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GENERAL INTRODUCTION

CHAPTER 1
General introduction

Hospital mortality is considered one of the key measures to assess and compare quality of care of hospitals.1, 2 It is however difficult to interpret mortality
figures as they are influenced by numerous factors, which are inseparable and
often unrelated to delivered quality of hospital care. In this, one of the key
issues is the fact that patient populations differ between hospitals, so called
casemix differences. The hospital standardised mortality ratio (HSMR), developed by Jarman et al., aims to adjust for those casemix differences between
hospitals in an attempt to benchmark and judge in-hospital mortality numbers.3 The HSMR compares the number of in-hospital deaths of a hospital
with an expected number of deaths for that hospital as computed with a
casemix correction model. As a consequence, a commonly made assumption
is that greater than expected mortality reflects ‘avoidable’ deaths and thus
indicates lesser quality of care.1
In numerous countries, including The Netherlands, HSMRs are made public with the aim of transparency and ‘learning from benchmarking’. However,
since its introduction several concerns have been raised regarding the calculation of the HSMR and its ability to reflect quality of hospital care.4-9 Van
Gestel et al. described and summarised the most important shortcomings and
grouped them into ‘disease severity’, ‘referral bias’, ‘place of death and endof-life care’ and ‘casemix and coding’ issues.10 Making invalid measures public
can have devastating consequences for reputations of hospitals, relationships
between health care providers, and hospitals’ financial status, especially if
sanctions or rewards are linked to these measures. Various authors claim
that the shortcomings of HSMR calculation are such that the use of HSMR
as a tool to assess quality of care is incorrect and should not be published.4, 7, 10
As hospital mortality statistics are considered important, attractive and
relatively inexpensive to measure, public and policy makers will not easily
accept ignoring HSMRs. Because HSMR as a performance indicator for quality of care in hospitals is likely here to stay, it is of utmost importance to gain a
clear understanding of both its strengths and shortcomings, and to formulate
adjustments to improve the validity of HSMRs.
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Objectives of this thesis
This thesis has the following objectives:
- To study the effects of ‘referral bias’ and ‘casemix and coding issues’
on the current Dutch HSMR calculation.
- To identify potential adjustments in the estimation of the HSMR to
improve its validity as a performance indicator.

database. Also influences of the two models on eventual SMRs are
compared.
Finally, in chapter 7, the results and implications of this thesis are
summarised and discussed together with insights and recommendations
to improve the validity and utility of HSMRs.
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Outline of this thesis
1

The thesis starts with investigating the theoretical method underlying the
calculation of the HSMR, the so-called indirect standardisation method. In
chapter 2, the indirect standardisation method is compared with the direct
standardisation method. Also, pitfalls of HSMR resulting from the indirect
standardisation method are discussed, and recommendations are given to
reduce the shortcomings of this method.
Subsequently, the thesis investigates potential modifications of the currently used model for HSMR calculation. To adjust for casemix differences
between hospitals, parameters of comorbidities are included in the model
underlying the HSMR calculation. In chapter 3, the commonly used Charlson
comorbidity measure is compared with the Elixhauser comorbidity measure.
Discriminative performance of the casemix correction models based on these
two comorbidity measures is compared and their effects on the HSMRs of
individual hospitals are explored.
The Dutch HSMR is currently based on in-hospital mortality. However,
discharge patterns, average length of hospital stay, and transfers all affect inhospital mortality. In chapter 4, effects of the inclusion of post-discharge
mortality on HSMRs are compared with those of in-hospital mortality.
In the final part of the thesis we zoom in onto the mortality ratios of specific patient populations, rather than that of an entire hospital population. In
chapter 5, the focus is on SMRs of specific diagnosis groups requiring specialised care offered by specialised hospitals. The SMRs of specialised and nonspecialised hospitals are compared and the influence of referral patterns on
SMRs is investigated.
Current HSMR calculation is based on administrative databases and said to
lack important clinical predictors. In chapter 6, the casemix adjustment model
for cardiac surgery patients, based on an administrative database, is compared
with the validated clinical EuroSCORE prediction model, based on a clinical
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ABSTRACT

CHAPTER 2
Hospital standardised
mortality ratio:
consequences of
adjusting hospital
mortality with indirect
standardisation
Pouw ME, Peelen LM, Lingsma HF, Pieter D,
Steyerberg E, Kalkman CJ, Moons KGM
PLoS One 2013; 8(4): e59160

Background
The hospital standardised mortality ratio (HSMR) is
developed to evaluate and improve hospital quality.
Different methods can be used to standardise the
hospital mortality ratio. Our aim was to assess the
validity and applicability of directly and indirectly
standardised hospital mortality ratios.
Methods
Retrospective scenario analysis using routinely
collected hospital data to compare deaths predicted
by the indirectly standardised casemix adjustment
method with observed deaths. Discharges from
Dutch hospitals in the period 2003-2009 were
used to estimate the underlying prediction models.
We analysed variation in indirectly standardised
hospital mortality ratios (HSMRs) when changing
the casemix distributions using different scenarios.
Sixty-one Dutch hospitals were included in our
scenario analysis.
Results
A numerical example showed that when interaction
between hospital and casemix is present and
casemix differs between hospitals, indirectly
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INTRODUCTION

14

standardised HSMRs vary between hospitals
providing the same quality of care. In empirical
data analysis, the differences between directly
and indirectly standardised HSMRs for individual
hospitals were limited.
Conclusion
Direct standardisation is not affected by the
presence of interaction between hospital and
casemix and is therefore theoretically preferable
over indirect standardisation. Since direct
standardisation is practically impossible when
multiple predictors are included in the casemix
adjustment model, indirect standardisation is
the only available method to compute the HSMR.
Before interpreting such indirectly standardised
HSMRs the casemix distributions of individual
hospitals and the presence of interactions between
hospital and casemix should be assessed.

Measuring standardised mortality ratios of hospitals

In the last decades increasing attention is directed towards the quality of
care of hospitals. Various performance indicators have been developed to
express quality of care, among which the hospital standardised mortality
ratio (HSMR). The HSMR is a risk adjusted hospital mortality rate that
corrects crude hospital mortality rates by taking into account the casemix
of the hospital.1 Developed and implemented in 1999, the HSMR is now
used as a key hospital quality indicator in various countries including the
United Kingdom, the United States, Canada, and the Netherlands.2-7
The HSMR is used by hospitals, health authorities, and media as a tool to
assess the delivered quality of care, to analyse the trend of the quality of care
of a hospital over time, and to compare and rank hospitals. Since its introduction, the HSMR has been debated for various reasons: the credibility of the
link between quality of care and risk adjusted mortality,8-10 the variables
that are used for casemix adjustment,11 and issues regarding coding of these
variables.12
Another important, but often neglected issue, is the fact that the HSMR is
computed via the so-called indirect standardisation method. It has been long
known that if mortality rates are adjusted via the indirect standardisation
method, these rates cannot always be compared.13-16 However, it seems almost
inevitable that HSMRs of hospitals will be compared and ‘quality performance
league tables’ will be constructed.
The present paper illustrates the potential pitfalls of HSMR when used
to compare hospitals. We will first provide a description of the indirect and
direct standardisation method to demonstrate why caution must be taken
when hospitals are compared and ranked based on indirectly standardised
figures like the HSMR. Subsequently, we illustrate the consequences of indirect standardisation in practice using HSMR figures from the Netherlands.
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To study the impact of this phenomenon caused by indirect standardisation
on real clinical data, we have conducted a series of analyses on the Dutch
HSMR figures, permitted by the Dutch Hospitals Association and the Dutch
University Medical Centers Association. The data were obtained from the
Dutch National Medical Registration database, which contains routinely
collected hospital episode statistics of Dutch patients and is held by Dutch
Hospital Data. All data were analyzed anonymously (http://www.dutch
hospitaldata.nl/Bestanden/Documenten/Protocol_gegevensgebruik_DHD_
databanken.pdf).

Standardisation methods
Differences in crude mortality rates between hospitals are not only caused
by differences in hospital performance but also by differences in the casemix
of patients that are admitted. A hospital that admits on average older patients
and performs a larger proportion of ‘high risk’ procedures is likely to have
a higher in-hospital mortality rate than a hospital with on average younger
patients and a smaller proportion of ‘high risk’ procedures. Standardisation
methods use information at patient level such as reason of admission, age,
sex, deprivation category and comorbidity to adjust for these differences in
casemix.
A standardised mortality ratio is calculated as the observed number of
deaths divided by the expected number of deaths. For the HSMR, this is the
observed and expected mortality for a given hospital in a given year, expressed
as a percentage. If the observed number of deaths is 120 and the expected
number of deaths is 100, the HSMR for that hospital would be 120. A HSMR
greater than 100 reflects more deaths than expected and a HSMR less than
100 reflects fewer deaths than expected.
There are two main methods of standardisation: direct and indirect. The
main difference between these two methods is what is being standardised,
whether it being the casemix (direct standardisation) or the mortality rate
(indirect standardisation).

Measuring standardised mortality ratios of hospitals

Direct standardisation The direct standardisation method standardises
the casemix of patients admitted in a hospital to a reference casemix. A directly
standardised mortality rate of a hospital is therefore based on the same casemix as the directly standardised mortality rates of other hospitals, i.e. on the
reference population (reference casemix). In this way the effect of differences
in casemix populations between hospitals is eliminated.
Directly standardised mortality rates are computed as follows. First, the
probability of in hospital death is calculated for each subcategory of patients
as number of deaths divided by the number of admissions in that subcategory.
Thus for example the probability of in hospital death for men, treated for the
diagnosis of pneumonia, in the age category 60-64 year, may be 2% in one
hospital, whereas patients with the same combination of predictors may
have a mortality probability of 3% in another hospital.
Secondly, the mortality probabilities of each hospital are applied to the
same reference hospital population to obtain the expected number of deaths
in the reference hospital population. If the reference hospital population has
100 patients in the subcategory of our example, the expected number of
deaths according to the mortality rates of our example hospital would be
2 (100 x 2%). Summation of the expected number of in-hospital deaths of
all subcategories gives the total expected number of in-hospital deaths in the
reference hospital population. The ratio between the expected number of inhospital deaths and the actual number of in-hospital deaths in the reference
population gives the directly standardised mortality ratio for the hospital of
interest. Note that a hospital must have patients in a subcategory to calculate
the corresponding mortality rate for that subcategory, and that the number
of patients in the subcategory must be large enough to obtain reliable mor
tality rates.

Indirect standardisation The indirect standardisation method standardises the mortality rate of the casemix to a reference mortality rate (expected mortality rate). An indirectly standardised mortality rate of a hospital
is based on the expected mortality rate for that hospital given its casemix of
patients.
The indirect standardisation method calculates the expected number of
deaths for a hospital in two steps. First, expected probabilities of in-hospital
death are computed using a logistic regression model with in-hospital
mortality (yes/no) as outcome and various patient characteristics as predictors. For this modelling one commonly uses the data of many (preferably all)
hospitals in a particular country. These expected probabilities of in-hospital
death are computed for each subcategory of patients and can be interpreted
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as the probability of in-hospital death for patients belonging to the corresponding subcategory in a standard hospital of that country. For example the
prediction model might calculate that the expected in-hospital probability
of death for men, treated for the diagnosis of pneumonia, in the age category
60-64 year is 3%.
Secondly, these expected probabilities are applied to the admission numbers of a specific hospital to compute the expected number of deaths in that
hospital. If the hospital under study has admitted 200 patients in the subcategory of our example, the expected number of deaths in this subcategory
would be 3% of 200 or 6 deaths. The summation of the expected number of
deaths in all subcategories gives the total expected number of deaths for that
hospital. The observed number of deaths in a hospital is calculated by simply
counting the number of people who died in the specific hospital within the
given period. The ratio between the observed number of deaths and the expected number of deaths gives the indirectly standardised mortality ratio.
The advantage of directly standardised mortality rates is that these rates
are comparable with each other because the effect of differences in casemix
is eliminated, as they are all based on the same reference hospital population.
However, a subcategory of patients of a hospital under study may be very
small, resulting in an unreliable mortality rate (e.g. a mortality rate of 0% in a
subcategory containing 5 patients). Moreover, if a hospital does not have any
patients in a subcategory, the direct standardisation method cannot be used
at all. Therefore, in most cases, direct standardisation is not applicable and the
indirect standardisation method is used. This is also the case for the HSMR as
it is generally calculated. The drawback of indirectly standardised mortality
rates is that these rates are not always comparable with each other as will be
explained in the example below.

We now assume that urgently admitted patients have an expected mortality
rate of 6% and non-urgently admitted patients of 2% (see also table 2.1). Furthermore, assume that in both hospitals the observed mortality rates for these
groups are 3% and 4% respectively. Although a patient admitted to hospital A
has the same chance to die as in hospital B (3% if admitted urgently and 4% if
admitted non-urgently) the HSMR is 136 for hospital A and 61 for hospital B
(table 2.1).
19

Table 2.1

Numerical example of direct and indirect standardisation

Hospital A

Hospital B

Urgent

Non-urgent

Urgent

Non-urgent

Expected mortality rate

6%

2%

6%

2%

Observed mortality rate

3%

4%

3%

4%

1000

4000

4000

1000

Casemix

Indirect standardisation

136
1000 x 3% + 4000 x 4%
1000 x 6% + 4000 x 2%

61
4000 x 3% + 1000 x 4%
4000 x 6% + 1000 x 2%

Direct standardisation

100
1000 x 3% + 4000 x 4%
1000 x 3% + 4000 x 4%

100
1000 x 3% + 4000 x 4%
1000 x 3% + 4000 x 4%

Although both hospitals have the same observed mortality hospital A performs worse than
hospital B when the mortality rate is adjusted via the indirect standardisation method.

Numerical example
We assume there are two hospitals, hospital A and hospital B, of equal size
(both admitting 5000 patients per year) and both delivering precisely the
same quality of care. If the HSMR is a fair and valid measure of quality of
care, this measure should then also be equal for both hospitals. For reasons
of simplicity, we distinguish only two kinds of patients (i.e. using one patient
characteristic instead of the 9 normally used to calculate the expected mortality): urgently versus non-urgently admitted patients. Suppose that hospital A
has admitted 20% of the 5000 patients urgently and hospital B 80%.

The difference in indirectly standardised HSMR is the result of the difference in casemix and of interaction between casemix and hospital and is explained as follows. In both hospitals, urgently admitted patients have a lower
probability to die than non-urgently admitted patients (observed rates 3%
vs. 4%). In the total population the effect of urgency is the other way around
(expected rates 6% vs. 2%). This means that there is statistical interaction
between hospital and urgency. Although the two hospitals in the example
perform similar, hospital B benefits from this situation as the majority of its
population consists of urgently admitted patients (80% of the total), resulting
in a lower HSMR than for Hospital A. Thus, when comparing and ranking the

Measuring standardised mortality ratios of hospitals
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change even if the quality of care (expressed as observed mortality rates) and
the predicted risk for each patient remains constant. A worked-out example
can be found in Appendix S1.

Figure 2.1 Change in HSMR when the ratio of urgently vs. non-urgently
admitted patients changes

To study the impact of this phenomenon caused by indirect standardisation
on real clinical data, we have conducted a series of analyses on the Dutch
HSMR figures, permitted by the Dutch Hospitals Association and the Dutch
University Medical Centers Association. For the present analyses, patient
consent was not necessary as the data was stored and thus used completely
anonimized. For the same reason, approval of a medical ethics committee
was not needed.
The Dutch HSMR have been calculated in a similar manner to that used
in several other countries and was performed by the authors (notably DP)
in close collaboration with Dr Foster Intelligence (London, UK). For a detailed description of the Dutch HSMR models and used method, we refer to
a previous publication 2 . In short: 50 diagnostic groups were selected which
accounted for 80% of in-hospital mortality. For each diagnostic group a prediction model (logistic regression model) was fitted using various predictors,
including age, gender, urgency of admission, month of admission, Charlson
Comorbidity Index, diagnosis, and social deprivation, to generate an expected
mortality risk for each admitted patient. In total, 4,031,829 admissions in the
period 2003-2009 were included to fit these 50 prediction models. The HSMR
is the sum of the observed mortalities in all 50 diagnostic groups divided by
the sum of all expected mortalities. The coefficients of the predictors of the
final models can be shown on request.
For the present analysis, we tested whether there was an interaction
between hospital and urgency of admission, as we hypothesized that the
effect of the variable ‘urgency of admission’ on the outcome (death) might
differ across hospitals. For example, high-level trauma centres are probably
more adequate in treating acutely admitted patients. For each of the 50
diagnostic groups, we fitted a logistic regression model with the variables
‘hospital’, ‘urgency of admission’ and their interaction term ‘hospital*urgency
of admission’ as predictors and tested whether the interaction term was significant (P<0.05). We repeated this analysis to test for interaction between
hospital and comorbidity.

HSMR
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performance based on the single HSMR statistic only, hospital B is considered
to be better than hospital A, despite the fact that the chance to die for a random patient is equal in both hospitals. Figure 2.1 displays the relation between
the casemix distribution (urgent – non-urgent ratio) and the HSMR, keeping
the expected and observed mortality rates constant.

% urgent patients in hospital A
The observed mortality rates are 3% and 4% for respectively urgently and non-urgently admitted
patients.The expected rates are 6% and 2%, implying the presence of statistical interaction between
hospital and urgency, which is ignored in the adjustment model. Markers indicate the proportions of
urgently admitted patients used in the theoretical example (20% and 80% respectively).

The direct standardisation method is not affected by this present interaction. Suppose hospital A is the reference hospital. Then the casemix of hospital B will be standardised to the casemix of hospital A. Because the observed
mortality rates for urgently and non-urgently admitted patients do not differ
between the hospitals, the directly standardised mortality rates for hospital B
and for hospital A are both 100 (see table 2.1).
Besides the use of the HSMR for comparisons across hospitals, it is also
advocated to compare the HSMRs of a single hospital over time as an indicator of change in quality of care. However, the same phenomenon as described
above can be found. When the casemix distribution changes over time and
interaction between hospital and casemix is present, the HSMR can still

Measuring standardised mortality ratios of hospitals

Application to Dutch HSMR figures
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RESULTS
Figure 2.2 shows a funnel plot of the HSMRs of the 61 hospitals. The funnel
plot divides hospitals in three categories using 95% control limits. The 95%
control limits demarcate the 95% confidence interval of the HSMR given
the expected mortality. Hospitals above the 95% control limits have a HSMR
significantly higher than 100, hospitals below the 95% control limits have a
HSMR significantly lower than 100, and for hospitals between the 95% control
limits a deviation from the reference value of 100 is considered to be a result
of natural random variation. As can be seen in figure 2.2, in 2009 the HSMRs of
Dutch hospitals differed considerably. Fifteen hospitals appeared to perform
significantly better, and seven hospitals significantly worse than expected.
According to the risk adjustment model used, the risk of dying in the hospital
with the lowest HSMR is 1.93 times lower than the hospital with the highest
HSMR (132/68).
Figure 2.2 Funnel plot showing the HSMRs of Dutch hospitals in 2009

HSMR
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We analysed the HSMR of 61 Dutch hospitals from the period 2006-2009.
For each hospital, we first calculated the HSMR according to the regular in
direct standardisation method. Then we analysed eight scenarios.
In the first part (scenario 1-4) we stratified patients according to their
admission status into urgent and non-urgent admissions to mimic the numerical example as described above. For both groups, the size of the group,
the observed mortality rate, and the expected mortality rate were calculated.
Subsequently, we kept the observed and expected mortality rates for these
two groups constant, and replaced the original distribution of urgent and nonurgent admissions for each hospital by the ‘average casemix distribution of all
61 Dutch hospitals’ (scenario 1). The obtained HSMRs reveal what the HSMR
of the hospital would have been if that hospital had an average Dutch hospital distribution of urgent and non-urgent admissions. To investigate more
extreme variations, we extended these scenarios by replacing the original
distribution of a single hospital by the casemix distribution of a single other
hospital (scenario 2).
In a third scenario we looked at the effect of differences in casemix
distributions of a single hospital on the HSMR over time. We used the
observed and expected mortality rates of the urgent and non-urgent admissions of a hospital in the year 2009 as a basis. For each hospital, we recalculated the HSMR for 2009 using the hospital’s average casemix distribution
of urgent versus non-urgent admissions over the years 2006 – 2009 (scenario
3). Finally, we recalculated the HSMR of each hospital with the distribution
of urgent versus non-urgent admissions of the years 2006, 2007 and 2008
separately. Here, differences in HSMRs are then solely to be attributed to
differences in distribution between urgent and non-urgent admissions over
time (scenario 4).
We repeated these scenario studies using another casemix variable ‘Charlson Comorbidity index’ (CCI) instead of ‘urgency of admission’ (scenario 5-8).
The CCI is used as a score for comorbidity and is based on 17 comorbidities
such as cancer, congestive heart failure, cerebral vascular disease, peripheral
vascular disease, dementia, diabetes, and renal disease.17, 18 Each comorbidity
is assigned a weighted score. Depending on the patient’s sort and number
of comorbidities the CCI stratifies the patient into a class ranging from 0
(no comorbidity) to 6 (severe comorbidity).

Expected numbers of deaths

In 2009 the 61 hospitals had 492,099 admissions of which 301,916 admitted urgently. Figure 2.3 illustrates the percentage of urgently admitted patients
per hospital in 2009, which ranged from 38% to 76% (median 65% (IQR:
60% – 68%). Respectively 53%, 20%, 15%, 5%, 1%, 5%, and 1% of the studied
admissions were classified in the CCI group 0, 1, 2, 3, 4, 5, and 6. Figure 2.4
illustrates the distribution of the CCI of admissions per hospital in 2009.

CHAPTER 2 — HSMR: consequenses of adjusting hospital mortality with indirect standardisation
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% urgent patients

Figure 2.3 Proportion of urgently admitted patients per hospital

hospitals

We tested for interaction between hospitals and two casemix variables:
‘urgency of admission’ and CCI. We found evidence of interaction between
hospitals and ‘urgency of admission’ in 19 of the 50 prediction models (statistically significant interaction term, P < 0.05). In 7 of the 50 prediction models
we found evidence of interaction between hospitals and CCI.
For each hospital we recalculated the HSMR using the mean of the distributions of the casemix variable ‘urgency of admission’ of the 61 hospitals
(scenario 1). The relative change between these obtained simulated HSMR
and the original HSMR ranged from -2.6% for one hospital (HSMR: 110, simulated HSMR: 107) to 5.5% for another hospital (HSMR: 79, simulated HSMR:
83). No hospital changed significantly from category (i.e. the same fifteen and
seven hospitals respectively over- and underperformed according to the new
computed HSMR). Appendix S2 shows the HSMR and the HSMR of scenario
1 for all hospitals. The top 5 and bottom 5 hospitals remained unchanged when
the HSMR of scenario 1 was used to rank the hospitals (Table 2.2).

Table 2.2 Top and bottom 5 hospitals based on their HSMRs
Figure 2.4

Distribution of the Charlson Comorbidity Index of patients per hospital
Original

Ranking

Scenario 1

Scenario 5
New
ranking

Rank
difference

2

-1

HSMR

HSMR-1

1

68

69

2

69

68

1

1

3

79

83

5

-2

New
ranking

Rank
difference

1

0

73

2

0

77

4

-1

HSMR-5
69

4

79

79

3

1

76

3

1

5

82

82

4

1

82

5

0

57

120

121

58

-1

114

53

4

58

120

120

57

1

117

54

4

59

122

125

59

0

123

56

3

60

128

128

60

0

129

59

1

61

132

132

61

0

155

61

0

hospitals

The Charlson Comorbidity Index groups 1, 2 and 3 are aggregated as well as the groups 4, 5 and 6.

Measuring standardised mortality ratios of hospitals

The HSMR of scenario 1 is computed based on the mean of the casemix distributions of the ‘urgency
of admission’ variable of the 61 hospitals. The HSMR of scenario 5 is computed based on the mean
of the casemix distributions of the ‘Charlson Comorbidity index’ variable of the 61 hospitals.
Hospitals ranked in top 5 were all significantly lower than 100, whereas the bottom 5 hospitals were
all significantly higher than 100.
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The total absolute difference in HSMR was 44 points (an average of 0.72
points per hospital). Tables 3.3 and 3.4 show an overview of the results of the
eight scenarios. In scenario 2, where we replaced the casemix distribution of
a hospital with the distribution of one single other hospital, we found that
for 10 (16.4%) hospitals another hospital could be found whose casemix distribution significantly changed the category in the funnel plot. For 7 of these
10 hospitals, the HMSR was close to a control limit (less than 2 HSMR points).
In scenario 3 we replaced the casemix distribution of a hospital in 2009 with
the average casemix distribution of that hospital (2006-2009). No hospital
changed significantly from category with the new HSMR. The difference between the HSMR of scenario 3 and the original HSMR ranged from -4.0% for
one hospital (the HSMR decreased from 69 to 66) to 0.8% for another hospital
(HSMR of 79 increased to 80). The total absolute difference in HSMR was
19 points (an average of 0.32 points per hospital). In scenario 4 we replaced
the casemix distribution of a hospital in 2009 with the distribution of that
hospital of a single previous year (2006, 2007 and 2008). For one hospital
the distribution of year 2008 significantly changed the category in the
funnel plot (from better than expected to average). However, the HSMR
only changed one point (from 86 to 87). No hospital changed categories
when the distribution of 2007 was used and one hospital changed categories
when the distribution of 2006 was used (from worse than expected, HSMR
of 110, to average, HSMR of 108).
When repeating the scenarios based on the Charlson Comorbidity Index
(scenarios 5-8), differences between the original and simulated HSMRs increased. The relative change between the obtained simulated HSMR based on
the mean co-morbidity distribution and the original HSMR ranged from -6.7%
for one hospital (HSMR: 97, simulated HSMR: 90) to 29.5% for another hospital
(HSMR: 95, simulated HSMR: 123). Eight hospitals, including the 2 hospitals
mentioned above, changed significantly from category when the HSMR of scenario 5 was compared with its original HSMR. For 7 of these 8 hospitals the difference in HSMR ranged from -4 points to 1 point. The hospital with the largest
HSMR difference (from 95 to 123) tumbled in the ranking list from position 23
to position 57. The HSMRs of the hospitals are shown in Appendix S2. The top
5 hospitals remained unchanged when the HSMR of scenario 5 was used to rank
the hospitals, but the differences were larger in the bottom 5 hospitals.
Looking at changes over time, we found that the relative change between
the HSMR with the average distribution of that hospital of the years 20062009 and the original HSMR ranged from -18.6% (HSMR dropped from 97
to 79) to 4.8% (HSMR increased from 97 to 101). Three hospitals significantly
changed to another category because of a change in HSMR.

Table 2.3
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Scenario

Scenarios using an average hospital casemix distribution

Number of
hospitals
changing
category

Number of hospitals changing ranks
No rank
change

1-5 ranks

5-10 ranks

>10 ranks

1

0

14

47

0

0

3

0

38

22

1

0

5

8 (3)

10

41

5

5

7

3 (1)

14

42

4

1

In scenario 1 and 5 the mean distribution of the casemix variable under study of the 61 hospitals
is used to recalculate the HSMR of the hospitals. In scenario 3 and 7 the HSMR of a hospital is
recalculated using the mean distribution of the casemix variable under study over time (2006-2009).
In the second column the numbers of hospitals are shown for which the recalculated HSMR crosses
a ‘control limit’. In brackets: the number of hospitals for which the HSMR lies close to a control limit
(within 2 HSMR points). Columns 3 to 7 show an overview of rank changes of hospitals based on the
recalculated HSMR.

Table 2.4 Scenarios using a unique hospital casemix distribution

Significant HSMR change

Number of
hospitals
changing
category

By one
hospital

By 2-5
hospitals

By more
than 5
hospitals

By 1 other
year

By more
than 1 year

2

10 (7)

2

3

5

N.A.

N.A.

4

2 (2)

N.A.

N.A.

N.A.

2

0

6

35 (13)

6

4

25

N.A.

N.A.

8

3 (1)

N.A.

N.A.

N.A.

0

3

Scenario

In scenario 2 and 6 the HSMR is recalculated using the distribution of the casemix variable under
study of a single hospital. In these scenarios for each hospital 60 HSMRs are recalculated. In scenario
4 and 8 the HSMR is recalculated using the distribution of the casemix variable under study of
another year. In these scenarios for each hospital three HSMRs are recalculated. In the second
column the numbers of hospitals are shown for which the recalculated HSMR crosses a ‘control limit’.
In brackets: the number of hospitals for which the HSMR lies close to a control limit (within 2 HSMR
points). Columns 3 to 5 show an overview of the number of hospitals whose casemix distribution
changes the HSMR of a hospital significantly. Columns 6 and 7 show an overview of the years where
the differences in casemix distribution change the HSMR of a hospital significantly.

27

DISCUSSION

28

The HSMR is considered to be an important tool in the assessment of quality
of care across hospitals as well as for a single hospital over time. In a growing number of countries, hospital board members, media, and public use the
HSMR to monitor and compare the quality of care. Given the fact that the
HSMR is based on indirect standardisation, it has been known – although in
practice largely ignored – that such comparisons are only allowed if the underlying casemix distributions are identical or if there is no interaction between
hospitals and casemix variables.13-16 In this paper we showed the pitfalls of
indirect standardisation of the HSMR by means of a numerical example, and
in practice by using Dutch clinical data.
With the numerical example we illustrated that when there is interaction
between hospital and casemix, the indirectly standardised HSMR is not only
determined by the observed and expected mortality rates, but is also related
to the distributions of the underlying casemix variables. Thus, caution must
be taken not only when interpreting and comparing HSMRs of different
hospitals but also when comparing HSMRs of a given hospital over time.
When there is no interaction between hospital and casemix, direct and indirect standardisation will lead to the same HSMR, also when there are differences in casemix distribution.
From our empirical studies we learned that although changing the casemix
distribution of a hospital results in a different HSMR, differences between
the HSMR calculated with the average Dutch casemix distribution of the variable ‘urgency of admission’ (scenario 1) and the original HSMR, were small.
In terms of ranking, we see little movement, and no hospitals moved across
categories. However, replacing the hospitals’ casemix by that of a single other
hospital (scenario 2) led to significant changes in HSMR and rank. Comparing
the HSMR of a hospital with the HSMR computed with the average casemix
distribution of previous years of that hospital for the variable ‘urgency of
admission’ (scenario 3), showed again only small differences in final hospital
ranking. This is probably because the casemix distribution of this variable did
not change substantially over the last 4 years for the Dutch hospitals. From
these three scenarios we learned that the larger the difference between the
‘original’ and the ‘new’ casemix, the larger the change in HSMR will be due
to the indirect standardisation method itself.
The findings are also strongly dependent on which casemix variable is investigated. For the variable ‘Charlson Comorbidity index’, the distribution
differences between hospitals cause more discrepancy between the original
HSMR and the simulated HSMR (scenario 5) than the simulation study in

which the casemix variable ‘Urgency of admission’ was used (scenario 1).
This is probably due to more variability in the distribution of the Charlson
Comorbidity index between hospitals. Nevertheless, the ranking of the top
and bottom 10 hospitals still hardly changed. Furthermore, for some hospitals
the distribution of the variable ‘Charlson Comorbidity index’ also varied considerably between years (scenario 8).
Some limitations of our study must be taken into account. We only looked
at two of the nine casemix variables used in the casemix correction model.
Moreover, in our scenario studies we varied only one variable at a time. Despite the high possibility that the distributions of the other casemix variables
also differ between hospitals and over the years, we explicitly chose to focus
on these two variables because our goal was to provide insight in the fact that
casemix differences between Dutch hospitals can influence the HSMR and
because these two variables are subject to debate in terms of coding issues.12
Therefore, distribution differences between hospitals may distort the comparison of HSMRs more than revealed with this study. However, it might be
expected that differences in the distribution of other predictors in the adjustment model would have similar effects.
Another limitation is that we only looked at a period of 4 years (20062009). Although our study indicates that differences in casemix distributions
of hospitals over time do not influence the HSMR noticeably, it is very well
possible that over a longer period of time casemix distributions change, such
that long term trend monitoring using the HSMR may be misleading.
Due to their indirect standardisation, HSMRs may not automatically be
comparable neither across hospitals nor for a single hospital over time, unless
the underlying casemix distributions are proportionally the same or when
there is no interaction between hospital and casemix. In our data we found
evidence of interaction between hospitals and the casemix variables ‘urgency
of admission’ and ‘comorbidity’. However, our empirical example showed
that when differences in casemix were limited (scenario 1 and 3), the effect on
the HSMRs and thus the ranking of the hospitals is limited. Only replacing a
hospital’s casemix with a very different casemix (scenario 6) led to significant
changes in HSMRs. More importantly, direct standardisation is practically
impossible when multiple predictors are included in the adjustment model.
The numbers of patients in each subcategory then become too small to obtain
reliable mortality rates. Furthermore, it has been previously argued that the
indirectly standardised HSMR provides the mortality rate from a societal perspective as it is based on the population the hospital actually serves, not the
national reference population, while a HSMR based on direct standardisation
is more relevant to informing patient choices.19
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Although still subject to much discussion, HSMR will likely remain as one
of the indicators for hospital quality. HSMRs should be interpreted, however,
with the greatest caution, due to issues concerning the link between in hospital mortality and quality of care, coding differences between hospitals, insufficient casemix adjustment, and poor data quality. In addition, in this study
we have shown that the indirect standardisation method used to compute
the HMSR might also distort the interpretation of HSMRs. Therefore, we
urge researchers to first investigate the distributions of the underlying casemix variables and assess the presence of interactions between hospital and
casemix. A possible solution might be to analyse hospitals within clusters
with comparable casemix distributions such as small regional hospitals, large
teaching hospitals and academic hospitals. Comparing HSMRs of hospitals
belonging to the same cluster reduces the chance that differences in casemix
distributions and interaction are the cause of HSMR differences across hospitals. Also for trend monitoring of HSMRs within a single hospital, the casemix distributions of those years, and potential interaction between year and
casemix must be analysed before interpreting possible changes in HSMR.
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APPENDIX S2

Suppose hospital A distinguishes two kinds of patients: patients admitted
urgently and non-urgently admitted patients. Suppose that in year t hospital
A has admitted 20% of the 5000 patients urgently. Let us now assume that
urgently admitted patients have an expected mortality probability of 6% and
non-urgently admitted patients have an expected mortality probability of 2%
(see also table A.1). Furthermore, we assume that the observed mortality rates
for these groups are 3% and 4% respectively.
Suppose that in year t+1 the quality of care of hospital A drops, expressed
as increased observed mortality rates of 4% and 5% for urgently admitted
patients and for non-urgently admitted patients respectively (see table A.1).
Furthermore the number of urgently admitted patients and non-urgently
admitted patients for that year changes to 2000 and 3000 respectively. This
yields a HSMR of 128, which is lower than 136 in year t and suggests an increase
in quality of care rather than a decrease. Hence, theoretically, a decreased performance of quality of care, reflected as an increase in observed mortality rates,
can remain unnoticed due to differences in case-mix distribution.

Table A.1

Numerical example of HSMRs of hospital A in two consecutive years

Hospital A (year t)

Urgent

Non-urgent

Hospital A (year t+1)

Urgent

Non-urgent

Expected mortality rate

6%

2%

6%

2%

Observed mortality rate

3%

4%

4%

5%

Case-mix

1000

4000

2000

3000

HSMR

136
1000 x 3% + 4000 x 4%
1000 x 6% + 4000 x 2%

128
2000 x 4% + 3000 x 5%
2000 x 6% + 3000 x 2%

Despite a drop in quality of care, reflected as higher observed mortality rates, the HSMR improves in
year t+1 because of a different casemix distribution.

Measuring standardised mortality ratios of hospitals

Table A.2 Scenario analysis HSMR
Original
Ranking

Scenario 1

Scenario 5
New
ranking

Rank
differ
ence

(*)

1

0

(*)

2

0

77

(*)

4

-1

76

(*)

3

1

New
ranking

Rank
differ
ence

(*)

2

-1

69

68

(*)

1

1

73

(*)

83

(*)

5

-2

(*)

79

(*)

3

1

HSMR

HSMR

1

68

(*)

69

2

69

(*)

3

79

4

79

HSMR

5

82

(*)

82

(*)

4

1

82

(*)

5

0

6

85

(*)

84

(*)

6

0

86

(*)

7

-1

7

86

(*)

86

(*)

8

-1

85

(*)

6

1

8

87

(*)

86

(*)

7

1

91

(*)

16

-8

9

87

(*)

88

(*)

11

-2

90

(*)

15

-6

10

88

(*)

88

(*)

10

0

87

(*)

8

2

11

88

(*)

87

(*)

9

2

89

(*)

10

1

12

89

(*)

90

(*)

13

-1

88

(*)

9

3

13

90

12

1

89

11

2

14

90

(*)

91

(*)

15

-1

90

15

91

(*)

91

(*)

14

1

92

17

-1

90

(*)

92

(*)

18

-1

92

16

91

17

92

90

91

(*)

(*)

14

0

17

-2

12

4

18

-1

18

92

91

16

2

93

19

-1

19

92

92

19

0

95

23

-4

20

93

94

21

-1

94

21

-1

21

94

93

20

1

107

44

-23

22

95

95

25

-3

96

25

-3

23

95

96

26

-3

123 (**)

57

-34

24

96

94

23

1

96

26

-2

25

96

94

22

3

95

24

1

26

96

96

30

-4

94

22

4

27

97

96

29

-2

96

27

0

28

97

96

28

0

97

28

0

29

97

94

24

5

90

13

16

30

97

96

31

-1

98

30

0

31

97

96

27

4

101

35

-4

32

98

97

32

0

100

32

0

(*)
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Original
Ranking

34

Scenario 1

Scenario 5
New
ranking

Rank
differ
ence

98

33

0

100

100

34

100

100

36

102
100
101
101

HSMR

HSMR

33

98

34
35
36

101

37

101

38

101

39

101

40

102

HSMR

New
ranking

Rank
differ
ence

98

29

4

0

94

20

14

-1

100

33

2

41

-5

107

46

-10

35

2

101

34

3

38

0

101

36

2

37

2

99

31

8

103

42

-2

102

37

3

41

102

102

40

1

118

55

-14

42

102

102

39

3

104

(**)

39

3

43

103

103

43

0

104

40

3

44

103

104

46

-2

107

45

-1

45

104

103

44

1

103

38

7

46

105

104

45

1

104

41

5

47

105

105

48

-1

105

42

5

48

105

105

47

1

106

43

5

49

107

107

49

0

114

(**)

52

-3

50

108

108

51

-1

108 (**)

47

3

51

109

108

52

-1

113

51

0

52

109

109

53

-1

110

49

3

53

110

107

50

3

110

48

5

54

110

(**)

110 (**)

54

0

110

(**)

50

4

55

114

(**)

114 (**)

56

-1

129 (**)

60

-5

(**)

56

115

114

55

1

125 (**)

58

-2

57

120 (**)

121 (**)

58

-1

114

(**)

53

4

58

120 (**)

120 (**)

57

1

117

(**)

54

4

59

122 (**)

125 (**)

59

0

123 (**)

56

3

60

128 (**)

128 (**)

60

0

129 (**)

59

1

61

132 (**)

132 (**)

61

0

155 (**)

61

0

35

The HSMR of scenario 1 is computed based on the mean of the casemix distributions of the ‘urgency
of admission’ variable of the 61 hospitals. The HSMR of scenario 5 is computed based on the mean
of the casemix distributions of the ‘Charlson Comorbidity index’ variable of the 61 hospitals. (*)
Significantly lower than 100, (**) significantly higher than 100.
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ABSTRACT

CHAPTER 3
The impact of using
Charlson versus
Elixhauser comorbidity
measures in hospital
standardised
mortality ratios
Pouw ME, Peelen LM, Moons KGM, Kalkman CJ
submitted

Objective
To compare the impact of the Charlson versus
the Elixhauser comorbidity measure – as casemix
adjustment tools – in calculating and comparing
standardised mortality ratios of hospitals.
Design
Retrospective analysis of routinely collected
hospital data comparing observed deaths with
deaths predicted after casemix adjustment using
either the Charlson comorbidity measure or the
Elixhauser comorbidity measure.
Setting
86 Dutch hospitals.
Participants
2,387,352 discharges between 2007 and 2010.
Main outcome measures
Discriminative performance (c-statistic) and
standardised mortality ratios based on (1) Charlson
comorbidity risk adjustment models and on (2)
Elixhauser comorbidity risk adjustment models.
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Results
For 50 diagnoses, prediction models were estimated
using either the Charlson comorbidity measure or
the Elixhauser measure. The average difference in
c-statistic between Charlson and Elixhauser models
was 0.00. The maximum difference in c-statistic
was 0.06 (0.68 vs. 0.62 for respectively Charlson
and Elixhauser for diagnosis ‘liver disease; alcohol
related’). The maximum difference in which the
c-statistic of the Elixhauser measure outperformed
the c-statistic of the Charlson measure was 0.02.
The confidence intervals of the c-statistic of all
50 Charlson models overlapped the confidence
intervals of the c-statistic of the corresponding
Elixhauser models. The HSMRs calculated with
the Charlson and Elixhauser method did not differ
significantly for all participating hospitals.
Conclusions
The discriminative performance of models
estimated with the Charlson comorbidity measure
and the Elixhauser comorbidity measure are
comparable. Furthermore, the effects of the two
measures on HSMRs of individual hospitals appear
generally consistent. Because the Elixhauser
measure is better suited when using administrative
databases, as is the case in HSMRs, we recommend
the Elixhauser measure in calculation of HSMRs.
Measuring standardised mortality ratios of hospitals

The hospital standardised mortality ratio (HSMR) is an important hospital
outcome measure used to benchmark hospitals and to assess their quality
of care.1-4 Inappropriate calculation of the HSMR can have important consequences for hospitals in an environment of public reporting and pay-forperformance. If, however, differences in patient characteristics are appropriately taken into account, a meaningful comparison between hospitals’ HSMRs
can become more feasible. Current casemix adjustment methods are, nevertheless, still questioned and therefore the validity and ability of HSMRs to
reflect quality of care is debated.5-10
Two commonly used and validated measures to express comorbidity were
developed by Charlson et al. and Elixhauser et al.11, 12 Both are lists of selected
medical conditions aiming to capture the comorbidity load that exists next to
the primary diagnosis. These lists are based on the International Classification
of Diseases diagnosis codes used in administrative datasets.13 Charlson et al.
developed their measure for the purpose of predicting 1-year mortality among
clinical patients with breast cancer.11 Since then, numerous studies applied
the Charlson measure to predict short-term outcomes such as in-hospital
mortality and length of stay in various other clinical domains.14-17
The Elixhauser measure has been developed to predict length of stay, and
in-hospital mortality using administrative databases. As administrative databases are criticised of being inaccurate and incomplete, Elixhauser et al. attempted to isolate complications from comorbidities by excluding conditions
that could be the result from medical misadventures rather than pre-existing
comorbidities.12 Comorbidities were not taken into account if it was unclear
whether they were already present at admission (true comorbidity) or whether they originated during hospitalisation (complication). Examples are urinary
tract infection, pneumonia, respiratory failure, cardiac arrest, and cardiogenic
shock. This represents a conservative approach as these conditions could be
comorbidities, but given their nature, are often primary diagnoses or complications.
Previous studies have compared the predictive performance of these two
measures in selected patient populations such as acute myocardial infarction
(AMI), chronic obstructive pulmonary disease (COPD), acute cerebrovascular
disease (CVA), and ICU admissions.18-22 In general, these studies found that
the Elixhauser measure outperformed the Charlson measure, particularly
in terms of properly predicting mortality (discrimination, i.e. whether the
model differentiates between subject who will die and those who survive).
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The predictive performance of these measures, however, has never
been compared in a hospital wide population. The aim of our study was
twofold: (1) to assess the difference in discriminative performance between
the Charlson measure and the Elixhauser measure when they are used for
benchmarking purposes. (2) To assess to what extent these differences
result in differences in HSMRs of individual hospitals.

40

METHODS
Data
The National Hospital Discharge Register (HDR) contains discharge data
of Dutch hospitals and comprises patient characteristics such as age and gender, as well as medical variables such as date of admission, date of discharge,
diagnoses, and comorbidities. The HDR follows the ICD9-CM (international
classification of diseases, 9th revision, clinical modification) to register discharge diagnoses and comorbidities. Participation of hospitals in the HDR
is voluntary. This study applied HDR data for hospital admissions during
the period 2007 – 2010 from 86 out of 93 Dutch hospitals, as used in previous
publications.23, 24

Charlson and Elixhauser comorbidities
The Charlson measure includes 17 comorbidities that are identified using
ICD9-CM diagnosis codes. Typically, they are summed into a weighted overall
score: the Charlson comorbidity index. For purpose of comparison with the
Elixhauser measure, we assessed these 17 comorbidities individually rather
than as a summarized weighted Charlson comorbidity score.
The Elixhauser measure includes 31 comorbidities that are identified using
ICD9-CM diagnosis codes.12 The Elixhauser measure does not have a weighted
scoring system and permits each comorbidity to be assessed individually in
models. The comorbidities that are scored within the Charlson and Elixhauser
measures are listed in table 3.1.

Measuring standardised mortality ratios of hospitals

Risk adjusted mortality models
The Dutch HSMR method is based on the HDR database and developed by
Statistics Netherlands.25 It uses 50 risk-adjustment models – each for one of
50 selected diagnostic groups – to estimate the risk of mortality for patients
belonging to the specific diagnostic group. These 50 diagnostic groups account
for approximately 80% of all in-hospital deaths in the Netherlands.25
The models are logistic regression models with mortality as the dependent
variable and age, sex, socio-economic status, severity of main diagnosis,
urgency of admission, source of admission, year and month of admission,
and a comorbidity measure as predictor variables.
For the current study we developed two sets of models, one using the
Charlson measure (Charlson model), and one using the Elixhauser measure
(Elixhauser model).

Discriminative performance of risk adjusted
mortality models
To compare the predictive performances of the Charlson models with the
Elixhauser models, we calculated the c-statistic (with its 95% confidence interval). The c-statistic is a measure of a model’s ability to discriminate those who
die of those who do not die. The potential values for the c-statistic range from
0.5 (no greater predictive power than chance) to 1.0 (perfect prediction).

Comparison of SMRs
The SMR of a diagnostic group of a hospital is the ratio of the observed number of deaths and the expected number of deaths as calculated with the prediction model. The sum of the observed number of mortalities of all 50 diagnostic groups divided by the sum of all expected number of mortalities times
100 gives the hospital wide SMR (HSMR). A SMR greater than 100 indicates
higher observed mortality than expected.
Plots were made to evaluate the magnitude and direction of change in
SMR when substituting SMR based on the Charlson model for a SMR with
the Elixhauser model. Furthermore, hospitals were classified into three
groups as follows: if the 95% confidence interval of the SMR included the reference value of 100, the hospital was categorized into the group ‘as expected’.
A hospital was regarded ‘better than expected’ or ‘worse than expected’ if the
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95% confidence interval of the SMR was respectively below 100 or above 100.
We analysed how many hospitals would be classified differently with the
Charlson model and the corresponding Elixhauser model.

Table 3.1

Baseline characteristics and Charlson and Elixhauser comorbidities

Baseline characteristics

RESULTS

Hospitals
Age
Male Sex

42

Data
This study included 2,387,352 discharges of 86 hospitals. Patient characteristics including comorbidities are presented in table 3.1. The average age was
63.6 years, 52.7% of the discharges were male and 58.8% of the discharges were
admitted urgently. Some comorbidities are named similar in the Charlson
measure and the Elixhauser measure but differ in the included ICD-9 diagnoses. Therefore the number of comorbidities can differ between the Charlson
and the Elixhauser measure, e.g. the comorbidity ‘congestive heart failure’ has
been recorded in 45,788 (1.9%) admissions with the Charlson definition and in
32,143 (1.4%) admissions with the Elixhauser definition. The most often registered Charlson comorbidity is ‘pulmonary disease’ (3.4%) and the most often
registered Elixhauser comorbidity is ‘hypertension uncomplicated’ (3.5%).

Urgent admissions
Mortality

Charlson Comorbidities

1. Acute myocardial infarction

86
63.56
1,258,134 (52.7)
1,403,763 (58.8)
113,305 (4.7)

Cases with comorbidity

68,047 (2.9)

2. Congestive heart failure

45,788 (1.9)

3. Peripheral vascular disease

29,993 (1.3)

4. Cerebral vascular accident

25,732 (1.1)

5. Dementia

12,247 (0.5)

6. Pulmonary disease

81,076 (3.4)

7. Connective tissue disorder
8. Peptic ulcer
9. Liver disease

7,922 (0.3)
3,139 (0.1)
5,126 (0.2)

10. Severe liver disease

79,175 (3.3)

11. Diabetes

6,583 (0.3)

12. Diabetes complications

7,587 (0.3)

13. Paraplegia

35,788 (1.5)

14. Renal disease

65,332 (2.7)

15. Cancer
16. Metastatic cancer
17. HIV

Measuring standardised mortality ratios of hospitals

N = 2,387,352 (%)

1,111 (0.0)
142,636 (6.0)
2,682 (0.1)
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Elixhauser comorbidities

1. Congestive heart failure

32,143 (1.4)

2. Cardiac arrhythmias

28,917 (1.2)

3. Valvular disease

59,531 (2.5)

4. Pulmonary circulation disorders

44

Cases with comorbidity

7,193 (0.3)

5. Peripheral vascular disorders

31,732 (1.3)

6. Hypertension uncomplicated

83,868 (3.5)

7. Hypertension complicated
8. Paralysis

662 (0.0)
3,064 (0.1)

9. Other neurological disorders

18,831 (0.8)

10. Chronic pulmonary disease

18,710 (0.8)

11. Diabetes, complicated

15,701 (0.7)

12. Diabetes, uncomplicated

3,996 (0.2)

13. Hypothyroidism

Table 3.2 describes the c-statistics for the 50 models using Charlson and Elixhauser measures respectively. For 33 diagnoses the c-statistic of the Charlson
model was higher than of the Elixhauser model. For eight Charlson models
the c-statistic was more than 0.01 points higher than for the corresponding
Elixhauser models. For three Elixhauser models the c-statistic was more than
0.01 points higher than for the corresponding Charlson models. The maximum difference in c-statistic was 0.06 (0.68 vs 0.62 for respectively Charlson
and Elixhauser for the diagnostic group ‘liver disease; alcohol related’). The
maximum difference in models where the Elixhauser measure outperformed
the Charlson measure was 0.02 (diagnostic group ‘coronary atherosclerosis
and other heart disease’).

761 (0.0)

14. Renal failure

9,972 (0.4)

15. Liver disease

2,631 (0.1)

16. Peptic ulcer disease (excluding bleeding)

356 (0.0)

17. AIDS/HIV

243 (0.0)

18. Lymphoma

Performance of risk adjusted mortality models

Table 3.2 c-statistics (with .95 confidence interval) of the 50 diagnostic groups
using Charlson models and Elixhauser models.
Description CCS diagnosis groups

N

2,822 (0.1)

19. Metastatic cancer

43,643 (1.8)

20. Solid tumour without metastasis

40,529 (1.7)

Charlson measure

Elixhauser measure

c-stat

(C.I)

c-stat

(C.I)
(0.73 – 0.75)

Septicaemia (except in labour)

15447

0.75

(0.74 – 0.76)

0.74

Cancer of oesophagus

10591

0.74

(0.72 – 0.76)

0.74

(0.72 – 0.76)
(0.76 – 0.79)

21. Rheumatoid arthritis / collagen vascular disease

1,894 (0.1)

Cancer of stomach

14562

0.78

(0.77 – 0.80)

0.78

22. Coagulopathy

1,349 (0.1)

Cancer of colon

40196

0.78

(0.77 – 0.79)

0.78

(0.77 – 0.79)

Cancer of rectum and anus

21204

0.79

(0.77 – 0.81)

0.79

(0.77 – 0.80)

23. Obesity
24. Weight loss
25. Fluid and electrolyte disorder

2,344 (0.1)
81 (0.0)
7,396 (0.3)

26. Blood loss anaemia

793 (0.0)

27. Deficiency anaemia

8,838 (0.4)

28. Alcohol abuse

3,881 (0.2)

29. Drug abuse

369 (0.0)

30. Psychoses

1,348 (0.1)

31. Depression

549 (0.0)

Cancer of pancreas

10772

0.71

(0.69 – 0.73)

0.71

(0.69 – 0.72)

Cancer of bronchus; lung

72235

0.81

(0.81 – 0.82)

0.81

(0.80 – 0.81)

Cancer of breast

57519

0.92

(0.91 – 0.93)

0.92

(0.91 – 0.94)

Cancer of prostate

23077

0.89

(0.88 – 0.90)

0.89

(0.87 – 0.90)

Cancer of bladder

41505

0.87

(0.86 – 0.89)

0.87

(0.86 – 0.89)

Non-Hodgkin’s lymphoma

20103

0.81

(0.80 – 0.82)

0.80

(0.79 – 0.82)

Leukaemia

19217

0.83

(0.82 – 0.84)

0.83

(0.82 – 0.84)

Secondary malignancies

67708

0.77

(0.76 – 0.77)

0.76

(0.76 – 0.77)

Neoplasms of unspecified nature

20892

0.78

(0.76 – 0.80)

0.77

(0.75 – 0.80)

Diabetes mellitus with complications

32490

0.85

(0.84 – 0.86)

0.84

(0.83 – 0.85)

Fluid and electrolyte disorders

26918

0.78

(0.77 – 0.79)

0.77

(0.76 – 0.79)

Deficiency and other anaemia

45375

0.75

(0.73 – 0.77)

0.75

(0.73 – 0.77)

Coma; stupor; and brain damage

3982

0.69

(0.67 – 0.71)

0.67

(0.65 – 0.69)

Heart valve disorders

33771

0.77

(0.76 – 0.79)

0.78

(0.77 – 0.79)

Acute myocardial infarction

87839

0.74

(0.74 – 0.75)

0.76

(0.75 – 0.76)

228049

0.79

(0.78 – 0.80)

0.80

(0.79 – 0.81)

Coronary atherosclerosis and other
heart disease

Measuring standardised mortality ratios of hospitals
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N

Charlson measure

Elixhauser measure

c-stat

(C.I)

c-stat

(C.I)

Pulmonary heart disease

26059

0.77

(0.76 – 0.78)

0.77

(0.76 – 0.78)

Cardiac dysrhythmias

180943

0.83

(0.82 – 0.84)

0.83

(0.82 – 0.84)

Cardiac arrest and ventricular
fibrillation

8251

0.77

(0.76 – 0.78)

0.78

(0.77 – 0.79)

Congestive heart failure; non
hypertensive

99702

0.65

(0.65 – 0.66)

0.66

(0.65 – 0.66)

Acute cerebrovascular disease

95050

0.65

(0.65 – 0.66)

0.65

(0.64 – 0.65)

Peripheral and visceral atherosclerosis

40468

0.87

(0.86 – 0.88)

0.87

(0.86 – 0.88)

Aortic; peripheral; and visceral artery
aneurysms

26278

0.83

(0.83 – 0.84)

0.83

(0.83 – 0.84)

Aortic and peripheral arterial
embolism or thrombosis

28566

0.88

(0.87 – 0.89)

0.88

(0.87 – 0.89)

Other circulatory disease

21763

0.80

(0.79 – 0.82)

0.80

(0.78 – 0.81)
(0.75 – 0.77)

Pneumonia

118900

0.77

(0.77 – 0.78)

0.76

Chronic obstructive pulmonary disease

76089

0.70

(0.69 – 0.71)

0.70

(0.69 – 0.71)

Aspiration pneumonitis; food/vomitus

4517

0.68

(0.66 – 0.70)

0.66

(0.65 – 0.68)

22679

0.82

(0.81 – 0.83)

0.82

(0.81 – 0.83)

Other lower respiratory disease

97751

0.84

(0.83 – 0.84)

0.84

(0.83 – 0.84)

Intestinal obstruction without hernia

32209

0.83

(0.82 – 0.83)

0.83

(0.83 – 0.84)

Diverticulosis and diverticulitis

32655

0.84

(0.83 – 0.86)

0.84

(0.83 – 0.86)

Biliary tract disease

122761

0.90

(0.90 – 0.92)

0.90

(0.90 – 0.92)

Liver disease; alcohol-related*

4848

0.68

(0.65 – 0.70)

0.62

(0.60 – 0.65)

Pleurisy; pneumothorax; pulmonary
collapse

Other liver diseases

16365

0.72

(0.71 – 0.74)

0.70

(0.69 – 0.71)

Gastrointestinal haemorrhage

33655

0.78

(0.77 – 0.79)

0.76

(0.74 – 0.77)

Other gastrointestinal disorders

(0.89 – 0.91)

45740

0.90

(0.89 – 0.91)

0.90

Acute and unspecified renal failure

9762

0.75

(0.73 – 0.76)

0.74

(0.72 – 0.76)

Chronic renal failure

18678

0.85

(0.84 – 0.87)

0.85

(0.84 – 0.86)

Urinary tract infections

62258

0.83

(0.82 – 0.84)

0.82

(0.81 – 0.82)

Fracture of neck of femur (hip)

66409

0.77

(0.76 – 0.78)

0.76

(0.76 – 0.77)

Intracranial injury

56982

0.91

(0.90 – 0.92)

0.91

(0.90 – 0.92)

Complication of device; implant or
graft

74620

0.81

(0.80 – 0.82)

0.81

(0.80 – 0.82)

Complications of surgical procedures
or medical care

67030

0.83

(0.82 – 0.84)

0.82

(0.81 – 0.83)

2912

0.74

(0.72 – 0.75)

0.71

(0.70 – 0.73)

Shock
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Comparison of SMRs
Figure 3.1 shows the difference in HSMR for individual hospitals when using
the Charlson model or the Elixhauser model. The HSMR calculated with the
Charlson and Elixhauser model did not differ significantly for all hospitals. For
the 86 hospitals, the average difference between HSMRs calculated with the
Charlson and Elixhauser models was 1.6 points. Four hospitals classified ‘better
than expected’ with the Charlson model were classified ‘as expected’ with the
Elixhauser model. One hospital classified ‘as expected’ with the Charlson model
was classified ‘worse than expected’ with the Elixhauser model and one hospital
moved into the opposite direction (from ‘worse than expected’ to ‘as expected’).
Figure 3.1 Difference in HSMRs calculated with the Charlson model and
the Elixhauser model
HSMR (50 diagnoses)
Difference between HSMRs calculated with Charlson model and Elixhauser
model for individual hospitals

Hospital

Description CCS diagnosis groups

Difference in HSMR (Charlson vs Elixhauser)

Figures 3.2, 3.3, 3.4 and 3.5 show the difference in SMR for individual hospitals
when using the two different measures for the diagnoses ‘acute myocardial
infarction’, ’congestive heart failure’, ‘cerebrovascular accident’, and ‘COPD’.
Although there is considerable variation in the SMRs for these diagnoses, these
differences were not statistically significant for any of the individual hospitals.
For the diagnoses ‘acute myocardial infarction’, ’congestive heart failure’, ‘cerebrovascular accident’, and ‘COPD’ respectively 3, 13, 7, and 6 hospitals would be
classified differently when using the Elixhauser model instead of the Charlson
model.
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Figure 3.2 Difference in SMRs calculated with the Charlson model and
the Elixhauser model

Figure 3.4 Difference in SMRs calculated with the Charlson model and
the Elixhauser model

‘cerebrovascular accident’
Difference between SMRs calculated with Charlson model and Elixhauser
model for individual hospitals

‘acute myocardial infarction’
Difference between SMRs calculated with Charlson model and Elixhauser
model for individual hospitals
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Hospital

Hospital

48

Difference in SMR (Charlson vs Elixhauser)

Difference in SMR (Charlson vs Elixhauser)

Figure 3.3 Difference in SMRs calculated with the Charlson model and
the Elixhauser model

Figure 3.5 Difference in SMRs calculated with the Charlson model
and the Elixhauser model

‘congestive heart failure’
Difference between SMRs calculated with Charlson model and Elixhauser
model for individual hospitals

Hospital

Hospital

‘COPD’
Difference between SMRs calculated with Charlson model and Elixhauser
model for individual hospitals

Difference in HSMR (Charlson vs Elixhauser)
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Difference in SMR (Charlson vs Elixhauser)
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Our study suggests that – using administrative data – the difference in discriminative performance of models estimated with the Charlson comorbidity
measure and the Elixhauser comorbidity measure is marginal. Furthermore,
the effects of the two measures on (H)SMRs of individual hospitals appear
generally consistent.
In general, our results agree with previous work, which indicate that the
discriminative performance of the Elixhauser measure is at least equal to the
Charlson measure in predicting mortality.18, 20, 21 However, we did not find
strong evidence that the Elixhauser measure outperforms the Charlson measure as was claimed in some studies. For example, Southern et al. concluded
that – based on Canadian administrative data – the Elixhauser measure outperforms the Charlson measure in predicting mortality on patients with acute
myocardial infarction (AMI) (c-statistic of 0.79 vs 0.70).20 Chu et al also compared the Charlson measure with the Elixhauser measure using a Taiwanese
National Health Insurance administrative database to predict the in-hospital
mortality for patients admitted with AMI and chronic obstructive pulmonary disease (COPD). They found that the c-statistic was higher with the
Elixhauser measure than with the Charlson measure for both AMI and COPD
(respectively 0.74 vs 0.71 for both diagnoses).21 Stukenborg et al. also analysed
the performance of the Charlson and Elixhauser measure for AMI and COPD
when estimating hospital mortality. In addition they also examined the diagnoses ‘congestive heart failure’ and ‘acute cerebrovascular disease’. They concluded that for all four diagnoses the discriminative performance of Elixhauser
outperformed that of Charlson.18 When focusing on these four diagnoses, in
our analysis, the c-statistic of the model predicting hospital mortality in AMI
patients was only 0.02 higher with the Elixhauser measure than with the
Charlson measure (respectively 0.76 (CI: 0.75-0.76) and 0.74 (CI: 0.74-.075)).
For the diagnosis COPD, ‘acute cerebrovascular disease’, and ‘congestive heart
failure’ we also found relatively small differences in c-statistics. Furthermore,
the estimations of Charlson and Elixhauser models for these four diagnoses
did not result in significantly different SMRs for all hospitals.
Instead of focusing on a single diagnosis or a small group of diagnoses like
in previous studies, we observed that the Elixhauser model did not consistently outperform the models with the Charlson measure when investigating
50 different diagnoses. In that respect, the present study is, to our knowledge,
the first to compare the Elixhauser and Charlson measures on a hospital wide
population.

Measuring standardised mortality ratios of hospitals

Furthermore, we examined the effect of these measures on (H)SMRs of
hospitals. Therefore, our study gives a broader and deeper insight in (1) the
difference in model performance with the Charlson and Elixhauser measures
and (2) the implications of these differences for individual hospitals when
using SMRs.
Limitations of our study include the fact that the outcome is in-hospital
mortality. Previous studies have shown why mortality at fixed time intervals
is a more appropriate measure in outcomes evaluation. 23, 26, 27 For the purpose
of our study, we have no reason to believe this has affected our results, as both
the Charlson and Elixhauser models were fitted on this outcome. Second, not
all Dutch hospitals could be examined as participation in the HDR-database
was on a voluntary basis. SMRs of these hospitals could potentially be assessed differently with the Charlson and Elixhauser models. However, again
we have no reason to believe that inclusion of data of non-participating hospitals would have changed our results as both type of models were fitted on the
same dataset.
Theoretically, the performance of Elixhauser models in terms of discrimination might be worse than Charlson models because of the conservative approach of the Elixhauser measure: comorbidities that cannot be distinguished
from complications are not included, although they may have significant value
in estimating mortality (e.g. cardiogenic shock and pneumonia). Nevertheless, in our study we see only marginal differences in c-statistics between
the Charlson measure and the Elixhauser measure. Moreover, in our current
analysis the performance of the Elixhauser models may be even underestimated, as administrators of hospitals currently pay specific attention on comorbidities included in the Charlson measure. Comorbidities included in the
Elixhauser but not in the Charlson measure might hence be under-registrated.
For example, for obesity, a comorbidity that is part of Elixhauser but not of
Charlson, the prevalence in the Dutch population was over 10% in the years
2005-2010.28 However, in our database only 2,344 (0.1%) admissions were
coded with obesity.
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In conclusion, models estimated with the Charlson measure and the Elix
hauser measure perform practically similarly in terms of discrimination.
Furthermore, because the Elixhauser measure tries to differentiate complications from comorbidities, expected mortality estimated with the Elixhauser
model would theoretically be more fair. For these reasons, we recommend
to use the Elixhauser measure when estimating casemix correction models
to calculate SMRs.
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ABSTRACT

CHAPTER 4
Including postdischarge mortality
in the calculation of
hospital standardised
mortality ratios:
a retrospective analysis
of hospital episode
statistics
Pouw ME, Peelen LM, Moons KGM, Kalkman CJ,
Lingsma HF
BMJ 2013; 347: f5913

Objectives
To assess the consequences of applying different
mortality timeframes on standardised mortality
ratios of individual hospitals. A secondary objective
was to evaluate the association between in-hospital
standardised mortality ratios and the early postdischarge mortality rate, length of hospital stay,
and transfer rate.
Design
Retrospective analysis of routinely collected
hospital data to compare observed deaths in
50 diagnostic categories with deaths predicted
by a casemix adjustment method.
Setting
60 Dutch hospitals in the period 2008 – 2010.
Participants
1,228,815 patient discharges in the period
2008 – 2010.
Main outcome measures
In-hospital standardised mortality ratio, 30 days
post-admission standardised mortality ratio, and 30
days post-discharge standardised mortality ratio.
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Results
Compared with in-hospital standardised
mortality ratio, 33% of the hospitals were
categorised differently with 30 days postadmission standardised mortality ratio and 21%
were categorised differently with 30 days postdischarge standardised mortality ratio. There
was a positive association (Pearson correlation
coefficient = 0.33, P-value = 0.01) between inhospital standardised mortality ratio and length
of hospital stay, and an inverse association
between in-hospital standardised mortality ratio
and early post-discharge mortality (Pearson
correlation coefficient = – 0.37, P-value = 0.004).
Conclusions
Applying different mortality timeframes resulted
in differences in standardised mortality ratios
and in differences in judgment regarding the
performance of individual hospitals. Furthermore,
associations between in-hospital standardised
mortality rates, length of stay, and early postdischarge mortality rates were found. Combining
these findings suggests that standardised mortality
ratios based on in-hospital mortality are subject
to so-called ‘discharge bias’. Hence, early postdischarge mortality should be included in the
calculation of standardised mortality ratios.

Measuring standardised mortality ratios of hospitals

INTRODUCTION
The last decades, quality of care in hospitals has been subject to growing attention from physicians and regulators. In various countries standardised mortality rates (SMRs) are used in an attempt to judge the quality of hospital care.1-4
However, several authors raised concerns that differences in SMRs may not
reflect differences in delivered quality of care.5, 6 Reasons that have been put
forward include the quality of the data used, the limitations of case mix adjustment, and several methodological issues.7-12 Another limitation of mortality rate as a quality measure is the current focus on in-hospital mortality, i.e.,
deaths that occur during hospitalisation. Analyses based only on in-hospital
deaths are potentially biased by differences in hospital discharge practices.
For example, hospitals that transfer high-risk patients to other more specialized hospitals may have lower than expected mortality, because some of their
patients die elsewhere. Furthermore, the average length of hospital stay (LoS)
has decreased significantly the last decades and may therefore shift mortality away from the hospital to post-discharge destinations.13, 14 A recent study
of Yu et al. (2011) revealed that for certain surgical procedures approximately
one-fourth of postoperative deaths occurred after discharge and that 12% took
place just one day after hospital discharge.15 Metersky et al. (2012) concluded
that approximately 50% of elderly patients, who died from pneumonia within
30 days of admission, did not die in hospital, but after discharge.16 We will
refer to this phenomenon as ‘early post-discharge mortality’.
Differences in discharge practices or LoS between hospitals thus may affect
their in-hospital mortality rate. Such biases arising from differences in discharge practices could have important consequences for hospitals in an environment of public reporting and pay-for-performance. When the timeframe
to observe death is fixed or is prolonged to the post discharge period, these
‘discharge’ biases may be countered. For example, the UK used to report SMRs
based on in-hospital mortality, but recently prolonged the timeframe to ’30
days post-discharge’.17 A commonly used alternative timeframe is the ’30 days
post-admission’ timeframe that covers the fixed period from admission to 30
days post-admission.15, 16, 18 In this study, we will explore both timeframes.
The aim of our study is to assess the effect of different mortality timeframes
on SMRs of individual hospitals and judgment of their performance. A secondary objective was to investigate the relation between in-hospital SMR
and early post-discharge mortality, LoS, and transfer rates. We used data from
more than two million Dutch hospital discharges to explore the differences
between hospital standardised mortality rates using either in-hospital mortality, 30 days post-admission mortality, and 30 days post-discharge mortality.
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Dutch Hospital Data (DHD), the holder of the National Hospital Discharge
Register (HDR), gave permission to use their database to perform this study.
The HDR contains discharge data of general and academic Dutch hospitals
and comprises patient characteristics such as age and gender as well as
medical variables such as date of admission, date of discharge, diagnoses,
and comorbidities. The HDR follows the ICD9-CM (international classification of diseases, 9th revision, clinical modification) to register discharge
diagnoses. Participation of hospitals in the HDR is voluntary. In the period
2007- 2010, the total number of hospitals in the Netherlands was 100, of
which 84 hospitals participated in the HDR and contributed to this study.
To obtain information on deaths that occurred after hospital discharge,
records from the HDR were linked to the Dutch population register by Statistics Netherlands (www.CBS.nl). The population register contains personal
details such as date of birth, date of death (if applicable), gender and address
of all residents in The Netherlands. Because the HDR is pseudonomised, only
date of birth, sex and truncated postal code (4 digits) are available for linkage
with the population register. Statistics Netherlands regularly evaluates the
linkage of the Dutch HDR with the population register and concludes that
it is of good quality and forms an adequate basis for statistical analyses.19 The
combined dataset was used to compute the time to death (subtracting the date
of admission from the date of mortality on the death certificate) and to fit the
statistical models.

Risk adjusted mortality models
Statistics Netherlands calculates the Dutch hospital standardised mortality
ratios each year as follows20: only in-patient records with a primary diagnosis
belonging to one of 50 selected diagnostic groups (coded using Clinical Classification System, CCS21) were selected. These 50 diagnostic groups account for
approximately 80% of all in-hospital deaths in the Netherlands. For each of the
50 selected diagnostic groups a prediction model is estimated to calculate the
expected mortality probability of an admission. The models are logistic regression models with mortality as the dependent variable and age, sex, socio-economic status, severity of main diagnosis, urgency of admission, comorbidities,
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source of admission, and month of admission as predictor variables.
First, regression models are estimated using all predictors. Subsequently,
reduced models are estimated, dropping non-significant variables using a
backward stepwise elimination procedure.22 The SMR of a diagnostic group
of a hospital is the ratio of the observed number of deaths and the expected
number of deaths as calculated based on the regression model. The sum of
the observed mortalities of all 50 diagnostic groups divided by the sum of
all expected mortalities times 100 gives the hospital wide SMR (HSMR).
A SMR greater than 100 indicates higher mortality than expected.
To calculate SMRs with different timeframes, we recalibrated the 50 prediction models by redefining ‘mortality’ according to the used timeframe. In this
recalibration procedure, we used the same variables as independent predictors
and re-estimated the coefficients in the regression model. We chose not to
include additional (post-discharge) variables in the post-discharge prediction
models, because then it would be difficult to determine whether differences
in SMRs are due to the different timeframe used or to the introduction of a
new variable. All regression models were estimated in R version 2.15.

Comparison of hospital SMRs based on different
mortality timeframes
We first examined to what extent SMRs depend on the mortality timeframe
definition. Histograms and scatterplots were made to evaluate the magnitude
and direction of performance change when substituting in-hospital SMR for a
SMR with another timeframe. In addition, hospitals were classified into three
groups based on the 95% confidence interval of their SMRs. If the 95% confidence interval of the SMR included the reference value of 100, the hospital
was categorized into the group ‘as expected’. A hospital was regarded ‘better
than expected’ or ‘worse than expected’ if the confidence interval of the SMR
was respectively below 100 or above 100. We analysed how many hospitals
would be categorized differently when a different timeframe was used.

Effect of discharge patterns on in-hospital SMR
We examined the following variables for their association with in-hospital
SMR: ‘early post-discharge’ mortality rate (defined as mortality between discharge and 30 days post-admission divided by the number of alive discharges),
average LoS, and average transfer rate to other medical facilities such as hospi-
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tals, nursing homes and other medical institutions (excluding elderly homes).
For all of these variables we evaluated the association with in-hospital SMR
using the Pearson Correlation coefficient. All analyses were performed in SPSS
16.0.2.

RESULTS
60

Data and risk adjusted mortality models
The dataset contained 2,387,604 discharges of which 2,149,958 (90%) could
be uniquely paired with the population register. Patient characteristics of
the linkable discharges and non-linkable discharges are shown in table 4.1.
In summary, the non-linkable discharges are on average younger, more
often male, more often admitted with urgency, and have a lower in-hospital
mortality rate.

The Dutch hospitals are categorized in 8 academic hospitals, 84 general
hospitals, and 8 specialized hospitals such as eye hospitals and epilepsy
clinics. For all 8 academic hospitals and 52 general hospitals we analysed the
3-year SMR (2008 – 2010). Thirty-two general hospitals were excluded from
analysis for one of three reasons: (1) no or insufficient participation in the
HDR (e.g. start of participation after 2009), (2) inadequate data (e.g. no registration of comorbidities), (3) no permission to publish. The specialized hospitals were excluded from analysis because of their unique patient profiles20. We
used the 3-year SMR because this is common practice in The Netherlands20.
In 2008-2010 the 60 included hospitals discharged 1,228,815 patients.
Across these hospitals mean in-hospital mortality rate for the 50 diagnostic
groups was 4.9% (SD: 0.7%). Average LoS in 2008-2010 was 7.2 days (SD: 0.7
days). For the 60 hospitals 1,199,889 patients, 97.8% (SD: 0.7%), had a LoS
shorter than 30 days. In-hospital mortality rate until 30 days post-admission
was 4.7% (SD: 0.7%). In-hospital mortality rate for patients with a LoS longer
than 30 days was 11.6% (SD: 2.4%).
Overall mortality rate at 30 days (both in-hospital and out-hospital) was
7.2% (SD: 0.8%). Mortality rate from admission to 30 days post-discharge was
8.4% (SD: 0.9%). Early post-discharge mortality rate was 2.7% (SD: 0.4%).
For a full overview of mortality rates and discharge statistics, see table 4.2.

Table 4.1 Baseline characteristics. Values are numbers (percentages)
unless stated otherwise

Characteristics
Average age (years)
Male sex
Urgent admission
Average length of stay (days)
In-hospital death

Included admissions
(n=2 149 958)

Excluded admissions
(n=237 646)

64.1

58.9

1 013 519 (47.1)

114 841(48.3)

1 260 927 (58.7)

142 895 (60.1)

7.5

8.0

104 337 (4.9)

8987 (3.8)

Admissions between 2007 and 2010 were not included if no unique link was possible
between Hospital Discharge Register database and population register.

Table 4.2 Overview of crude mortality rates, transfer rates, and average length
of hospital stay
Measure

Mean (SD)

In-hospital mortality rate (%)

4.9 (0.7)

Hospital mortality rate until 30 days after admission (%)

7.2 (0.8)

Hospital mortality rate until 30 days after discharge (%)

8.4 (0.9)

Length of hospital stay (days)

7.2 (0.7)

Admissions with length of hospital stay <30 days (%)

97.8 (0.7)

In-hospital mortality rate at 30 days after admission (%)

4.7 (0.7)

Early post-discharge mortality rate (†discharge-†admission+30days) (%)

2.7 (0.4)

In-hospital mortality rate for admissions >30 days (%)

11.6 (2.4)

Transfer rate (%)

9.4 (3.8)

We used HDR data of all patients discharged in the period 2007-2010
that could be uniquely paired with the population register to estimate the
coefficients of the 50 prediction models for in-hospital mortality, 30 days
post-admission mortality, and 30 days post-discharge mortality. The
estimated models are available on request.
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CHAPTER 4 — Including postdischarge mortalityin the calculation of HSMRs: an analysis

61

Comparison of hospital SMRs based on different
mortality timeframes
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Figure 4.1 Distribution of hospitals according to in-hospital standardised mortality
ratios (SMR), 30 days post-admission SMR, and 30 days post-discharge SMR

Numbers of hospitals

Figure 4.1 shows histograms of in-hospital SMRs, 30 days post-admission
SMRs, and 30 days post-discharge SMRs. Between-hospital variability was
less with 30 days post-admission SMRs and 30 days post-discharge SMRs.
Figure 4.2 shows scatterplots indicating how in-hospital SMRs change when
30 days post-admission SMRs and 30 days post-discharge SMRs are used.

Histogram C: 30-days-post-discharge SMR
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Histogram A: in-hospital SMR

Numbers of hospitals

SMR points

Table 4.3 and 4.4 show whether these different SMRs also lead to different
judgment of individual hospitals. Based on in-hospital SMR, 17 hospitals
performed better than expected (95% C.I. < 100) and 9 hospitals performed
worse than expected (95% C.I. > 100). Using 30 days post-admission SMR,
20 hospitals were judged differently compared with in-hospital HSMR
(Table 4.3).
With 30 days post-discharge SMR, 13 hospitals were categorized differently
(Table 4.4).
SMR points
Histogram B: 30-days-post-admission SMR

Table 4.3 Classification according to 30 days post-admission standardised mortality
ratio (SMR) compared with in-hospital SMR

Numbers of hospitals

Classification according to
in-hospital SMR

SMR points

Measuring standardised mortality ratios of hospitals

Classification according to 30 days post-admission SMR
Worse than
expected

Conforms to
expected

Better than
expected

Worse than expected

6

3

0

Conforms to expected

5

23

6

Better than expected

0

6

11

On the basis of the SMR and its 95% confidence interval, a hospital can be classified in three
categories: better than expected, conforms to expected, and worse than expected. If the SMR is
significantly above 100 or significantly below 100, the hospital is considered to have performed
respectively worse or better than expected. If the SMR does not significantly differ from 100, the
hospital’s performance is considered to have conformed to expected. Twenty out of 60 hospitals
were classified differently with the 30 days post-admission timeframe in comparison with inhospital mortality.
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Classification according to 30 days post-discharge SMR
Worse than
expected

Conforms to
expected

Better than
expected

Worse than expected

6

3

0

Conforms to expected

3

28

3

Better than expected

0

4

13

On the basis of the SMR and its 95% confidence interval, a hospital can be classified in three
categories: better than expected, conforms to expected, and worse than expected. If the SMR is
significantly above 100 or significantly below 100, the hospital is considered to have performed
respectively worse or better than expected. If the SMR does not significantly differ from 100, the
hospital’s performance is considered to have conformed to expected. Thirteen out of 60 hospitals
were classified differently with the 30 days post-discharge timeframe in comparison with in-hospital
mortality.

Effect of discharge patterns on in-hospital SMR
Table 4.5 shows the association between in-hospital SMR and early postdischarge mortality rates, LoS, and transfer rates. The in-hospital SMR had a
positive correlation with LoS (Pearson correlation coefficient = 0.33 (P = 0.01))
and a negative correlation with early post-discharge mortality rates (Pearson
correlation coefficient = -0.37 (P = 0.004)). The correlation between LoS and
early post-discharge mortality rates was negative (Pearson correlation coefficient = -0.30 (P = 0.02)).
According to the used dataset 9.4% discharges (SD: 3.8%) were transferred
to another medical institution. We noted that four hospitals had no recorded
transfers. The correlation between in-hospital SMR and transfer rate was not
statistically significant (Pearson correlation coefficient = -0.06 (P = 0.661)).

Table 4.5 Relations between in-hospital standardised mortality ratio (SMR) and early
post-discharge mortality rate, transfer rate, and length of stay, and between length of
stay and early post-discharge mortality
Relation

Pearson correlation
coefficient

P value

In-hospital SMR and early post-discharge mortality

-0.37

0.004

In-hospital SMR and transfer rate

-0.06

0.66

In-hospital SMR and length of stay

0.33

0.01

Length of stay and early post-discharge mortality

-0.30

0.02

Measuring standardised mortality ratios of hospitals

in-hospital SMR vs 30-days-post-admission SMR
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30-days-post-admission SMR

Classification according
to in-hospital SMR

Figure 4.2 Scatterplots showing that for some individual hospitals standardised
mortality ratio (SMR) changes if 30 days post-admission or 30 days post-discharge
SMRs are used. The diagonal indicates the points where in-hospital SMR equals 30
days post-admission SMR (or 30 days post-discharge SMR)

in-hospital SMR

in-hospital SMR vs 30-days-post-admission SMR

30-days-post-admission SMR

Table 4.4 Classification according to 30 days post-discharge standardised mortality
ratio (SMR) compared with in-hospital SMR

in-hospital SMR
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This study examined the effect of applying mortality timeframes that include
the post-discharge period on SMRs of individual hospitals. Compared with
SMRs based on in-hospital mortality, we found that these timeframes resulted in differences in SMRs, and even altered judgments regarding the performance of individual hospitals. Furthermore, we found associations between
in-hospital SMR, LoS, and early post-discharge mortality. Combining these
findings suggests that SMRs based on in-hospital mortality may be subject
to so-called ‘discharge bias’.23
The presence of discharge bias is suggested by several observations in our
analysis. First, we found an inverse relationship between in-hospital SMR and
early post-discharge mortality implicating that lower in-hospital mortality
may actually reflect higher post discharge mortality instead of the assumed
higher degree of quality of care.
Second, a shorter average LoS is associated with lower in-hospital SMR. To
be considered as ‘better performing’, hospitals with low LoS and with low
in-hospital mortality should also have low or average post-discharge mortality. However, we found that the correlation between average LoS and early
post-discharge mortality is negative, implicating that shorter average LoS
is associated with higher post-discharge mortality. If a hospital decides to
reduce LoS without changing the care delivered, more patients will die after
discharge instead of during admission; as a consequence in-hospital SMR
will decrease. This phenomenon may be increasingly important as the average
LoS is consistently declining over the last decades 13, 14, and will most likely
continue to decline in the future due to economic pressures on hospitalbeds. Finally, the histograms in figure 4.1 show that the between-hospital
SMR variability decreased when 30 days post-admission and 30 days postdischarge timeframes are used, suggesting that at least part of the variation
of in-hospital SMR can be explained by mortality occurring shortly after discharge. Altogether, the influence of discharge bias may be substantial for individual hospitals, as a large number of hospitals (20 out of 60) were categorised
differently when the 30 days post-admission timeframe is used.

that variations in transfer rates and discharge timing appear to bias in-hospital
SMR calculations23. In the present study, we found a statistically significant
association between early post-discharge mortality and in-hospital SMRs but
no statistically significant association between transfer rates and in-hospital
SMRs. However, the fact that four hospitals did not record any transfers to
other medical institutions at all, suggests that the quality of registration of this
variable in our database is questionable, at least for some hospitals. Therefore,
the lack of a statistically significant effect could also be due to a poor quality
of registration of this variable. A recent study of Drye and colleagues (2012)
concluded that for patients admitted with the diagnoses acute myocardial infarction, heart failure, and pneumonia, in-hospital mortality rates favour hospitals with shorter LoS and higher transfer rates compared with 30 days postadmission mortality rates24. They reported that a higher LoS was associated
with higher in-hospital mortality. Our results are in line with these observations. Rosenthal et al. (2000) examined the relationship between in-hospital
mortality and hospital discharge practices using data of 13,834 patients with
congestive heart failure in the United States25. They found that the classification of hospitals as statistically significant outliers on the basis of their inhospital SMRs was noticeably different from the classification based on 30
days post-admission SMRs. This observation may well suggest the presence
of discharge bias. In addition to the previously mentioned studies, the present study is, to our knowledge, the first to include a broad hospital population
taking into account 50 diagnoses with a higher a priori mortality risk. Therefore our results may be more applicable when studying hospital-wide performance, for example when using HSMRs to assess quality of care.

Limitations of study

Our results are in accordance with previous work and underline the risk
of discharge bias when using in-hospital mortality statistics. For example,
Vasilevskis and colleagues (2009) studied ICU admissions and concluded

The pseudonomised, administrative data used for this study have some
limitations that need to be considered. First, approximately 10% of the
pseudonomised admissions could not be linked to the population register
and had to be excluded. Unfortunately, we had no other means to retrieve the
post-discharge mortality of the 10% non-linkable admissions and therefore
we do not know whether these discharges might have influenced the magnitude and direction of the difference between in-hospital SMR and postdischarge mortality. However, Statistics Netherlands considers this number
of linkable admissions sufficient to perform statistical analysis19. Second, we
could not determine whether the 50 analysed diagnostic groups, accounting
for 80% of in-hospital mortality, also accounted for a high percentage of post-
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discharge mortality. This is because admissions not belonging to the 50
analysed diagnostic groups were not linked to the population register, and
therefore, post-discharge mortality could not be computed for these admissions. Third, because participation of hospitals in the HDR-database was
on a voluntary basis, not all hospitals participated, potentially reducing the
variation in hospital performance (especially, when poorly performing hospitals selectively decline to participate). However, it is likely that the included
hospitals give a fair representation of all Dutch general hospitals, because
the crude mortality rates of the excluded hospitals were similar to those of
included hospitals. Finally, we had no means to determine whether a patient
had been admitted to, or was transferred from a non-participating hospital.
Consequently, the death of a transferred patient from or to a hospital that
did not contribute to the HDR-database was only assigned to the admitting
or referring hospital that participated in the HDR.

Implications of findings
Increasingly, pay-for-performance programmes and selective purchasing
are based on outcomes rather than adherence to process variables. If hospital
mortality – either at the aggregate level (HSMR) or by specialty, diagnosis or
procedure – is used as a performance measure, it is essential to guard against
bias and reduce the potential for ‘gaming’. We found that between-hospital
variability of in-hospital SMRs could be partly explained by differences in
post-discharge mortality and LoS. This skews interpretation of quality of care
against hospitals with longer LoS and lower post discharge mortality rates.
Therefore, we recommend including post-discharge deaths in the mortality
analyses by using timeframes that incorporate the early post-discharge period.
Of course, mortality after discharge may also be affected by factors beyond
hospital control, such as quality of out-patient care or quality of other referring and admitting hospitals. However, from a societal perspective this could
be beneficial, as hospitals now have a stake in organizing adequate handover
and post-discharge care. In addition, collection of post-discharge data is currently not routine and acquiring these data may be costly. Nevertheless, our
study suggests that 30 days post-admission or 30 days post-discharge SMRs
are less vulnerable to discharge bias than in-hospital SMRs and may therefore
be preferable if SMRs are to be used for assessment of hospital performance.

Measuring standardised mortality ratios of hospitals

30 days post-admission mortality vs. 30 days
post-discharge mortality
Whether to use a 30 days post-admission timeframe or a 30 days post-discharge timeframe is still under debate. The major advantage of a 30 days postadmission timeframe is the fixed window of time in which care is measured.
The timeframe is equal for all hospitals whatever their discharge policy or
their opportunities to reduce the length of stay such as the near vicinity of
palliative care centres or other more specialised hospitals. However, patients
dying in the hospital after 30 days of admission will be mistakenly regarded
as survivors, introducing a potential gaming element for hospitals (an extreme
example would be the incentive to keep patients with a poor prognosis alive
until at least 30 days after admission). With the 30 days post-discharge timeframe these patients are also analysed, however the timeframe of measurement is no longer fixed. A more elegant method would be to determine the
best timeframe per diagnosis or procedure. For example, for surgical procedures it is common to use a 30 days post-admission timeframe, but for some
diagnoses such as pneumonia, a longer timeframe may be preferable. Also,
sometimes a combination of timeframes is used; for example the 30 days postadmission timeframe for patients discharged within 30 days combined with
the in-hospital timeframe for patients admitted longer than 30 days. This has
been successfully applied in the EuroSCORE, a tool to predict operative mortality for patients undergoing cardiac surgery26. Further research is required to
determine the optimal window of time for every specific diagnosis. Based on
our findings and the literature the 30 days post-admission timeframe in combination with the in-hospital timeframe for patients admitted longer than 30
days may best balance the risk of discharge bias and maintain the advantage
of a fixed timeframe.

Conclusions
In conclusion, selecting mortality timeframes that include the post-discharge
period changes SMRs of individual hospitals and affects performance judgments. Furthermore, short LoS was associated with low in-hospital mortality
but higher post-discharge mortality. These findings suggest that incorporating
early post-discharge mortality in the SMR will reduce the effect of discharge
bias.
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ABSTRACT

CHAPTER 5
Standardised mortality
ratios of specialised
hospitals: the influence
of referral bias
Pouw ME, Peelen LM, Rinkel GJE,
Moons KGM, Kalkman CJ

Objectives
To assess to what extent standardised mortality
ratios (SMRs) for ‘aneurysmal subarachnoid
haemorrhage’ (ASAH) and ‘traumatic brain injury’
(TBI) in tertiary care neurosurgical centers differ
from regional hospitals and examined the influence
of referrals on SMRs.
Design
Retrospective analysis of routinely collected
hospital data comparing observed deaths with
deaths predicted with a casemix adjustment method
for the clinical domains ‘traumatic brain injury’ and
‘aneurysmal subarachnoid haemorrhage’.
Setting
Six tertiary care neurosurgical centers and
54 regional hospitals in the Netherlands.
Participants
2,536 admissions with ASAH, and 34,468
admissions with TBI.
Main outcome measures
In-hospital standardised mortality ratio and 30 days
post-admission standardised mortality ratio.
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Results
According to the SMRs, all hospitals performing
worse than expected in the treatment of both
ASAH and TBI were tertiary care centers. None
of the tertiary care centers performed better than
expected. The expected mortalities of ASAH and
TBI referrals to tertiary care centers and regional
hospitals were practically similar.
Conclusions
Tertiary care centers most likely have falsely high
SMRs for ASAH and TBI due to lack of important
clinical predictors. Furthermore, even with SMRs
including the early post discharge mortality, referral
bias is possible. To further reduce referral bias, the
calculated expected mortality should also take into
account the phase of illness to distinguish ‘step-up’
referrals from ‘step-down’ referrals.

Measuring standardised mortality ratios of hospitals

Standardised mortality ratios (SMRs) are a commonly used instrument to
assess and compare hospital performance.1-4 Given the implications of SMRs
for hospitals in an era of pay-for-performance and public reporting, various
studies have been conducted to improve the validity of SMRs.5-7 Patients with
aneurysmal subarachnoid haemorrhage (ASAH) and severe traumatic brain
injury (TBI) are typically treated in tertiary care neurosurgical centers. Although outcomes of patients with ASAH and TBI have improved, mortality
and disability rates remain high,8 drawing growing attention to hospital performance in these clinical domains.9-12
Analyses based only on in-hospital deaths (in-hospital SMRs) are vulnerable to discharge bias and referral bias.13, 14 Discharge bias can occur if a patient
dies outside the hospital shortly after discharge, in which case mortality is not
accounted for in the calculation of the in-hospital SMR of the discharging hospital. If different hospitals have different discharge policies, this may hinder
hospital comparisons. To reduce the effect of discharge bias, several studies
have suggested that incorporation of early post-discharge mortality in the calculation of SMRs may reduce this type of bias.13, 14 In addition, referral bias can
occur: if a patient with ASAH is referred to a tertiary hospital and subsequently dies, the in-hospital SMR of the receiving hospital is affected negatively,
whereas the in-hospital SMR of the referring hospital is affected positively
(as the patient was discharged alive). Referral bias thus influences 1) so-called
‘step-up’ referrals, where patients are referred to a more specialised hospital
to receive specialised care or interventions, but also 2) ‘step-down’ referrals,
where patients are referred to a less specialised hospital because they may no
longer need specialised care. Differences in expected mortality between these
two types of referrals create referral bias if there are differences in distribution
of ‘step-up’ and ‘step-down’ referrals between hospitals.
In the Netherlands, only few hospitals, all tertiary care neurosurgical centers, are capable and appointed to treat patients with ASAH or major TBI.
Patients with these diagnoses, initially admitted in other hospitals, are
typically referred to these centers as soon as possible. After the intervention,
patients may be transferred back to non-specialised hospitals for further
recovery and treatment. It is unclear to which extent such different referral
patterns in these two major neurologic diagnoses influence performance
measures such as SMRs.
We assessed to what extent SMRs for ASAH and TBI in tertiary care neurosurgical centers differ from regional hospitals and examined the influence of
referrals on SMRs.
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Data were obtained from the National Hospital Discharge Register (HDR).
Dutch Hospital Data (DHD), holder of the HDR, gave permission to use their
database to perform this study. The HDR contains discharge data of Dutch
hospitals and comprises patient characteristics such as age and gender as well
as standard medical variables such as date of admission, date of discharge,
diagnoses, and comorbidities. The HDR follows the ICD9-CM (international classification of diseases, 9th version, clinical modification) to register
discharge diagnoses. To acquire information on deaths that occurred after
discharge from hospital, Statistics Netherlands (www.CBS.nl) linked records
from the Hospital Discharge Register to the Dutch population register.15
Of the 84 hospitals participating in the DHD, we analysed the 3-year SMR
(2008-2010) for 60 hospitals. Six hospitals were specialised, tertiary care
neurosurgical centers and 54 were non-specialised regional hospitals. The
other 24 hospitals were not included in our analysis for various reasons, such
as insufficient participation in the HDR, no inpatient admissions, insufficient
data quality, and no permission to publish. A detailed explanation of these
reasons is described in the methodological report of the Dutch HSMR 2010.16
We used the 3-year SMR because this is common practice in The Netherlands.
The HDR registers whether an admission is a ‘referral’ from another hospital, but does not contain explicit information on whether a referral was a
‘step-up’ or ‘step-down’ referral. Therefore, we chose two clinical diagnoses
for which the referral type could straightforwardly be identified given the
organization of care for these diagnoses in the Netherlands, namely aneurysmal subarachnoid haemorrhage (ASAH) and traumatic brain injury (TBI).17
We assumed that the majority of referrals to tertiary care centers are ‘step-up’
referrals and the majority of referrals to regional hospitals ‘step-down’ referrals from tertiary care centers.

is a logistic regression model with mortality as the dependent variable and
age, sex, socio-economic status, sub-classification of main diagnosis, urgency
of admission, comorbidities according to the Charlson Comorbidity Index,19
source of admission, and month of admission as predictor variables. The regression model was used to calculate the expected probability of mortality
for each patient with this diagnosis.
For both ASAH as well as TBI, we estimated two case mix adjustment
models, the first using in-hospital mortality as the outcome, and the second
using 30-days-post admission mortality as the dependent variable. All models
were estimated in R version 2.15 and are available on request.

Standardised mortality ratios
The SMR is the ratio of the observed number of deaths and the expected
number of deaths as calculated with the case mix adjustment model and
then multiplied by the value of 100. If the 95% confidence interval of the
SMR included the reference value of 100, hospital mortality was considered
‘as expected’. If the lower level of the 95% confidence interval was above 100,
the mortality was higher than expected, and if the upper limit of the 95% confidence interval was lower than 100, the mortality was lower than expected.

Comparing SMRs of tertiary care centers with
regional hospitals
For both diagnoses ASAH and TBI, we calculated the in-hospital SMR and the
30-days-post-admission SMR for each hospital. Hospitals were classified into
three groups (conform expected, better than expected, worse than expected)
based on the 95% confidence interval of their SMRs.
Furthermore, we grouped the hospitals into tertiary care centers and regional hospitals and calculated and compared the SMR of the two hospital
groups.

Risk adjusted mortality models
For both primary diagnoses ASAH and TBI (coded using Clinical Classification
System, CCS 18), a case mix adjustment model for expected mortality was
developed according to the methodology of Statistics Netherlands,16 which
is in line with commonly used methods for SMR calculation.1, 2 The model

Measuring standardised mortality ratios of hospitals
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Also, we zoomed in onto patient characteristics of admissions that were registered as ‘referred from another hospital’ (referrals), using means (standard
deviation) or median (interquartile range) for normally and non-normally
distributed variables respectively, and numbers and percentages for categorical
variables. Mortality figures of referrals of tertiary care centers were compared
with those of regional hospitals. Additionally, the effect of mortality of referrals on the total SMR number was analysed for both groups of hospitals.

RESULTS
Patients and hospital characteristics
Table 5.1 shows patient characteristics for the tertiary care centers and regional
hospitals. In 2008-2010 the 60 included hospitals had 2,536 admissions with
ASAH, and 34,468 admissions with TBI. The average numbers of admissions
in tertiary care centers were respectively ten times and twice higher than in
regional hospitals.

Table 5.1 Baseline characteristics of admissions diagnosed with aneurysmal
subarachnoid haemorrhage and traumatic brain injury
Baseline characteristics

Aneurysmal subarachnoid
haemorrhage

Traumatic brain injury

Regional
hospitals

Tertiary care
centers

Regional
hospitals

Tertiary care
centers

54

6

54

6

1,111
199 (17.9%)

1,425
322 (22.6%)

28,234
564 (2.0%)

6,234
249 (4.0%)

61.9

56.2

42.4

41.7

Male

444 (40.0%)

471 (33.1%)

16,189 (57.3%)

3,840 (61.6%)

Urgent admission

886 (79.7%)

1,222
(85.8%)

26,886
(95.2%)

5,982
(96.0%)

Average No. of comorbidities
per admission

0.16

0.14

0.07

0.07

Average No. of admissions

20.6

237.5

522.9

1039.0

6.8 days

15.7 days

3.6 days

6.3 days

No. of hospitals
Admissions
Referrals
Average Age (in years)

Average length of stay

Comparing SMRs of tertiary care centers
with regional hospitals
Table 5.2A and 5.2B show the in-hospital SMR and 30-days-post-admission
SMR when hospitals are grouped into tertiary care centers and regional hospitals. The grouped in-hospital SMR of tertiary care centers is significantly higher than 100 for both ASAH and TBI. The grouped in-hospital SMR of regional
hospitals is lower than 100 for ASAH and significantly lower than 100 for TBI.
The grouped 30-days-post-admission SMR for tertiary care centers is still
significantly higher than 100 for TBI but not for ASAH.
Focusing on the classification of individual hospitals (table 5.3), all hospitals
performing worse than expected for the treatment of both SAH and TBI were
tertiary care centers. None of the tertiary care centers were performing better
than expected.
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Table 5.2A Observed mortalities, expected mortalities, and SMRs of SAH admissions,
stratified in regional hospitals and tertiary care centers and subsequently in referred
and non-referred admissions
Subarachnoid haemorrhage

Regional hospitals (n = 54)

Admissions

80

Tertiary care centers (n = 6)

Non-referred
admissions

Referred
admissions

All
admissions

Non-referred
admissions

Referred
admissions

All
admissions

912 (82%)

199 (18%)

1111

1103 (77%)

322 (23%)

1425

5.1

14.5

6.8

16.2

13.9

15.7

Average length of stay (days)

81

In-hospital mortality
24.8%

7.5%

21.7%

23.2%

13.0%

20.9%

26.3%

11.5%

23.7%

20.3%

11.5%

18.3%

30-days mortality rate2

33.3%

8.5%

28.9%

24.2%

14.9%

22.1%

30-days expected mortality rate

30.8%

12.3%

27.5%

23.8%

12.8%

21.4%

in-hospital SMR

94 (82 – 107)

66 (34 – 109)

92 (91 – 104)

115 (101 – 130)

113 (82 -153)

114 (102 – 128)

30-days SMR

108 (96 – 121)

70 (41 – 111)

105 (94 -117)

102 (90 – 115)

116 (86 – 154)

104 (92 – 116)

In-hospital mortality rate1
In-hospital expected mortality rate
30-days-post admission mortality

SMR

In-hospital mortality:
mortality during entire
hospital admission.
2 30 days post admission
mortality: mortality from
admission to 30 days after
admission.
1

Table 5.2B Observed mortalities, expected mortalities, and SMRs of TBI admissions,
stratified in regional hospitals and tertiary care centers and subsequently in referred
and non-referred admissions

Traumatic brain injury

Regional hospitals (n = 54)

Tertiary care centers (n = 6)

Non-referred
admissions

Referred
admissions

All
admissions

Non-referred
admissions

Referred
admissions

All
admissions

27670 (98%)

564 (2%)

28234

5985 (96%)

249 (4%)

6234

3.4

13.2

3.6

6.1

10.9

6.3

1.6%

6.2%

1.6%

5.7%

9.2%

5.8%

2.1%

7.5%

2.2%

4.3%

6.5%

4.4%

30-days mortality rate2

2.1%

6.2%

2.2%

5.9%

12.9%

6.2%

30-days expected mortality rate

2.7%

8.7%

2.8%

4.8%

7.9%

4.9%

in-hospital SMR (95% confidence interval)

73 (66 – 79)

83 (58 – 115)

73 (67 – 80)

132 (119 – 147)

142 (90 – 213)

133 (120 – 147)

30-days SMR (95% confidence interval)

79 (73 – 86)

67 (46 – 95)

78 (72 – 85)

125 (112 – 138)

163 (111 – 230)

127 (115 – 140)

Admissions
Average length of stay (days)
In-hospital mortality
In-hospital mortality
In-hospital mortality rate

1

30-days-post-admission mortality

SMR

Measuring standardised mortality ratios of hospitals

1

In-hospital mortality:
mortality during admission.
2 30 days post admission
mortality: mortality from
admission to 30 days after
admission.
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Comparing mortality of referrals between
tertiary care centers and regional hospitals
As depicted in table 5.1 the proportion of referred admissions was higher in
tertiary care centers than in regional hospitals. The crude in-hospital mortality and the crude 30-days-post-admission mortality of referred admissions
were both higher in tertiary care centers than in regional hospitals for ASAH
(tables 5.2A and 5.2B).
82

Table 5.3 Classification of tertiary care centers and regional hospitals
according to in-hospital SMR and 30-days-post-admission SMR

DISCUSSION

Classification of hospitals according to in-hospital SMR
Subarachnoid haemorrhage

Traumatic brain injury

Regional
hospitals

Tertiary care
centers

Regional
hospitals

Tertiary care
centers

Worse than expected

0

1

0

4

Conform expected

53

5

47

2

1

0

7

0

Better than expected

Classification of hospitals according to 30 days post-admission SMR
Subarachnoid haemorrhage

Traumatic brain injury

Regional
hospitals

Tertiary care
centers

Regional
hospitals

Tertiary care
centers

Worse than expected

0

0

0

4

Conform expected

54

6

49

2

Better than expected

0

0

5

0

‘Worse than expected’: 95% confidence interval of SMR greater than 100
‘Conform expected’: 95% confidence interval of SMR includes 100
‘Better than expected’: 95% confidence interval of SMR lower than 100

For ASAH the expected in-hospital mortality of referred admissions
was 11.5% both in tertiary care centers and regional hospitals. The expected
30-days-post-admission mortality of referred ASAH admissions in tertiary
care centers was 12.8% and in regional hospitals 12.3%.

Measuring standardised mortality ratios of hospitals

For TBI the expected in-hospital mortality of referred admissions in tertiary care centers was 6.5% vs. 7.5% in regional hospitals. Expected 30-dayspost-admission mortality was 7.9% versus 8.7% respectively.
For ASAH, the in-hospital SMR and 30-days-post admission SMR of tertiary care centers are almost similar to the corresponding SMRs without the
inclusion of referrals, respectively 114 vs. 115 and 104 vs. 102 (table 5.2A). For
regional hospitals, we also saw no significant difference between the SMRs
with and without referrals.
For TBI, SMRs including and excluding referrals did not differ for both
tertiary care centers and regional hospitals (table 5.2B).

We found that SMRs for ASAH and TBI in tertiary care neurosurgical centers
were considerably higher than in regional hospitals. In our study, all hospitals
with significantly higher SMRs – classified as performing ‘worse than expected’ – were tertiary care centers. The higher SMRs in tertiary care centers may
be explained by a higher-than-expected observed mortality (which would
imply that tertiary care centers are indeed performing worse than regional
hospitals), or an underestimation of expected mortality, which could be
estimated erroneously due to the following reasons.
First, information may be lacking on severity of illness at admission. For
ASAH and TBI indicators of severity of injury (parameters of level of consciousness) are important predictors for mortality20-22. This information is
typically not collected in administrative databases, which serve as the basis
for calculation of expected mortality. Insufficient casemix adjustments lead to
over-, and underestimation of the expected mortality. In particular, specialised
hospitals such as tertiary care centers, admitting severely ill patients, are likely
put at a disadvantage. The higher SMRs we observed in tertiary care centers
contrast with studies that reported better outcomes in specialised hospitals.23, 24
For example, Dubose et al. concluded that patients with severe TBI treated
in level-1 trauma centers had better survival rates and outcomes than those
treated in level-2 trauma centers.23 Garwe et al. found a survival benefit among
patients transferred to specialised trauma centers compared to those remaining in non-specialised trauma centers.24 However, these studies adjusted for
patient-level risk factors such as Glasgow coma scales and Injury Severity
Score.

CHAPTER 5 — Standardised mortality ratios of specialised hospitals: the influence of referral bias

83

84

Second, information regarding the phase of illness (acute phase versus stable
phase after initial treatment) is lacking in administrative databases. ASAH and
TBI referrals to tertiary care centers are typically in the acute phase of their
disease with a high probability of complications and death (step-up), whereas
referrals to regional hospitals tend to be in a more stable phase of their disease
with in general less probability of complications (step-down). The lack of
distinction between ‘step-up’ and ‘step-down’ referrals within prediction
models averages out any potential differences between referrals to tertiary
care centers and to regional hospitals. Indeed, we found that expected mortality rates for referred TBI admissions, as well as for referred ASAH admissions,
are nearly similar for tertiary care centers and regional hospitals (tables 5.2A
and 5.2B). So, although in clinical practice step-up and step-down referrals
have different probabilities of dying – partly due to the phase of illness – this
is not reflected in the calculated expected mortality rates.
Furthermore, our results suggest that using in-hospital mortality as a basis
for SMR calculation increases the potential of referral bias compared to using
30-days-post- admission mortality. For patients with ASAH initially admitted
to a regional hospital, 30-days-post-admission mortality rate is considerably
higher than in-hospital mortality rate (33.3% vs 24.8%). This can be explained
as follows: ASAH patients are referred (step-up referral) as soon as possible
to a tertiary care center for definitive treatment (coiling or clipping). For the
receiving tertiary care center, in-hospital mortality and 30-days-post- admission mortality are similar (13.0% vs 14.9%), indicating that if patients die after
such specialised treatment, most of them do so within the receiving tertiary
care center. In contrast, for the referring regional hospital, SMR will be low
when calculated based on in-hospital mortality, but higher when mortality
occurring in the tertiary center is included in the SMR based on 30-day
mortality. Thus using 30-days-post- admission mortality addresses aspects
of referral bias with respect to observed mortality (but not with respect to
expected mortality).
Our study is, to our knowledge, the first that addresses referral bias by
comparing mortality of referrals to tertiary care centers (step-up) with referrals to regional hospitals (step-down). Several studies examined the influence
of referrals on hospital performance evaluation.25-28 However, these studies
had a different research objective than ours, comparing outcomes of referred
patients with directly admitted patients. They concluded that, even with a
sophisticated casemix adjustment method using precise severity of illness
information data, patients transferred to an ICU of a tertiary care center had
worse outcomes than those who were directly admitted. Our findings suggest
that for the diagnoses SAH and TBI information about the phase of illness

is necessary to adjust for differences in ‘step-up’ and ‘step-down’ referrals
reducing referral bias between hospitals.
There are limitations to this study. First, the administrative dataset did not
contain explicit information whether a referral was ‘step-up’ or ‘step-down’.
However, in the Netherlands organisational structure of care for patients with
TBI and ASAH is such that it allowed us to assume that most of the ASAH and
TBI referrals to tertiary care centers are ‘step-up’ referrals and those to regional
hospitals ‘step-down’ referrals. Whether the number of referrals is underregistered is a second issue. In the HDR database, on average 23% of all SAH
admissions of tertiary care centers were referrals from other hospitals. This
seems rather low compared with estimates from existing specialised ASAH
databases. As a higher proportion of referrals will increase the probability of
referral bias, the need for additional information concerning the phase of illness is more pressing. Third, we could not determine whether the inclusion of
clinical predictors (e.g. GCS on admission, Injury Severity Score, mechanisms
of injury, and Hunt and Hess Stroke scale) in the prediction models for ASAH
and TBI would indeed alter the SMRs of tertiary care centers and regional hospitals, as these were not available. However, in tertiary care centers these clinical variables are the strongest predictors of mortality and long term outcomes
after stroke.29 Finally, because participation in the HDR was on a voluntary
basis, not all hospitals participated, potentially altering the differences in SMR
between tertiary care centers and regional hospitals.
Despite the limitations described, and the limited influence of referrals
on the overall SMR in our study, our findings suggest that tertiary care centers
are put to a disadvantage with the current SMR calculation due to lack of
information about the severity of illness and the presence of referral bias
between tertiary care centers and regional hospitals. We found almost equal
expected mortalities for referrals to tertiary care centers and regional hospitals, which is not in line with the assumption that referrals in the acute phase
of illness (‘step-up’ referrals) have a higher expected mortality than referrals
in a more stable phase of illness (‘step-down’ referrals). Hence, admitting
‘step-up’ referrals can adversely affect a hospital’s SMR, while accepting
‘step-down’ referrals can positively affect its SMR.
Referral bias and its consequences for SMR calculations are of course not restricted to hospitals specialised in acute neurological diseases, but may also occur
in hospitals specialised in other acute diseases such as heart centers. The extent
to which this leads to erroneous SMR estimations, depends on various aspects,
such as the percentage of referrals and the importance of clinical indicators for
the severity and phase of illness that are currently not in the SMR prediction
models. Given these restrictions, it is questionable whether SMRs can be used
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to benchmark specialised hospitals against non-specialised hospitals, because
they cater to different levels of severity and different phases of the disease.
In conclusion, our findings suggest that tertiary care centers most likely
have falsely high SMRs for SAH and TBI. The lack of (known) important clinical predictors in the computation of the expected mortality most likely puts
tertiary care centers at a disadvantage as they will receive more severely ill
admissions, either referred or directly admitted. Furthermore, the inclusion
of the post-discharge period in the calculation of SMR addresses some aspects
of referral bias – especially regarding the observed mortality – but it still neglects features concerning the expected mortality. To compare tertiary care
centers with non-specialised regional hospitals important (clinical) predictors
should be included in the prediction model. To further reduce referral bias,
the calculated expected mortality should also take into account the phase
of illness to distinguish ‘step-up’ referrals from ‘step-down’ referrals.
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Objective
To compare the accuracy of data from hospital
administration databases and a national clinical
cardiac surgery database and to compare the
performance of the Dutch Hospital Standardized
Mortality Ratio (HSMR) method and the logistic
EuroSCORE, for the purpose of benchmarking of
mortality across hospitals.
Methods
Information on all patients undergoing cardiac
surgery between 1 January 2007 and 31 December
2010 in 10 centres was extracted from The Netherlands Association for Cardio-Thoracic Surgery
database and the Hospital Discharge Registry.
The number of cardiac surgery interventions was
compared between both databases. The EuroSCORE
and HSMR models were updated in the study
population and compared using the C-statistic,
calibration plots and the Brier-score.
Results
The number of cardiac surgery interventions
performed could not be assessed using the
administrative database as the intervention code
was incorrect in 1.4 to 26.3%, depending on the type
of intervention. In 7.3% no intervention code was
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registered. The updated administrative model was
inferior to the updated clinical model with respect
to discrimination (c-statistic of 0.77 versus 0.85,
p-value <0.001) and calibration (Brier Score of 2.8%
versus 2.6%, p-value <0.001, maximum score 3.0%).
Two average performing hospitals according to the
clinical model became outliers when benchmarking
was performed using the administrative model.
Conclusions
In cardiac surgery, administrative data are less
suitable than clinical data for the purpose of
benchmarking. The use of either administrative
or clinical risk-adjustment models can affect the
outlier status of hospitals. Risk-adjustment models
including procedure specific clinical risk factors
are recommended.

Measuring standardised mortality ratios of hospitals

A valid comparison of outcomes between hospitals or healthcare providers
(benchmarking) requires adjustment for severity of the health condition of
patients and the performed interventions, often referred to as case-mix differences.1-3 For this purpose prediction models have been developed to estimate
risk-adjusted outcomes across hospitals. Most of these models are based on
routinely collected administrative hospital data. For example, the hospital
standardised mortality ratio (HSMR), first developed by Jarman in 1999 for
the United Kingdom, is a risk-adjusted mortality rate calculated using prediction models based on administrative data.4 Because administrative data are
collected for other purposes, they are easily available, and thus the use of these
data for benchmarking is cheap and requires relatively little extra effort.
However, administrative databases are often criticised for being inaccurate,
incomplete, and containing limited information.5-9 As a consequence, comparisons of risk-adjusted outcome rates between healthcare providers that are based
on administrative database data might be unreliable, leading to unjustified criticism. For that reason clinical databases with corresponding clinical prediction
models have been developed (e.g. European System for Cardiac Operative Risk
Evaluation and Society of Thoracic Surgeons risk models in cardiac surgery) that
include multiple clinical predictors for mortality.10-12 The European System for
Cardiac Operative Risk Evaluation (EuroSCORE) is a prediction model that was
specifically designed to predict the risk of operative mortality related to cardiac
surgery using 18 demographic and risk factors. The EuroSCORE can thus be
used to adjust for differences in casemix in the comparison between healthcare
providers. Models based on clinical risk factors are claimed to have a better predictive performance, resulting in improved risk-adjustment, and enable valid
comparison of outcomes across centres.5-7; 13 The downside is that clinical databases are more expensive; they comprise information that is obtained by active
data collection by dedicated individuals and thus require continuous maintenance. Previous studies have not come to a conclusive answer to the question if
clinical risk factors are necessary for adequate risk-adjustment. Some concluded
that administrative data are sufficient to enable benchmarking, whereas others
show a clear inferiority and insufficiency when compared to clinical data.6-8; 13-20
The aim of our study was to analyse whether a risk-adjustment model
based on administrative data allows for adequate benchmarking in cardiac
surgery. Using a nationwide cohort of cardiac surgery patients, we assessed
the accuracy of an administrative database and the predictive performance
of administrative models in comparison to a clinical database and the clinical
EuroSCORE model.21
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Both EuroSCORE and administrative variables of a national cohort of cardiac
surgery patients in The Netherlands have been collected in two separate
databases: 1.) The adult national cardiac surgery database of the Netherlands
Association of Thoracic Surgery (NVT) and 2.) The National Hospital
Discharge Registry (HDR) of The Netherlands.21-23

The adult national cardiac surgery database of the
Netherlands Association of Thoracic Surgery This clinical
database has a national coverage with participation of all sixteen centres performing cardiac surgery in The Netherlands.21 All patients undergoing cardiac
surgery excluding transfemoral aortic valve implantation, circulatory assist
devices and pacemakers, are included in the database. Ten out of 16 cardiac
centres participated in our study, in which 34229 consecutive procedures were
performed between 1 January 2007 and 31 December 2010. Procedures with
incomplete data were excluded (N=218, 0.6%), resulting in 34011 procedures
for further analyses. The dataset consisted of predictors for mortality as listed
in table 6.1, defined according to the EuroSCORE.10 The EuroSCORE was developed to estimate the operative risk of mortality related to cardiac surgery
(within 30-days and/or during the same hospital admission).11 In this study,
the EuroSCORE was used to estimate the risk of in-hospital mortality.

The Hospital Discharge Registry The Hospital Discharge Registry
contains administrative data of all 10 hospitals included in this study. The dataset consists of patient characteristics and admission details such as age, comorbidity, sex and urgency of admission. For interventions the International
Classifications of Health Interventions (ICHI) coding system is used and for
diagnoses the International Classification of Disease (ICD-9).24 The Dutch
HSMR method is based on the HDR database and uses 50 risk-adjustment
models, each for one specific group of diagnoses. The models estimate the risk
of mortality for patients with a diagnosis belonging to the specific diagnose
group.22

databases were linked to identify similar records. Both the HDR and NVT
database contain anonymised data, meaning no directly identifying information is stored. Records from both databases were linked to the municipal registries based on date of birth, gender and zipcode, and were subsequently linked
to each other. The linkage was performed by Statistics Netherlands and is described in previous publications.21; 25; 26 The linkage of datasets is illustrated in
the flowchart shown in figure 6.1. In total 26,178 (77%) records from the NVT
database could be linked to a record in the HDR database and were used for
further analyses. The predicted mortality according to the logistic EuroSCORE
did not differ between the linked and the non-linked population (median
3.7%). Reasons for failed linkage were: the HDR record could not be linked to
the municipal registries or no HDR record existed for the specific intervention
(18.7%), the NVT record could not be linked to the municipal registries (2.7%),
or no administrative model was available for the record (1.6%). The linkage
of the HDR database to the municipal registries caused most linkage failure,
as only 4 digits (out of 6) of the zipcode were available in the HDR database.

Comparison of data between the NVT and HDR
database: intervention and in-hospital mortality
The type of intervention and the outcome in-hospital mortality were compared between the registries. Considering the fact that the NVT and the HDR
registries use other risk factors for risk-adjustment, these were not compared.
The NVT database was used as the reference for the type of intervention,
because this information is collected by the surgeons themselves. The HDR
database was used as the reference for in-hospital mortality, as the date of
mortality is extracted directly from the up-to-date municipality registers. The
comparison of in-hospital mortality between both databases was performed
on patient level (as opposed to intervention level), to avoid persons being
counted multiple times for mortality.

Comparison of risk-adjustment models

database and the models based on them, information on cardiac surgery interventions was required from both databases. Therefore, the HDR and NVT

The administrative and clinical model – The Dutch Hospital Standardized
Mortality Ratio (HSMR) method (models based on administrative data) and
the logistic EuroSCORE (model based on clinical data) were applied in their
original form to our study population, to predict the risk of in-hospital mortality in our study population.10; 22 These models will subsequently be called
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Administrative.1 and Clinical.1. Existing risk-adjustment models can be updated to a new study population. Updated models are adjusted to the characteristics of that population and are likely to show improved generalisability.27
There are several methods to update a risk-adjustment model.27 As cardiac
surgery interventions are incorporated in multiple Dutch HSMR models
(i.e. several diagnosis groups), one model for cardiac surgery was constructed
using stepwise backward selection based on Akaike’s Information Criterion.28
This means that the intercept and the coefficients of all included covariates
were re-estimated in our study population and only relevant risk factors were
included in the updated model. To update the EuroSCORE model, the intercept and the coefficients of all included covariates were also re-estimated in
our study population. This resulted in the updated models Administrative.2
and Clinical.2. The models can be updated even more thoroughly by inclusion
of interaction terms, in order to maximise risk-adjustment in our study population. Thus, first-order interaction terms between all covariates were added to
the updated models, resulting in the models Administrative.3 and Clinical.3.

Comparison of model performance The predictive performance
of a risk-adjustment model is quantified by means of calibration and discrimination. Discrimination refers to the ability of a model to differentiate between
subjects with and without the outcome and depends on the variables included
in the model. The discrimination of the models was quantified using the area
under the ROC-curve, which is equivalent to the c-statistic. The 95% CI of
the c-statistic and the difference between two c-statistics was tested using
DeLong’s test.29
The calibration of a risk model refers to the ability of a model to predict
how many patients will have the outcome. The calibration was assessed using
calibration plots and the Brier Score. The Brier Score measures model accuracy
on patient level by squaring and summing the difference between the pre
dicted and the observed outcome per patient. The method by Redelmeier
was used to estimate the 95% CI of the Brier Score and test the difference
between two Brier scores.30

Benchmarking
In this study, benchmarking is performed by calculating the standardised
mortality ratio (SMR) for all hospitals. The SMR is calculated by dividing the
observed mortality with the expected mortality within a hospital. SMRs of
the administrative and clinical models were compared. Centres with a SMR for
which the 95% confidence intervals (CI) did not cover the value 1 were considered to be outliers. The 95% CI of the SMRs were estimated using the method
described by Breslow and Day.31
All analyses were performed in R version 2.15.32

Figure 6.1 Flowchart of data flow. Data from the adult cardiac surgery database
(Netherlands Association for Cardio-Thoracic Surgery) was linked to municipal
registries and the Hospital Discharge Registry

34,229
Cardiac surgery procedures in
adult cardiac surgery database
218
Incomplete data
34,011
Cardiac surgery procedures

Municipal registries

916
No linkage

33,095
Cardiac surgery procedures

Hospital Discharge Registry

6370
No linkage
26,725
Cardiac surgery procedures
547
No HSMR-model
26,178
Cardiac surgery procedures
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The risk factors in the linked subset from both the administrative and clinical database are presented in table 6.1. Mean age was 66.6 years (+/- 10.7) and
29.5% of patients were female. A comparison of the prevalence of risk factors
could not be made, as the definitions differed between the administrative and
the clinical database.

Number of cardiac interventions performed
(by type of intervention)
In total 14300 (54.6%) isolated CABG procedures were performed according
to the NVT database. Other frequently performed interventions were: aortic
valve replacement with or without concomitant CABG (12.1 and 8.3% respectively) and mitral valve repair with or without concomitant CABG (3.1 and
2.7% respectively). The proportion of isolated CABG, isolated aortic valve
replacement, isolated mitral valve repair and isolated mitral valve replacement, which was coded with the correct main intervention code in the HDR
ranged from 64.6% to 92.2% (table 6.2). The intervention code in the HDR
was missing in 1923 (7.3%) procedures. As a result, the number of cardiac
surgery interventions could not be accurately assessed using HDR data.

Measuring standardised mortality ratios of hospitals

Calibration of the administrative models
and the clinical models
Calibration of the risk models is shown in figure 6.2. Both the original models
(Administrative.1 and Clinical.1) were poorly calibrated. Administrative.1 underestimated the risk of mortality, whereas Clinical.1 overestimated the risk
of mortality. Updating improved calibration of both models, as the difference
between observed and predicted mortality became smaller. However, in all
model pairs the Brier Score for the administrative models remained significantly higher in comparison to the clinical models, indicating inferior calibration of the administrative model (table 6.3). The maximum Brier score in this
data was 3.0%. Rescaling of the Brier Score on a scale from 0 to 100% would
result in a score of 93.8% for Administrative.3 and 87.8% for Clinical.3.
Results were comparable in the subgroup analyses on isolated CABG procedures (figure 6.2 and table 6.3), where the maximum Brier score that was
possible in these data was 1.3%.
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Table 6.1 Variables recorded in the administrative database (HDR)
and the clinical database (NVT)

Administrative variables
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N (%) N = 26178

OR in updated model

Clinical variables

N (%) N = 26178

OR in updated model

Age (continuous)

66.6 (± 10.7)

1.06***

Female sex

7714 (29.5)

1.33***

Recent myocardial infarction (<90 days)

3191 (12.2)

1.57***

LVEF 30–50%

4165 (15.9)

1.69***

Age
<25 years
(categories of 5 years up to >85)

66.5 (± 10.7)

reference
0.29-1.01

Female Sex

7714 ( 29.5)

1.44***

Acute myocardial infarction

1899 (7.3)

1.25

Congestive heart failure

696 (2.7)

4.11***

Pulmonary disease

623 (2.4)

-

LVEF <30%

1324 (5.1)

2.95***

293 (1.1)

3.62***

Pulmonary disease

3019 (11.5)

1.79***

Renal disease

3292 (12.6)

2.20***

Serum creatinine >200 μmol/l

464 (1.8)

2.79***

Peripheral vascular disease

551 (2.1)

2.17***

Emergency operation

1317 (5.0)

2.38***

Cerebral vascular accident

241 (0.9)

2.75***

Extracardiac arteriopathy

3202 (12.2)

1.83***

Peptic ulcer

51 (0.2)

4.36***

Neurological dysfunction

780 (3.0)

1.26

Previous cardiac surgery

1709 (6.5)

2.78***

Lowest

5450 (16.5%)

reference

Systolic pulmonary pressure >60 mmHg

606 (2.3)

1.97***

Below average

5379 (16.3%)

0.89

Active endocarditis

Average

4999 (15.1%)

0.79*

Unstable angina

Urgency

Social economic status

216 (0.8)

1.45

15776 (6.0)

1.95***

Above average

5801 (17.5%)

0.70**

Critical preoperative state

983 (3.8)

2.51***

Highest

4541 (13.7%)

0.95

Ventricular septal rupture

47 (0.2)

3.93***

Unknown

6925 (20.9%)

Other than isolated CABG

11809 (45.1)

3.43***

1258 (4.8)

2.75***

Year of discharge

Thoracic aortic surgery

2007

6829 (20.6%)

2008

6697 (20.2%)

1.04

2009

6941 (21.0%)

0.83

5711 (17.3%)

0.69***

2010
Unknown

reference

6917 (20.9%)

Admission from
Home

19907 (60.2%)

reference

145 (0.4%)

3.41***

4952 (15.0%)

1.27**

1174 (3.5%)

1.38*

Nursing home
General hospital
Academic centre
Unknown

6917 (20.9%)

For dichotomous variables the number of patients and percentage of total population is reported; for
continuous variables the mean and standard deviation. OR: odds ratio in multivariable logistic regression risk-adjustment model re-estimated in the study population; CABG: coronary artery bypass grafting; IQR: interquartile range; LVEF: left ventricular ejection fraction. *p < 0.05; **p < 0.01; ***p < 0.001.
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Table 6.2

Discrimination of the administrative models
and the clinical models

Comparison of intervention type and in-hospital mortality
Hospital Discharge Registry
(administrative data)
Correct main
intervention
code

100

NVT database
(clinical data)

Intervention type

Isolated CABG
Isolated AoV

Incorrect
main
intervention
code

No code

14300 (100%)

13185 (92.2%)

197 (1.4%)

918 (6.4%)

3157 (100%)

2461 (78.0%)

457 (14.5%)

239 (7.6%)

Discrimination of the models is shown in figure 6.3. The c-statistics of the
administrative models (0.756 – 0.788) are substantially lower than that of
the clinical models (0.838 – 0.846), indicating inferior discrimination of the
administrative models (p <0.001 for all three model pairs). Updating of the
administrative model did not improve the discrimination (figure 6.3).
101

replacement
Isolated MV repair

820 (100%)

625 (76.2%)

134 (16.3%)

61 (7.4%)

Isolated MV replacement

316 (100%)

204 (64.6%)

83 (26.3%)

29 (9.2%)

NVT: Netherlands Association for Cardio-Thoracic Surgery, AoV: aortic valve, MV: mitral valve,
CABG: coronary artery bypass grafting.

In-hospital mortality
In-hospital mortality in the HDR database is derived from the municipal registries and highly accurate. In the NVT database 42 of 762 (5.5%) patients who
died during hospital stay were not coded as such and the other way around,
36 of 25005 (0.1%) survivors were incorrectly coded as in-hospital mortality
during the same hospital admission.

Table 6.3 Brier Score of the three clinical models and the three administrative
models, for all cardiac surgery and for only isolated coronary artery bypass surgery
All cardiac surgery

Isolated CABG surgery

Brier Scores

administrative

clinical

P value
diff.

administrative

clinical

P value
diff.

Original models

2.9 %
[2.8-3.0]

3.0 %
[2.8-3.2]

0.093

1.3 %
[1.2-1.5]

1.4 %
[1.1-1.7]

0.030

Updated models

2.9 %
[2.7-3.1]

2.7 %
[2.5-2.9]

<0.001

1.3%
[1.1-1.4]

1.2 %
[1.0-1.3]

<0.001

Updated +
interaction terms

2.8 %
[2.6-3.0]

2.6 %
[2.5-2.8]

<0.001

1.2%
[1.1-1.4]

1.2 %
[1.0-1.3]

0.026

The effect on benchmarking
The effect of the use of administrative versus clinical models on benchmarking is shown in figure 6.4. The majority of SMR’s calculated using the original
administrative model were higher than 1, which indicates that the model underestimated the risk of mortality. For the original clinical model the opposite
was found: the model overestimated the risk of mortality
Updating of models resulted in better predictions on hospital level (SMR’s
closer to 1). However, a considerable difference was found between the updated administrative versus the updated clinical models, for example in hospital
B and hospital C (figure 6.4).The mean difference in SMR for admistrative.1
versus clinical.1 was 1.13 (range 0.23-2.08), 1.12 (range 0.004-0.37) for administrative.2 versus clinical.2, and 1.11 (range 0.001-0.43) for administrative.3
versus clinical.3.
The SMR’s calculated using the clinical and administrative models yielded
different outliers. Hospital C and hospital J changed outlier status when either
the updated model Administrative.3 or Clinical.3 were used. The analyses using only isolated CABG surgery yielded comparable results as those based on
all cardiac surgery data (figure 6.4).

Brier scores range from 0 to a value depending on the prevalence of the outcome. The maximum
Brier score that was possible in this data was 3.0% for all cardiac surgery and 1.3% for isolated
CABG. A lower Brier score indicates better calibration. Brackets denote 95% confidence intervals.
CABG: coronary artery bypass grafting.
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Figure 6.2 Calibration plot of the three clinical models and the three
administrative models. The calibration plots of the clinical models are depicted
in red and the calibration plots of the administrative models in blue

Figure 6.3 Area under the ROC-curve of the clinical and the administrative models
for the prediction of in-hospital mortality. The ROC-curves of the clinical models are
depicted in red and the ROC-curves of the administrative models in blue
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Panel A: models fitted on all cardiac surgery.
Panel B: models fitted on isolated coronary artery bypass grafting procedures.

Panel A: models fitted on all cardiac surgery.
Panel B: models fitted on isolated coronary artery bypass grafting procedures.

Measuring standardised mortality ratios of hospitals

CHAPTER 6 — The Dutch HSMR method and cardiac surgery

1 – Specificity

Figure 6.4 Benchmarking using Standardized Mortality Ratio (SMR) calculated by
the clinical models and the administrative models. SMRs of the clinical models are
depicted in red and the SMRs of the administrative models in blue

DISCUSSION
Principle findings
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This study compared 1) data accuracy in the administrative HDR database to
that in the clinical cardiac surgery database of the Netherlands Association of
Cardio-Thoracic Surgery (NVT) and 2) the predictive performance of administrative models to the that of the clinical EuroSCORE model.
The reported intervention code in the administrative database was incorrect in up to 26%, depending on the type of surgery. As a result, the number
of cardiac surgery interventions could not be accurately assessed.
After updating of the models to our data, the calibration of the administrative model was inferior to that of the clinical model. The importance of this
shortcoming is marked by the identification of other outliers when used for
benchmarking of hospitals.

Why models based on administrative data have
inferior calibration and discrimination
When developing a risk prediction model, the first logical step is to consider
which variables could be predictors for the outcome. However, administrative
models are limited to the routinely collected variables, which might not
necessarily be the strongest predictors. In our study, several strong predictors
for mortality (shown in table 6.1) were not available in the administrative
database. The other way around, administrative risk factors that were strongly
associated with mortality had a low prevalence in our study population. This is
likely to have affected the calibration and discrimination of the administrative
models. Previous studies reported that much of the predictive performance
of risk models is derived from a relatively small number of clinical variables
and the predictive performance of administrative models could be improved
with the addition of a limited number of clinical variables.7; 13; 19; 33-34

SMR

Panel A: models fitted on all cardiac surgery.
Panel B: models fitted on isolated coronary artery bypass grafting procedures.
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Why administrative data are inferior to clinical
data for benchmarking purposes
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The requirements of a risk-adjustment model depend on its goal. For benchmarking an adequate calibration is required: the model should adequately
predict the expected mortality rate in a hospital. It can be seen as a scale that
should weigh correctly. The performance of a scale mainly depends on its
ability to weigh a (kilo)gram. If this feature is adequate, but the weighing is
off par, the scale can be reset to zero to adjust it to any new situation. Similarly,
the performance of a model depends on the strength of the predictors in the
model (i.e. discrimination), as the model can be re-calibrated to update it in
time or to make it suitable for a new population. It follows from aforementioned that the inferior discrimination of administrative models (in comparison
to clinical models) will result in inferior calibration. It is shown in this study
that this could very well affect the outlier status of a hospital.

Other issues in the use of administrative data
There are other reasons why the HDR database with routinely collected data
turned out to be unsuitable for analyses of outcomes in cardiac surgery.
Firstly, for a considerable number of records in our study population the intervention code was incorrect, unspecified (e.g. “cardiac surgery”) or missing.
Consequently, the number of cardiac surgery interventions performed could
not be reliably assessed. Previous studies have also reported discrepant counts
of operations in administrative data versus clinical data.8; 17; 35
Inaccurate coding could be attributed to the fact that data were collected
by persons who were not actively involved in the clinical care and thus were
dissociated from clinical information that could be necessary for correct reporting of data.36 In addition, occasionally not all interventions and diagnoses
are recorded. Also, admission and discharge dates are collected, instead of
dates of intervention. This has been reported before as an important reason
for variance in cardiac surgery volumes between administrative and clinical
databases.17
Furthermore, the HSMR-method uses administrative models for specific
diagnose codes. However, in cardiac surgery analyses of outcomes is performed by intervention type, as risk is considered to be mainly related to
the performed intervention.

Measuring standardised mortality ratios of hospitals

Implications for practice
The use of administrative data has many advantages over the use of clinical
data. The data are routinely collected and stored, making them cheaper and
readily available. However, the apparent benefits should be carefully weighed
against the limitations and drawbacks of administrative models, when compared to clinical models.
Public benchmarking in general can be dangerous in the sense that the
general public cannot be expected to understand the limitations and the
prerequisites under which the results should be interpreted. The limitations
are more pronounced for administrative data. This is particularly important
because benchmarking could have far reaching consequences when known
to healthcare consumers, the media, health insurance companies or governmental bodies. In this context, development of models with a high predictive
performance, which might include clinical risk factors, should be strived for
at all times.37 If clinical data are already collected, their availability for benchmarking should be encouraged.
On the other hand, clinical data appeared to have an evident weakness as
well. The outcome in-hospital mortality was misclassified in nearly 6% of the
records in the clinical database used in this study. For outcomes such as vital
state and readmissions, administrative databases were highly accurate, as information was derived from municipal registries. Administrative data sources
could be used to verify outcomes data, thus complementing clinical databases.
In this way, the strengths of both types of data are combined in order to optimise benchmarking in healthcare.38
The findings in this study are likely to hold true for populations other
than cardiac surgery patients and in other countries in the world. Most probably, other specific surgical interventions such as for example oesophageal or
hepato-biliary surgery, also require adjustment for risk factors not commonly
included in administrative databases. Consequently, benchmarking in those
populations will result in similar issues as encountered in this study.

Possible limitations
These analyses were based on data from 10 out of 16 cardiac surgery centres
in The Netherlands. In general, the population of the six hospitals not participating in this study did not differ from the study population with regard to
age, sex and the median logistic EuroSCORE. However, it is unknown if the
results with regard to data accuracy are generalisable to all centres.
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Secondly, the sensitivity of the linkage between the clinical and the administrative database was 77%. Although we did not find a difference in the overall
risk profile between the linked and non-linked records, we do acknowledge
that a substantial part of the total population were excluded from the analyses.
We have no reason to believe that administrative models would perform any
differently in the non-linked records or that data accuracy was better in the
non-linked records. The conclusions of our study are thus unlikely to be affected by this limitation.
The goal of this study was to assess the accuracy of administrative data and
the predictive performance of the accompanying models. As such, it was not
our intention to design a new model for risk prediction in cardiac surgery.
Thus, we chose to stay in line with the methods used to construct the original
models and refrain from further sophisticated methods such as hierarchical
modelling and shrinkage of coefficients.
The outcome in this study is in-hospital mortality. Several publications
have previously shown why mortality at fixed time intervals is a more appropriate measure in outcomes evaluation. We acknowledge the limitations
of this outcome and we are aware that mortality is one of the several indicators that can be used to measure quality, but certainly not the only one. For
the purpose of our study, we have no reason to believe this has affected our
results, as both the clinical and the administrative models were fitted on this
outcome.
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GENERAL DISCUSSION

CHAPTER 7
General discussion

Hospital standardised mortality ratios (HSMRs) are published and used as
a quality indicator in the Netherlands and many other countries. Because of
several shortcomings in the current HSMR calculation, multiple authors have
discouraged the use and publication of the HSMR.1-5 However, HSMRs will
most likely continue to be used as benchmark tool and performance measure
by health decision makers, media and public. Because of the potential large
impact of HSMR ‘outlier status’ on hospitals (reputation, financial situtation),
the effects of these shortcomings must be studied and solutions or alternatives
should be developed. In this way, some of the differences in HSMRs between
hospitals can be put into perspective and explained. Furthermore, improvements of the HSMR calculation can be implemented on a nationwide scale to
reduce the effect of these insufficiencies.
In this thesis we addressed several methodological challenges related to the
HSMR (overall hospital standardised mortality ratio) and the SMR (diagnosis
specific standardised mortality ratio). We investigated the model underlying
the HSMR, the effects of adjustments to this model with respect to comorbidity and outcome, and explored whether looking into clinical subgroups alleviated some deficiencies of the HSMR.

Current shortcomings of the HSMR
Based on the studies elaborated in the previous chapters, it can be stated that
the use of the HSMR in its current form as a performance indicator is subject
to various forms of bias, and therefore less useful for hospital profiling or
comparison. The HSMR compares the number of in-hospital deaths of a hospital with the expected number of deaths for that hospital as computed with
a casemix correction model. Unfortunately, the current casemix correction
model is far from perfect.
First, to account for severity of illness of admissions, the HSMR casemix
adjustment model includes the Charlson Comorbidity measure to reflect patients’ existing comorbidities, ideally only those present on admission. However, in most administrative databases, used as the basis for HSMR calculation,
comorbidities of patients are difficult to distinguish from complications that
occurred during hospitalisation. For obvious reasons, the casemix adjustment
model should not incorporate complications during hospitalisation, as these
could be the result from medical misadventures or indeed poor quality of care
itself – hence adjusting for these complications could lead to overestimation
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of expected mortality. The Elixhauser comorbidity measure tries to differentiate complications from comorbidities, hence calculating HSMR based on the
Elixhauser measure seems fairer. In chapter 3 we compared the HSMR calculation based on the Elixhauser measure with the Charlson measure and found
that HSMR models estimated with the Charlson measure and the Elixhauser
measure perform practically similarly in terms of discrimination. However,
the performance of Elixhauser HSMR models may be underestimated in our
analysis, as hospitals currently pay specific attention to registration of comorbidities included in the Charlson measure, neglecting comorbidities registered
in the Elixhauser measure.
Secondly, the current HSMR model is vulnerable to discharge and referral bias as it only looks into mortality occurring during admission. In chapter
4 we uncovered evidence for discharge and referral bias when an in-hospital
timeframe is used to calculate HSMRs, while 30 days post-admission and 30
days post-discharge timeframes are less affected by differences in discharge
practices.
Thirdly, in chapter 5 we discuss that some aspects of referral bias are still
not taken into account, even when including post-discharge mortality in the
calculation of HSMRs. The lack of distinction between high-risk ‘step-up’ and
low-risk ‘step-down’ referrals within prediction models ignores any potential
difference in expected mortality between high-risk and low-risk referrals.
Especially HSMRs of specialised hospitals may be affected, as these hospitals
tend to receive more ‘step-up/high risk’ referrals than other hospitals.
Fourthly, the lack of important (clinical) variables in the models used to
compare the quality of care between hospitals, can also cause casemix bias.6-9
In chapter 5 we found that according to SMR calculations for two specific neurological disorders – traumatic brain injury and subarachnoid haemorrhage
– specialised neurologic, tertiary care centers appeared to perform worse than
non-specialised, regional hospitals. This is counter intuitive and contrasts
with other studies where specialised centers were found to perform better
than non-specialised hospitals.10-12 However, all these preceding studies developed their own SMR prediction models and included many important clinical
variables in their models. Such variables were lacking in the administrative
database that was used for our analysis in chapter 5. Indeed, in Chapter 6 we
report that for a specific patient group undergoing cardiac surgery, casemix
correction models based on data that did contain relevant clinical variables,
had higher calibration and discrimination than models based on administrative data usually lacking such detailed clinical variables.
Finally, it is important to realise that even with a ‘perfect’ casemix adjustment model, systematic bias can occur if the distributions of casemix between

hospitals are not proportionally the same. This is a consequence of the indirect
standardisation method that is used in the HSMR calculation (chapter 2).
Due to this so-called indirect standardisation method, HSMRs may not automatically be comparable, neither across hospitals nor for a single hospital over
time, unless the underlying casemix distributions are proportionally the same
or when there is no interaction between hospital and casemix. In chapter 2 we
found evidence of interaction between hospitals and the casemix variables
‘urgency of admission’ and ‘comorbidity’.
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Recommendations for adjustment and use of HSMR
Given that the HSMR is likely here to stay and based on the findings in
this thesis we propose a series of recommendations. Table 7.1 summarizes
the recommendations, the specific shortcomings addressed by each of
these recommendations, and the related chapter(s) in this thesis.

Table 7.1

List of recommendations

Recommendation

Reduces problem of:

Chapter

Strive for enhancement of the casemix model by the inclusion of:
1. Elixhauser comorbidity measure instead of
Charlson comorbidity measure

Casemix bias

3

2. Survival status (death/alive) shortly after
discharge

Referral and discharge bias

3. Reason of referral (step up/down)

Referral bias

5

4. R
 elevant clinical predictors

Casemix bias

5, 6

5. C
 lustering hospitals with approximately the same
casemix, and only compare SMRs of hospitals
within such a cluster

Indirect standardisation
Referral bias

2, 5

6. Using diagnostic specific SMRs instead of overall
HSMR

Indirect standardisation

2, 5, 6

4, 5

Zoom in onto comparable entities by:

Strive for enhancement of the casemix model
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The second set of recommendations concerns the method of comparing and
reporting standardised mortality ratios to make the numbers more informative and therefore more usable for hospital profiling.
We recommend to investigate whether certain types of hospitals have a
deviant casemix (and different disease severity) for the diagnosis under investigation and to determine whether these groups of hospitals should be examined separately (chapter 2, 5). Benchmarking hospitals with comparable

hospitals is essential, especially when information about (known) relevant
clinical predictors is lacking in the administrative database and, as a consequence, casemix correction is suboptimal. For example, SMRs of traumatic
brain injury of specialised neurosurgical, tertiary care centers – without information about the Glasgow Coma Scale or Injury Severity Score at admission
– could be cautiously compared with other tertiary care centers but definitely
not with non-specialised, regional hospitals (chapter 5).
As hospitals are usually not specialised in every diagnosis, clustering and
benchmarking hospitals should depend on the diagnosis under investigation.
For example, a hospital specialised in neurological diseases may not be a cardiac centre. So, for neurological diseases the hospital could be compared with
other hospitals specialised in neurological diseases but for cardiac diseases it
should not be compared with cardiac centres.
Therefore, in conjunction with the previous recommendation, we
recommend to report diagnosis-specific SMRs, instead of an overall hospital standardised mortality ratio. In this way, bias resulting from indirect
standardisation is reduced (chapter 2). More importantly, the numbers will
be more informative for various stakeholders such as patients, doctors, and
health authorities. For example, a patient with a cardiovascular disease is less
interested in the overall performance of a hospital but all the more interested
in the performance of the departments of cardiology / cardiosurgery. Also,
a cardiologist can now compare the performance of his department with
equivalent cardiology departments of other hospitals.
An ‘average’ overall HSMR has no informative value as the SMR of the diagnosis of interest may be ‘diluted’ by SMRs of other diagnoses included in the
overall HSMR (chapter 2). Studies have shown that differences in performance
of care within hospitals (across diagnosis groups), are at least as large as differences between hospitals.13, 14 If negative (media) attention is drawn towards
a hospital this is most often because a specific department in that hospital is
underperforming, and not because of overall hospital performance.15-19 To
take this one step further, using a more selective approach to utilizing SMRs
at the level of a common diagnosis or frequently performed procedure, the
quality of an entire hospital can be judged by observing the number of highperforming departments. To define high-performance, not only mortality
but also patient-centred outcomes and patient satisfaction with delivered care
can be taken into account. A large number of high performing departments
most likely reflects an overall safety and quality conscious hospital culture.
Conversely, a large number of underperforming departments might indicate
governance and coordination problems and a poor safety culture at the hospital level.
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The first set of recommendations concerns the improvement of the casemix
correction model used to calculate standardised mortality ratios.
First, we prefer using the Elixhauser comorbidity measure to the Charlson
comorbidity measure in the HSMR calculation. The Elixhauser comorbidity
measure excludes complications, which is not the case with the Charlson comorbidity measure. Therefore – on theoretical grounds (described in chapter
3) – the Elixhauser comorbidity measure reduces the chance of casemix bias
in the HSMR model.
Secondly, post-discharge mortality should be used as the outcome in the
HSMR model to reduce discharge and referral bias (chapter 4). Of course,
mortality after discharge is also affected by factors beyond hospital control,
such as quality of out-patient care or quality of other referring and admitting
hospitals. From a societal perspective this could actually be beneficial, as
hospitals now have a stake in organizing optimal handover and post-discharge
care.
Thirdly, additional information about the type of referral should be included in the HSMR model, such that the model is able to differentiate between
high-risk referrals and low-risk referrals (chapter 5).
Fourthly, we recommend to investigate whether inclusion of additional
clinical variables in the casemix correction model of a specific diagnosis is
required. For diagnoses such as traumatic brain injury, subarachnoid haemorrhage or patients undergoing cardiac surgery, important (clinical) predictors of
mortality are not routinely collected in administrative databases and therefore
currently not included in the HSMR model (see chapter 5 and 6). As there
may be clinical diagnoses for which the burden of collecting additional clinical
variables does not outweigh the gain in reducing casemix bias, this needs to
be examined for each clinical diagnosis separately.
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Future perspectives

Conclusion

The proposed recommendations for adjusting the HSMR will reduce several
current shortcomings of the HSMR. However, there are other limitations in
using the HSMR that need to be addressed in future studies.20-25
One of the shortcomings is that HSMR is subject to bias because of constant
risk fallacy – occurring if the association between casemix and outcome (mortality) differs between hospitals.23, 26  One example of this is when patients are
admitted more often for the same (chronic) disease, for instance oncologic patients who are admitted several times for each new round of chemotherapy.20
If they decease during such an admission, it can only be during the last one,
resulting in many admissions with hospital survival as the outcome. If admission patterns for such patients differ between hospitals, this may lead to bias.
Another shortcoming is the coding variation between hospitals.24, 25, 27  
In addition, data on comorbidity are frequently missing and contain errors.25
Effort should be made – e.g. by allocating resources for coding and education
of encoders – to improve registration and coding uniformity. Well-designed
hospital electronic medical records with intuitive user interfaces should make
it extremely easy for doctors and nurses to correctly code primary and secondary diagnoses, outcomes and complications with minimal effort.
Finally, a central problematic issue regarding HSMRs is whether mortality
truly reflects quality of care.2-4 The degree of delivered quality of care is not
always directly related with mortality, e.g. cataract operations of suboptimal
quality might result in all sorts of complications such as infections or blindness but rarely to death. Another example is the fact that the relationship of
the standardised mortality ratio with other measures of quality is considered
weak and inconsistent.4
High-quality of care has been defined as care that is safe, effective, patientcentred, timely, efficient and equitable.28 Mortality rates are assumed to reflect
only a few of these aspects. As care consists of different aspects, different
stakeholders (patients, doctors, patient safety agencies, administrators) might
also prioritise these aspects differently. For example, doctors might value office hours, waiting times at the clinic, waiting times for the communication
of test results to patient, parking spaces, and quality of food less than patients.
Creating a dashboard of performance indicators for hospitals might cover
more aspects and interests of hospitals’ performance.

Considering the current shortcomings of the HSMR, opponents of the HSMR
argue that this measure will do more harm than good.1-5 Therefore, they recommend to not use HSMRs for hospital profiling. However, not publishing
mortality rates immediately insinuates that a hospital may have something
to hide. Moreover, for some high-risk procedures that are heavily dependent
on specialised skills and a well-organized care pathway – for example, heart
surgery – SMRs are indeed an important indicator of quality of care.29
Therefore, in conclusion, we advocate to use (and publish) diagnosis specific SMRs using a casemix correction model with (1) the Elixhauser comorbidity measure, (2) additional diagnosis specific relevant (clinical) predictors if
necessary, and (3) early post-discharge mortality as an outcome. Furthermore,
as long as relevant predictors are not available for the concerning diagnosis,
identifying clusters of hospitals with approximately the same casemix and
treatment options is pivotal to use SMRs as benchmark tool. Extreme caution
is still needed with the interpretation of SMR numbers and information concerning the pitfalls and shortcomings should be actively communicated to all
stakeholders.
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Ziekenhuissterfte wordt beschouwd als één van de belangrijkste indicatoren
voor de kwaliteit van zorg van een ziekenhuis. Het vergelijken van sterfte
cijfers tussen ziekenhuizen is echter gecompliceerd, aangezien sterfte beïnvloed wordt door factoren die niet perse gerelateerd zijn aan kwaliteit van
zorg. Eén van de belangrijkste verklaringen voor verschillen in sterfte zijn de
verschillen tussen ziekenhuispopulaties, de zogenaamde ‘casemix’ verschillen. Het gestandaardiseerde sterftecijfer (HSMR) beoogt rekening te houden
met deze casemix verschillen zodat ziekenhuizen onderling vergeleken kunnen worden. De HSMR vergelijkt de werkelijke ziekenhuissterfte met een
verwachte ziekenhuissterfte. De verwachte ziekenhuissterfte wordt berekend
met behulp van een ‘casemix correctie’ model. De assumptie is dat een hoger
dan verwachte ziekenhuissterfte ‘vermijdbare’ sterfte weerspiegelt en dus een
lagere kwaliteit van zorg.
De HSMR wordt in veel landen, waaronder in Nederland, jaarlijks gepubliceerd en gebruikt als kwaliteitsindicator. Sinds de introductie van de HSMR
zijn zorgen geuit over de tekortkomingen met betrekking tot de methode van
berekening en de betrouwbaarheid als kwaliteitsindicator. Aangezien publi
catie van de HSMR verstrekkende gevolgen kan hebben voor de reputatie
van een ziekenhuis, is het van groot belang dat de gevolgen van deze tekortkomingen bestudeerd worden.
Dit proefschrift richt zich op verscheidene methodologische aspecten
van de HSMR (ziekenhuis breed gestandaardiseerde sterftecijfer) en de
SMR (diagnose specifiek gestandaardiseerde sterftecijfer). Het onderliggende
casemix correctie model wordt bestudeerd alsmede de effecten van aanpas
singen aan dit model.

Huidige tekortkomingen van de HSMR
De huidige HSMR en het onderliggende casemix correctie model zijn onderhevig aan verschillende vormen van bias en dus suboptimaal.
Het HSMR casemix model includeert comorbiditeiten van de patiënt om
de verwachte sterfte te berekenen. Hierbij dient het model alleen rekening
te houden met comorbiditeiten bij opname en niet met complicaties die op
treden tijdens de ziekenhuis opname; complicaties kunnen immers het resul
taat zijn van slechte kwaliteit van zorg. In het huidige model worden comor
biditeiten beschreven aan de hand van de Charlson Comorbidity Index. Het
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blijkt echter lastig om comorbiditeiten en complicaties van elkaar te onder
scheiden in de administratieve databases.
Daarom heeft Elixhauser et al. een comorbiditeitsmaat ontwikkeld waarbij
getracht wordt onderscheid te maken tussen complicaties en comorbiditeiten.
In hoofdstuk 3 wordt het casemix correctie model berekend met de Elixhauser
comorbiditeiten vergeleken met het model berekend met de Charlson comorbiditeiten. Aangezien het discriminerend vermogen van de twee type modellen in ons onderzoek nagenoeg identiek is, zou op basis van theoretische gronden, casemix correctie modellen berekend met de Elixhauser comorbiditeiten
de voorkeur moeten hebben.
Ten tweede is het huidige HSMR model gevoelig voor vertekening door
verschillen in ontslag- en verwijsbeleid van ziekenhuizen, zogeheten ontslag- en verwijsbias, omdat alleen sterfte tijdens ziekenhuisopname wordt
meegenomen. In hoofdstuk 4 wordt beschreven hoe de HSMR verandert
wanneer sterfte tot 30 dagen na opname of tot 30 dagen na ontslag wordt
meegenomen. Deze maten zijn minder gevoelig voor verschillen tussen
ziekenhuizen in ontslagbeleid en verwijsbeleid.
Ten derde kan verwijsbias optreden (hoofdstuk 5) indien het casemix correctie model geen onderscheid maakt tussen vanuit elders verwezen patiënten
met een hoog sterfterisico versus verwezen patiënten met een laag sterfte
risico. Qua karakteristieken, en dus qua casemix, worden deze patiënten dan
als gelijk beschouwd; echter hun verwachte mortaliteit is wel degelijk verschillend. Hierdoor zullen HSMRs van gespecialiseerde ziekenhuizen, zoals
academische ziekenhuizen, hoger zijn dan mag worden verwacht, omdat deze
ziekenhuizen relatief meer hoog-risico verwijzingen ontvangen dan andere.
Ten vierde kan casemix bias optreden indien belangrijke (klinische) voorspellers van sterfte ontbreken in de HSMR berekeningen. Hoofdstuk 5 beschrijft het contra-intuïtieve resultaat waarbij ziekenhuizen gespecialiseerd
in de neurologische aandoeningen ‘traumatisch hersenschade’ en ‘subarachnoïdale bloedingen’ slechtere SMR scores hebben dan niet-gespecialiseerde
ziekenhuizen. Gespecialiseerde neurochirurgische ziekenhuizen zullen over
het algemeen ziekere patiënten met deze neurologische aandoeningen opnemen dan niet-gespecialiseerde neurochirurgische ziekenhuizen. Indien deze
verschillende type ziekenhuizen met elkaar vergeleken worden, moet rekening gehouden worden met de ernst van de ziekte van de patiënten. Hiervoor
worden predictoren, die relevant zijn voor het voorspellen van mortaliteit bij
deze twee neurologische aandoeningen, gebruikt (bijvoorbeeld de Glasgow
Coma Scale en de Injury Severity Score). In onze berekeningen zijn deze variabelen niet meegenomen omdat ze niet worden bijgehouden in de gebruikte
administratieve database. In hoofdstuk 6 bestuderen we wat het effect is als

belangrijke (klinisch) relevante variabelen wel meegenomen worden in de
casemix correctiemodellen. Casemix correctiemodellen voor hartchirurgische
patiënten gebaseerd op een database met klinisch relevante variabelen hebben
hogere kalibratie en discriminatie dan modellen gebaseerd op administratieve
databases zonder deze relevante variabelen.
Tenslotte is het belangrijk om te realiseren dat de HSMR altijd onderhevig
is aan systemische bias als de casemix distributies van ziekenhuizen niet
proportioneel gelijk zijn. Dit komt doordat de HSMR berekent wordt met
de indirecte standaardisatie methodiek. In hoofdstuk 2 wordt de indirecte
standaardisatie methodiek onder de loep genomen en voorbeelden en con
sequenties van deze methodiek op de HSMR bestudeerd.
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Aanbevelingen
Op basis van onze bevindingen in dit proefschrift doen we een aantal aanbe
velingen. In tabel 8.1 staan de aanbevelingen, de bijbehorende tekortkoming
en het hoofdstuk vermeld.
Tabel 8.1 Lijst met aanbevelingen

Aanbeveling

Vermindert probleem van:

Hoofdstuk

Streef naar verbetering van de casemix model door inclusie van:
1. E
 lixhauser comorbiditeit maat in plaats van
Charlson comorbiditeit maat

Casemix bias

3

2. Survival status (dood/leven) kort na ontslag

Verwijs- en ontslagbias

4,5

3. Type verwijzing (hoog/laag risico)

Verwijs bias

5

4. Relevante klinische variabelen

Casemix bias

5, 6

5. Clusteren van ziekenhuizen met nagenoeg
dezelfde casemix

Indirecte standaardisatie
Verwijs bias

2,5

6. G
 ebruiken van diagnose specifieke SMRs
in plaats van HSMRs

Indirecte standaardisatie

2,5,6

Vergroot vergelijkbaarheid van ziekenhuizen door:

125

126

Streven naar verbeteringen van het casemix model

Conclusie

De eerste set van aanbevelingen betreft de verbetering van het casemix
correctie model van de HSMR.
Ten eerste bevelen we het gebruik van de Elixhauser comorbiditeit maat
aan in plaats van de Charlson comorbiditeit maat aangezien de Elixhauser
comorbiditeit maat onderscheid maakt tussen complicaties en comorbiditeiten. Theoretisch gezien vermindert de Elixhauser comorbiditeit maat hierdoor
de kans op casemix bias in het HSMR model (hoofdstuk 3).
Ten tweede moet ook sterfte kort na ontslag meegenomen worden in het
HSMR model zodat er minder kans op verwijs- en ontslagbias is (hoofdstuk 4
en 5).
Ten derde is informatie nodig over de ‘fase van ziekte’ van een doorverwezen patiënt zodat onderscheid gemaakt kan worden tussen hoog-risico
en laag-risico verwijzingen (hoofdstuk 5).
Tenslotte, bevelen we aan om voor elke diagnose te onderzoeken of er
nog ontbrekende (klinische) predictoren nodig zijn om de casemix correctie
model te optimaliseren (hoofdstuk 5 en 6).

In dit proefschrift zijn verscheidene methodologische gebreken van de
HSMR geïdentificeerd. Daarnaast zijn er aanbevelingen gedaan om de HSMR
methodologisch te verbeteren.
Concluderend, pleiten we ervoor om diagnose specifieke SMRs te gebruiken en te publiceren waarbij het onderliggende casemix correctiemodel gebruik maakt van (1) de Elixhauser comorbiditeit maat, (2) diagnose specifieke,
klinisch relevante predictoren, en (3) sterfte kort na ontslag. Verder dienen
alleen ziekenhuizen met nagenoeg dezelfde casemix en behandelingsfaciliteiten met elkaar vergeleken te worden. Tenslotte is voorzichtigheid geboden
bij de interpretatie van SMRs en dient er actief informatie gegeven te worden
over de tekortkomingen van deze getallen.

Focus op vergelijkbare ziekenhuizen
De tweede set van aanbevelingen betreft de methode om sterftecijfers te
vergelijken en te rapporteren.
Allereerst moeten ziekenhuizen met een afwijkende casemix apart bestudeerd worden. Dit is met name van belang als op voorhand reeds bekend is dat
het casemix correctie model niet optimaal is, bijvoorbeeld door het ontbreken
van belangrijke klinische variabelen (hoofdstuk 2 en 5).
Vervolgens moeten, in samenhang met de eerste aanbeveling, diagnose
specifiek SMRs gerapporteerd worden. Omdat ziekenhuizen niet gespecia
liseerd kunnen zijn in alle diagnoses, moet het clusteren van ziekenhuizen
gebeuren op basis van de specifieke, te analyseren diagnose. Bijvoorbeeld een
neurochirurgisch centrum hoeft nog geen cardiochirurgisch ziekenhuis te zijn.
Voor neurologische diagnoses moet het ziekenhuis vergeleken worden met
andere neurochirurgische centra terwijl het voor hartaandoeningen niet met
gespecialiseerde cardiochirurgische centra vergeleken moet worden.
Op deze wijze zijn de cijfers informatiever voor de verschillende belanghebbenden zoals patiënten, artsen en zorgautoriteiten.
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