221
0.1359
−3.4406
−1.7035
−2.7768
−1.818
−3.1914
−3.8867
−3.4111
−3.702
−4.5912
−2.353
...
...
...
0

0.5338
0.003243
0.1202
0.3565
0.09408
0.04542
1.0447
0.007395
1.82
0.4157
0.397
0.4203
0.4313
0.5113
0.4693
0.705
0.4835
0.732
0.4485
...
...
...

<.0001
<.0001
<.0001
0.0005
<.0001
<.0001
0.0164
0.0029
0.0698
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
...
...
...

Within-hospital profiling
Intercept
Age
EMERG
CARDIO
ONCO
COMORB
MEAN EMERG
N OR
DRG 149
DRG 148
DRG 181
DRG 154
DRG 075
DRG 208
DRG 493
DRG 189
DRG 120
DRG 174
...
...
...
DRG 172

−5.8475
0.0637
0.5344
1.2156
−0.4009
0.273
2.4312
−0.0109
−3.3147
−1.5818
−2.6753
−1.6767
−3.0817
−3.8031
−3.3038
−3.5674
−4.4247
−2.3065
...
...
...
0

0.5324
0.003267
0.1211
0.3571
0.09486
0.04586
1.2313
0.006397
0.3891
0.3683
0.3922
0.402
0.4928
0.4432
0.6933
0.4552
0.7218
0.417
...
...
...

<.0001
<.0001
<.0001
0.0007
<.0001
<.0001
0.0517
0.0924
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
...
...
...

multiple comorbidities have a lower risk of dying within
30 days than patients with fewer reported comorbidities.
This finding is in contrast with the results in the surgical disciplines. The contrasting results might have resulted
from patients with a surgical diagnosis being more critically injured and at greater risk of dying given the same
comorbidities than patients diagnosed with a medical condition. Also, medical departments, as opposed to the surgical
departments, might reserve more attention and sensibility
to the care of comorbidities like hepatic or renal failure,
or cardiovascular complications which are typical in internal medicine. Males with respect to females and patients
with a cardiovascular diagnosis have a lower probability of
dying. By considering the hospital characteristics in medical wards, we obtain two different results with respect to the
regional and within-hospital profiling. In the regional profiling, ownership did not significantly affect the risk of dying,
while teaching hospitals were significantly associated with
a lower risk of dying than non-teaching hospitals. In the
within-hospital profiling, public hospitals had a higher risk
of mortality compared to the not for profit. Teaching hospital status was not significantly related to overall mortality.
For surgery wards (Table 3), elderly patients with multiple illnesses (Comorbidity Index) and patients admitted
through an emergency department had a high likelihood of
dying. Also, in contrast to the results for the medical wards,
a cardiovascular diagnosis was associated with higher risk
of mortality compared to an oncological diagnosis. This is,
however, not surprising when considering that oncological
patients are usually hospitalized in surgical wards as a first
step in their care path, but then are immediately transferred
to medical or oncological facilities. Furthermore, being hospitalized in hospitals with a high number of surgical theaters
reduces the probability of dying. For all the models the
area under the ROC curve was used to assess the discriminative ability of each model in predicting mortality. This
area (alternatively named c-index) varies from 0.5 to 1, with
larger values denoting better model performance. The cindex ranged between 0.78 and 0.83 across medicine and
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surgical models denoting a good performance in predicting
the outcome. In Table 4 the Intraclass Correlation Coefficient (ICC), defined as the proportion of variance that is
accounted for by the group level [65], is reported. For both
medicine and surgery wards the ICC of the empty (with
only random intecept effects) and complete models (with
also hospital and patient characteristics) are statistically significant, denoting the validity of the multilevel approach.
Moreover when patient and hospital characteristics were
added to the model (complete model), the ICC significantly
decreased.
Results on “regional profiling” and “within-hospital profiling”, obtained by the estimated DRG odds-ratio and
the associated interval confidences, were translated into
a reporting tool that indicated to healthcare managers, at
a glance, underachieving and over-performing hospitals
in terms of 30-day mortality. Table 4 reports, for example, DRG results for the discipline X of hospital Y. For
each DRG (table rows), two kinds of information, one for
the internal and one for the regional benchmarking, are
reported. With regard to the regional benchmarking (first
column), a green traffic light indicates that mortality for
that DRG is significantly lower than the regional average
for the same DRG; in contrast, a red traffic light indicates
that mortality is significantly higher, while a yellow traffic
light stands for mortality non-significantly different from
the regional average. With regard to the within-hospital
benchmarking (second column), a green traffic light indicates that mortality for that DRG is significantly lower than
the overall hospital mortality, a red traffic light indicates that
mortality is significantly higher, while a yellow traffic light
stands for mortality non-significantly different from that of
the overall hospital. This performance table was specifically designed to provide a visual and easy-to-read layout
of performance results across all the estimated DRGs for

principal clinical disciplines of all hospitals in Lombardy,
thus enabling managers to quickly ascertain whether or not
the discipline is performing up to both regional and hospital
standards. Table 5 presents an output to be used by the managers as a diagnostic tool: both traffic lights of one DRG
in the same colour indicate a best practice (green light) or
a critical performance (red light). A red traffic light in the
“regional profiling” and a yellow traffic light in “withinhospital profiling” stands for a critical performance. In this
case, the performance for that DRG is not significantly different in the “within-hospital profiling”, but mortality in the
“regional profiling” for that DRG and hospital is significantly higher than mortality for the same DRG delivered by
the other hospitals.
This hospital outcome profiling for both surgery and
medical disciplines confirmed, at a glance, an overall good

Table 5 Information on risk-adjusted 30-day mortality by DRG:
discipline X, hospital Y
DRG
DRG 148
DRG 154
DRG 181
DRG 149
DRG 075
DRG 208
DRG 189
DRG 493

Table 4 Intraclass correlation coefficient
Model

DRG 120

ICC

Pr >Z
DRG 207

Medicine: Regional profiling
Empty
Complete
Medicine: Within hospital
Empty
Complete
Surgery: Regional profiling
Empty
Complete
Medicine: Within hospital
Empty
Complete

0.26915
0.05752

<.0001
<.0001

0.26913
0.05500

<.0001
<.0001

0.28696
0.08290

<.0001
<.0001

0.28704
0.08575

<.0001
<.0001

DRG 174
DRG 478
DRG 479
DRG 191
DRG 204
DRG 131
DRG 203

Regional profiling

Within-hospital profiling
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Table 6 Results for surgery ward
Effect

Estimate

StdErr

Probt

Regional profiling
Readmission
Mortality
DRG Age
Mean Emerg
Mean Onco
DRG 148
DRG 149
DRG 154
DRG 181
DRG 075
DRG 208
DRG 189
DRG 493
DRG 120
DRG 174
DRG 207
DRG 478
DRG 479
DRG 191
DRG 131
DRG 204
DRG 203
DRG 155
DRG 172

0.1722
0.0333
0.0028
0.0908
−0.0289
−0.1358
−0.2073
−0.1575
−0.1875
−0.1855
−0.1824
−0.1883
−0.2048
−0.2079
−0.1740
−0.1566
−0.1759
−0.2147
−0.1614
−0.2006
−0.1782
−0.1080
−0.1985
0

0.0501
0.0497
0.0060
0.0459
0.0154
0.0231
0.0233
0.0250
0.0235
0.0259
0.0242
0.0248
0.0290
0.0305
0.0253
0.0271
0.0288
0.0253
0.0262
0.0301
0.0260
0.0253
0.0266

0.0007
0.5024
<.0001
0.0491
0.0616
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001

0.1960
0.0579
0.0025
0.0749
−0.0329
−0.1424
−0.2111
−0.1597
−0.1867
−0.1894
−0.1829
−0.1918
−0.2130
−0.2098
−0.1803
−0.1574
−0.1766
−0.2150
−0.1652
−0.1980
−0.2386

0.0502
0.0497
0.0006
0.0418
0.0159
0.0233
0.0231
0.0247
0.0233
0.0257
0.0239
0.0245
0.0291
0.0300
0.0254
0.0266
0.0285
0.0250
0.0258
0.0297
0.0433

0.0002
0.2474
<.0001
0.0737
0.0414
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001
<.0001

Within-hospital profiling
Readmission
Mortality
DRG Age
DRG Emerg
Mean Onco
DRG 148
DRG 149
DRG 154
DRG 181
DRG 075
DRG 208
DRG 189
DRG 493
DRG 120
DRG 174
DRG 207
DRG 478
DRG 479
DRG 191
DRG 131
DRG 204

(continued)

Effect
DRG 203
DRG 155
DRG 172

Estimate

StdErr

Probt

−0.1070
−0.1983
0

0.0249
0.0262

<.0001
<.0001

global performance, in line with other performance measures of care [66], thus suggesting that Lombardy region
healthcare system is one of best-performing in Italy. However, the findings also revealed the need to improve patient
outcomes at some hospitals or in given areas of care. These
analyses were performed yearly by CRISP researchers
and then presented to hospital managers in meetings with
regional managers. Once hospital CEOs received these
analyses, the hospitals, together with physician partners
and with leadership and support from the regional managers, were asked to collaborate with physicians and other
clinicians of their organizations to better address the causes
of the adverse outcomes. This method has also been shared
and tested through a collaboration with the Tuscany region
healthcare administration and the National Agency for
Regional Healthcare Services (AGENAS). With regard to
Tuscany region, a multi-dimensional Performance Evaluation System (PES) was first implemented in 2005 to
measure the quality of services provided by the Tuscan
healthcare system. The Tuscan PES has evolved over years
and now consists of 50 performance composites and more
than 130 simple indicators [30]. In 2010, the Tuscany
Region decided to also include measures of outcomes i.e.,
risk-adjusted mortality at the hospital level - in the PES.
Thanks to collaborations with the Lombardy administration,
multilevel methods were applied to Tuscan administrative data and both methodology and results were shared
in meetings with regional administrators and CEOs of
health authorities in order to initiate information sharing
with all healthcare stakeholder before including these new
indicators in the Tuscan PES. At the same time, the
method was tested on the national administrative data
provided by AGENEAS. The study analyzed the performance for 9 regions and more than 3.800.000 HDCs for 568
hospitals.

6 The bivariate multilevel model
As already mentioned, Lombardy Region reports annual
data on the quality of care provided by hospitals as measured by a set of quality indicators. All the measures have
been endorsed by and shared with healthcare professionals. Among these, both mortality and readmissions within
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Table 7 Covariance parameter estimates
Subject
Regional benchmark
–
Residual
Residual
Within hospital
–
–
Residual
Residual

Group

Estimate

Pr >Z

HOSP(DRG)
Readmission
Mortality

0.0016
0.0159
0.0002

0.5000
0.4996
0.5000

HOSP
DRG(HOSP)
Readmission
Mortality

0.0009
0.0015
0.0159
0.0001

0.1153
0.4998
0.4983
0.5000

30 days are widely used in the literature as quality-of-care
indicators. Within this context, a possible development of the hospital benchmarking analysis is to show
how performance varies simultaneously across the two
quality indicators, mortality and readmissions, by fitting
a bivariate multilevel model to Lombardy hospitalization
data [67]. The multivariate model is an extension of a univariate model where the two outcomes are simultaneously
modeled and regressed on covariates and the correlation
between outcomes at all levels are estimated [65]. One
equation per outcome is considered and the responses are
treated as defining the lowest level of the hierarchy, being
nested, in this case, within patients [68, 69]. In the present
analysis, this means fitting a four level multivariate model
(outcomes,patients, DRGs, hospitals) which, in turn, makes
the estimation procedures in SAS computationally complex.
As a consequence, patient data were aggregated at the DRG
level to handle this complex data and three level (outcomesDRGs-hospitals) bivariate models were estimated separately for the major clinical disciplines. This new approach,
although causing a loss of information at the patient level,
allows for modeling, all at the same time, the two outcome
measures and it provides healthcare managers with additional information about the possible correlations between
these measures. For instance, results from surgical wards
data are shown in Tables 6 and 7. In particular, Table 7
shows that, differently from the univariate models, variation at both DRG and hospital level are estimated to be no
significant. This result suggests that the univariate model
might be preferable to the bivariate model since it allows to
disantangle differences in the outcome among different
DRGs within the same hospital and among hospital for the
same DRG.

7 Conclusion
The results addressed the fundamental objectives of the
project: to provide hospitals with periodic feedback reports

on their performance, at the clinical discipline level, with
respect to adjusted mortality rates. Although studies on this
topic tend to elicit diverging opinions regarding quality-ofcare indicators and performance on risk-adjusted outcomes
(particularly mortality rates), the choice of hospital benchmarking on the basis of adjusted outcomes in Lombardy
region, offered in a user-friendly and non-threatening
format, presents a promising alternative for helping stakeholders and health structures to detect trends and outliers.
The principal objective behind the constant use of these
outcome measures was to create a “culture of evaluation” as
part of a general program of continuous improvement and
organizational learning, rather than creating instruments to
publicly penalize or reward hospitals [18, 19]. A major success has been the attention this initiative has received at all
levels of healthcare organizations. Because it used regional
administrative data, healthcare employees were more likely
to accept the results rather than thinking they had been
“manufactured” to make a point. At the same time, hospitals
became more aware of how the organization was performing
compared with its peers. Then, they were asked to identify
and debate the structural, institutional, and human factors
that could explain good or poor outcomes, and they were
requested to come up with suggestions for improvement.
By focusing on DRGs, areas that needed improvement were
prioritized, and there was the possibility of sharing best
practices among benchmarking partners. Over the years,
repeated outcome measurements and the development
and dissemination of organizational best practices have
promoted acceptance of the outcome measures within the
performance-evaluation system of Lombardy throughout
healthcare organizations and have stimulated the interest
and involvement of professionals. Nevertheless, the analysis
of each DRG separately (ex-ante stratification) (1) helped to
keep the risk of comparing non-comparable structures to a
minimum since it works as a powerful standardizing or riskadjustment mechanism that allows the evaluation of quality
outcomes across different hospitals [70], and (2) helped
healthcare managers to develop meaningful comparisons of
relative effectiveness. To date, only a few studies to the best
of our knowledge have examined whether hospital DRG
case-mix risk can be used in a multilevel analysis to reveal
the performance of health providers across the entire spectrum of hospital conditions as an alternative to mortality
results for selected conditions such as heart attack, stroke,
and pneumonia [71]. Therefore, this type of performance
results should be interpreted with caution. The principal
objective of the DRG classification system is in fact to
provide a means for relating the type of patients a hospital
treats with the costs incurred by the hospital by defining
homogeneous groups of patients such as those requiring
similar facilities, similar levels of organization, and similar diagnostic procedures. Although DRGs are primarily
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employed for prospective payment to hospitals, in recent
years they have also been used by governments and healthcare providers for other purposes, including adjusting
comparisons of quality measures between hospitals with no
financial purpose [72, 73]. Moreover, the DRG determination depends on ICD–9–CM coding process reliability, the
sequence of codes, whether complications and/or comorbidities exist, and other factors [43]. For these reasons,
some researchers questioned the use of DRGs to reflect
clinical attribute and then adjust for severity. However in
the last years coding guidelines and regulations for controlling the quality of coding, has contributed to significantly
improve the quality of medical data available in administrative information systems [74]. In Lombardy region several
studies have been conducted regarding reliability of administrative data for provider benchmarking [75] and attempts
have been made by Lombardy administrators to legislate
fraudulent practices like upcoding (a practice which consists in classifying a patient in a DRG that produces a
higher reimbursement). With regard to upcoding, for the
most complex DRGs, Lombardy region set a minimum
length of stay beyond which the DRG is considered as
high resource intensive and it is assigned to a higher tariff
than it would have been if the LOS would be lower than
this minimum. Outcomes reports should present the information clearly, and all possible biases should be reported
and well explained so that even non-experts may be able
to understand and compare their quality. The issue of public disclosure of outcomes has been extensively debated
in the past few years, with some supporting its efficacy
in driving improvements in quality and others believing
that it promotes risk-averse behavior by providers by discouraging physicians from accepting high-risk patients
[76–78]. The Lombardy regional administration, as a first
step, decided to make the results available to healthcare
providers to internally stimulate their accountability. Future
steps include public release of the results to guide patients
choices, pending the understanding from physicians of the
value to benchmarking analysis as a tool for improving
their performances. Further research is, however, needed
to better refine factors at both the individual and aggregate levels that might affect mortality and could be easily
measured and introduced into the risk-adjustment model.
In this sense, a managerial effort is needed to promote
policies regarding the improvement of available administrative resources. Despite the high quality of the data
system in Lombardy, hospital discharge data do not allow
us to distinguish whether complications arising during
hospitalization are imputable to the treatment/medical
procedures or depend on conditions present at admission
[43]. Furthermore, these data do not collect information
on the gravity of illness at admission, and electronic procedures to infer comorbidities or to aggregate DRGs in
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groups homogeneous by gravity have not been implemented in regional information systems. In summary, the
present paper showed that the appropriate use of data–
presented in a direct and easy-to-read layout without
ranking purposes–and constant discussion of the results
with all of the stakeholders helped to improve outcomes, to
make providers’ practices more efficient, and at the same
time to encourage researchers and healthcare managers to
design improvements in administrative databases.
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