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Abstract

OBJECTIVES. The purpose of this study is to assess the adequacy of three widely used models
- Lognormal, Weibull, and Gamma - for describing the distribution of length of stay (LOS).
This is a fundamental step in the development of outliers resistant (robust) methods for the
statistical analysis of this kind of data, where the main objective is to determine measures of
average and total resource consumption of groups of patients. Current practice uses several
types of trimming rules, many of which are based on the Lognormal model, although
theoretical and experimental basesis till insufficient.

METHODS. The three models have been adjusted using robust procedures based on M-
estimators to about 5 million stays grouped by Diagnosis Related Groups (DRGs): the
resulting 3,279 samples wer e collected in five European countries during 3 years.

RESULTS. Most of the distributions observed could be fitted with one of these models. The
descriptions provided by the Gamma and the Weibull models were similar, and the Gamma
model could be omitted. The casemix description provided by the Lognormal-Weibull family
is, for certain countries, significantly better than the one provided by the single Lognormal
model. Often, for a given DRG and a given country, LOS distributions could be described
with the same model over several years. A given DRG, however, usually had to be described
by means of different models for different countries.

CONCLUSONS. Practical and conceptual consequences of the results are discussed. They
can be extended to the analyses of other consumption variables used in health services.
Satistical procedures for casemix description, including current rules of trimming, should be
improved by means of more flexible families of models.

KEY WORDS: length of stay (LOS); diagnosis-related groups (DRG); hospital casemix;
length of stay distribution; trimming rules;, asymmetric distributions; outliers; parametric
models; robust statistics, M-estimates.

Length of stay (LOS) isan easily available indicator of hospital activity and is used for
various purposes, such as management of hospital care'234°678910 1112 quality control*3 14151617
18 appropriateness of hospital use®#*##, and hospital planning®. Many hospital casemix
schemes, such as Diagnosis-Related Groups (DRGS), have been partly built to get
homogeneous L OS, because LOS is considered as a reasonable proxy of resource
consumption®.

One of the main objectivesisto estimate and predict the total resource consumption of groups
of patients, e.g., DRGs. Since the total is a multiple of the mean, the natural computation is
the arithmetic mean. Unfortunately, LOS distributions are skewed and contain outliers,
making the use of this simple statistic questionable. To overcome these problems, various
rules of trimming, some of them based on the Lognormal model, are currently used in
practice. The purpose of this paper isto investigate the adequacy of this model as a
description of alarge variety of samples, and to assess the need of extending the modelling
tool.



Background

Typica LOS distributions are skewed (asymmetric) and contain outliers. Both of these
features are well known and serious hindrances for the use of the arithmetic mean as an
estimate of the expected LOS. Skewness is characterised by along-sided tail (generaly
toward high valuesin the case of LOS); it limits the use of inference techniques based on the
normality assumption (e.g., confidence intervals and tests for means). Outliers are values
markedly different from most others: when a small number of these values are observed, the
sample mean can be much larger than when none is observed. Because the values and the
frequency of outlierstypically fluctuate from sample to sample, the mean and the related
inferences are very unreliable, as shown in the following example.

Example 1. Figure 1 shows the LOS histogram of DRG 35 in 1988, for 315 staysin Belgium
(BE, Figure 1a) and for 32 staysin Switzerland (CH, Figure 1b). The arithmetic means are
7.9 (BE) and 25.5 (CH) days. Both distributions contain outliers (not shown on the
histograms, which are truncated at LOS=50 days); for example, the Swiss data contain two
stays of 374 and 198 days. Removing these two outliers reduces the Swiss mean to 8.1 days
(instead of 25.5). The usual t-test for comparing means (which is inappropriate for
asymmetric distributions, but nevertheless often used) has a one sided attained significance
level (ASL = probability that the test statistic is smaller than its observed value) of 0.999 on
the complete data set (i.e., the Swiss mean is significantly larger than the Belgian mean) and
of 0.07 when the two outliers are removed (i.e., the Swiss and the Belgian means are not
significantly different). In other words, the test result is completely determined by just two
stays.

Figure 1. Distribution of LOS, DRG 35 (Other disorders of the nervous system w/o cc),
1988

Because alarge number of DRGs must be anal ysed routinely, automatic procedures are
needed for conveniently treating skewness and outliers. A common practice is to remove
outliers according to some statistical trimming rules *. Various options are used: trim stays
beyond a selected percentile of the data distribution, or trim stays whose LOS is longer than
three times the mean LOS®, trim stays whose LOS is larger than u + ko (where y and o are

estimates of the mean and the standard deviation on the log scale and k is a given constant,
e.g., k=3 for Medicare ¥ %), or trim stays whose LOS is larger than g, + h(q3 - ql) , Where g,
and g, arethefirst and third sample quartiles of log-LOS and h is a given constant®. The
arithmetic mean is then computed on the data remaining after trimming.

Many of these trimming rules are based on the assumption that LOS is distributed according
to the Lognormal model. Indeed, the purpose of the logarithmic transformation isto
"normalize" the LOS distribution and the constants k and h are chosen according to the
expected frequency of data that disagree with the normal model and can, therefore, be
trimmed. Unfortunately, a variety of distribution patterns are usually observed among DRGs®
% and the logarithmic transformation is not always appropriate. In many cases, the histogram
is still markedly asymmetric even after the logarithmic transformation. In this case, the
trimming rules mentioned above are still robust but not well tailored for the observed
distribution pattern.




There are two ways to overcome this problem: look for another symmetry creating
transformation, or ook for another model to describe the distribution; both ways require the
development of new statistical procedures. The purpose of this study was to identify other
models to describe the LOS distributions. To this end, new robust procedures based on M-
estimators® * 3 were used. The basic properties of these estimators have been thoroughly
studied and published, and several programs can be found in public domain (see "Methods",
below). By means of M-estimators, an adequate, but not necessarily Lognormal, parametric
model could be fitted to the majority of the data. The fitting procedure could be completed
with robust inference techniques, as shown in the following example.

Example 2. The density functions drawn with solid linesin Figure 1 have been obtained by
fitting a Gamma distribution to each set of the data using a procedure based on M-estimates
(for the purpose of comparison, the density functions drawn with thin lines have been fitted to
the entire data set by the classical maximum likelihood procedure). The two densities
conveniently summarize the pattern of the majority of the data. The means of the fitted
densitiesare 5.9 (BE) and 4.8 (CH) days when the complete data set is used, and 5.9 and 4.4
when the two outliers are removed from the Swiss distribution; thus, the robust estimates of
the mean are not substantially influenced by large values. Further, the one-sided ASL of a test
procedure for comparing means based on the robust Gamma fits® are 0.07 (complete data)
and 0.05 (outliers removed): thus, the means are not declared as different at the usual 5%
level for a two sided test. Moreover, if the Lognormal model is used to fit robustly the same
data, the estimated means are 6.6 (BE) and 5.1 (CH), the ASL of the test being 0.08. Thus, the
robust tests based on different (but adequate) models are not substantially influenced by the
model selection.

To sum up, avariety of distribution patterns (not only the Lognormal one) is usually observed
among DRGs; therefore, a meaningful approach to describe a set of samples, while facing the
outliers problem, is based on flexible tools that work with avariety of distribution models.
Modern robust methods have these qualifications. A fundamental step is, therefore, to identify
the models that fit with the usually observed LOS distributions. Three widely used models for
asymmetric distributions are considered in this article. Beside the Lognorma model, which is
already widely used in this framework, two shorter-tailed models - Weibull and Gamma - are
taken into account.

Data

This study used a data base containing 4,758,347 hospital stays from five European countries
- Belgium (BE), the Swiss Canton Vaud (CH), Ireland (El), the Italian region Lombardia
(LB), and the United Kingdom (UK) - and three calendar years: 1988, 1989, and 1990. The
following abbreviations are used : BE88 to denote the Belgian data of year 1988, CH89 for
the Swiss data of year 1989, etc. With this notation, the database includes nine country/year
data sets: BE88, CH88, CH89, CH90, EI90, LB89, LB90, UK 88, UK90. For each stay, the
following characteristics are available: LOS, country, year, and DRG number **. Stays are
classified into 478 DRGs. Each DRG/country/year data set is called a sample here.

Thisanalysis excluded 232,817 stays of less than one day (i.e., such that LOS=0), 713
samples with less than 20 admissions and 93 samples because of computational difficulties.
Table 1 shows, for each country/year, the number stays and samples available for analysis.



Table 1. Number of stays and number of samples, by country and year

M ethods

In afirst step, the Lognormal, the Weibull and the Gamma models were adjusted to each
sample, using publicly available programs for M-estimates™® ¥ * and the robust estimates of
the expected LOS were computed as the means of the fitted models.

In a second step, the adequacy of the models for each sample was assessed by means of two
tools: arobust version of Cox test for nonnested models* * and the average trimmed absolute
residual (ATAR), an original criterion defined below.

Six Cox tests were performed for each sample, by changing the null and the aternative
hypothesis according to the scheme shown in Table 2. The Lognormal distribution was
accepted as an adequate sample description if both alternatives - Welbull and Gamma - were
rejected; otherwise the Lognormal model is rejected. Similarly, the Weibull model was
accepted if both aternatives - Lognormal and Gamma - were rejected, etc. Each test was
performed at the 2.5% level; thus the probability of wrongly rejecting a true hypothesis was
less than 5%. Note that more than one model can be accepted for a sample.

Table 2. Scheme of hypothesis testing with the Cox test

According to these rules (based on six tests per sample), each sample could be allocated to
one of the following eight classes:

1. TheLognorma model aonefitsthe sample: L
2. TheWeibull model aone fits the sample: W
3.  The Gammamodel alonefitsthe sample: G

4. Both Lognormal and Weibull models fit the sample: LW

5.  Both Lognormal and Gamma modelsfit the sample: LG

6. Both Weibull and Gamma modelsfit the sample: WG
7.  Thethree modelsfit the sample: LWG
8. None of the modelsfitsthe sample: None

The average trimmed absolute residual (ATAR) is used to improve the selection procedure.
ATAR is acrude measure of adequacy aimed to identify the best model if the Cox model
either accepts more than one model or rgjects all models. The ATAR quantifies the difference
between expected and observed (ordered) observations for the middle part of the distribution.
It isdefined, for sample j and model M, as:

ATAR].(M)=O7;m S [dy).
' J




where d; = X;;; = X;;» X;;denotestheith ordered observation of samplej, X;,isits expected
value according to agiven model M, n; isthe sample size, the sum extending over all i that

arelarger than 0.1 and smaller than 0.85. If the ordered observations in the middle part of the
distribution (i.e., those between the 10th and the 85th percentiles) are, on average, closeto
their expected values according to the model, the ATAR isasmall value. In other words,
ATAR provides a quantitative measure of model adequacy with afocus on the middle part of
the LOS distribution.

For a given sample and a given set Sof models, the model with the smallest ATAR is
designed as the best model in Saccording to the ATAR criterion. The set Smay contain a
single family of models (e.g., the Lognormal family) or more that one family (e.g., both the
Lognormal and the Weibull families). In thefirst case, the process of selecting a model from
S according to the ATAR criterion, is called asingle model strategy; in the second case, a
two-model strategy. For a given country/year, an overall measure of prediction error (¢) of a
strategy based on S is defined as

£(S)= Y n, TSATARM,),

where j extends over al samples of the given country/year, and M; denotes the best model in
Sfor samplej.

Results

Adequacy of Samples With the Three Modelsunder Study

Table 3 shows the number of samples for which one, more than one, or none of the models
was accepted as an adequate description according to the Cox test. At least one model was
accepted for two third of the samples. The Lognormal model showed a good acceptance, as
the single best description (679), or as equivaent with other models (223 with Gamma, 5 with
Weibull, and 668 with both Gamma and Weibull). On the other hand, a substantial number of
samples did not fit with the Lognormal model, but with Gamma alone (81), or Weibull aone
(92), or both with Weibull or Gamma but not with the Lognormal model (320).

Overall, the Lognormal model was the single best fit for 21% of samples and the non-
Lognormal models (Weibull and Gamma) for 15%; Lognormal and non-L ognormal models
may be used equivalently for a further 27% of samples. Thus, considering two models other
than the Lognormal one did improve the description of the LOS distribution.

Table 3. Distribution of samples across three models (Lognormal=L, Weibull=W,
Gamma=G) and their combination, according to the Cox test, by country and year

Approximately one third of the samples (1,211 out of 3,279) could not be associated with any
models according to the Cox test. A systematic visual inspection suggested three main
situations responsible for rejection :

» anearly peak in the distribution (generally at LOS=1) combined with a strong
concentration over a few consecutive days (e.g., 90% of the stays are smaller than 3 days);




* plurimodality, which might be related to the fact that the DRG system failsto attain LOS
homogeneity (if the grouping rules cannot be improved, a mixture of models should be
used to describe these samples);

» thelarge size of samplesis, by far, the most frequent explanation. A separate analysis
showed that the mean size of the samples for which the three models were rejected is 2,909
stays, while the mean size of samples for which at least one model was accepted ranged
between 65 and 1,415 stays. A visual inspection (with probability plots) showed that many
of these samples were in fact fairly approximated with one of the models. For example,
Figure 2 shows the distribution of a sample (DRG 14 in the United Kingdom, 1990) with
20,635 stays, where none of the models was accepted according to the Cox test;
nevertheless, the Lognormal distribution was indeed afair approximation.

Figure 2. LOS distribution and adjusted Lognormal density, DRG 14 (Specific
cerebrovascular disorders except TIA), United Kingdom, 1990

From a practical point of view, the most convenient situation is when each sampleis assigned
to one single model. However, Table 3 shows that a large proportion of samples could be
fitted with more than one model, and many samples could not be fitted because of the large
number of stays. Therefore, the ATAR criterion (see "Methods" above) has been used to
allocate one single model to each sample. Table 4 shows the distribution of stays among the
three models. The Lognormal model showed the best rate of allocation of 52%; Weibull had
an allocation rate of 20% and Gamma of 28%. Here again, considering two models other than
the Lognormal one did improve the adequacy of the description of the LOS distribution. A
separate analysis (not reported here) showed that thereis afair concordance between the Cox
test and ATAR criterion: the vast mgjority of the samples that are alocated to class L
(Lognormal alone) by the Cox test were also allocated to class L by the ATAR criterion.
Similar observations were made for Weibull and Gamma models.

Table 4. Distribution of samples across three models (Lognormal=L, Weibull=W,
Gamma=G), according to the ATAR criterion, by country and year

From Threeto Two Distribution M odels

Table 3 suggests that the performance of the Weibull and the Gamma models were quite
similar: 320 samplesfit with both models, against 223 samples which fit equally well with
Lognormal and Gamma, and five fit with both Lognormal and Weibull models. This opened
the possibility of afurther reduction of the number of models, choosing between Weibull and
Gamma. One way to check the concordance between Weibull and Gamma was to look at the
M-estimates of expected LOS when all 3,279 samples are fitted with both models; Table 5
shows that these estimates were very close. In the scatter diagram on Figure 3, all pairs of M-
estimates provided by these two models are displayed: the relation was very strong,
confirming that the descriptive performance of Weibull and Gamma are very close. These two
models, therefore, are redundant.

Facing the choice between Weibull and Gamma, it is reasonable to choose Weibull; indeed,
according to Table 3, Weibull plays the best complementary role with respect to Lognormal,
because the number of samples fitting equally well with both these models (five samples) was
lower than the number of samples fitting with both Lognormal and Gamma (223). Further,
algorithms for fitting the Gamma model were computationally more cumbersome than those
for fitting the Weibull model.




Table 5. M-estimates of the mean LOS (days), by country and year

Figure 3. Relationships between mean LOS estimates provided by the Weibull and Gamma
models

Classification in Two Models: L ognormal and Weibull

The ATAR criterion provides a simple rule to decide which model fitsto a given LOS
distribution. Table 6 shows the distribution of the samples between the Lognormal and the
Weibull models, by country/year. This table (which should be compared to Table 3 and Table
4) confirms the slight preference for the Lognorma model (1,880/1,399). However, the
Weibull model was chosen for avery substantial minority of samples (43%).

Another point worth making is the existence of a"country preference" between these two
models. Two thirds of samples (between 57% and 69%) were best fitted with the Lognormal
model, except in Lombardia which shows a strong preference for the Weibull model (61%
and 66% for the two years considered). This "country preference” is quite stable over severa
years. A further analysis based on samples from the same countries that provided samples for
more than one year gives the following results:

* in Switzerland, 220 samples could be found covering three consecutive years (so-called
triplets): the Lognormal model best fits 85 triplets and the Weibull model best fit 24
triplets. Therefore, the Lognormal model is the best fit for three years for 50% of the
samples.

* Inthe United Kingdom, there are 424 samples that covered two years (pairs); the
Lognormal model best fit 228 pairs and the Weibull model 76 pairs : 72% of the samples
were attributed to the same model over the two years.

* Lombardia has 402 samples that covered two years; the Lognormal model best fit 94 pairs
and the Weibull model 207 pairs, giving a stable selection for about 75% of the samples.

Table 6. Distribution of samples across two models (Lognormal or Weibull) according to
the ATAR criterion, by country and year

This emphasizes the fact that an ad hoc analysis of each set of datais needed to warrant a
good descriptive performance of a set of data.

Analysis of a Casemix: Impact of the Model Selection Strategy

The practical impact of using asingle-model compared with atwo-model strategy was
assessed by means of the overall error € (see "Methods' above). The relative difference

r=(e(})-e{LW}) / e({L})

between the prediction errors quantifies the improvement gained by one strategy over the
other. Here {L} represents the Lognormal family, and {L, W} the Lognormal-Weibull family.
Ther values range from 6 to 15%, except for Lombardia, where the impact is substantially
higher (30%): this comes as no surprise since in Lombardia, Weibull is the preferred model.
Thus, itsinclusion as a complement to Lognormal substantially improves the overall
performance of the description.
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Another direct comparison is presented in Table 7, where casemix adjusted LOS means were
obtained according to the strategies based on {L} and {L,W} and two current trimming rules.
In general, the two-model strategy provided relatively low estimates (lower than the
arithmetic mean); this was an expected effect of the robust procedure. In Belgium, Lombardia
and Ireland, the estimates provided by the single Lognormal strategy, were higher than the
crude arithmetic means. In these countries, the single Lognormal strategy overestimates the
right distribution tals; its relevance was, therefore, seriously compromised.

The trimming method of Medicare (T1) provided estimates that are larger than or similar

(UK 88 and El) to those obtained with the two-model strategy; the estimates provided by
trimming rule T2 were smaller or similar. However, these similarities are related to the
specific distribution pattern of each country: any change of this pattern would probably result
inareduction in similarities.

Table 7. Estimates of mean LOS, adjusted for casemix differences between countries, by
country and year

Discussion

This paper is a contribution to the development of the statistical analysis of LOS distributions
or other consumption variables in health services. In thisfield, the need of outliers resistant
procedures has long been recognised* * % and various trimming rules have been proposed.
Most of these rules are based on the Lognormal model, this choice being motivated by the
long right tails observed in most LOS distributions. Further, it is appealing to have asingle
standard transformation such as the logarithmic one, to avoid time-consuming analysis of
each sample in order to identify the most appropriate transformation.

Asnoted in the literature®, however, there is alarge variety of distributions patterns of LOS,
and many patterns are quite far from the Lognormal model. Conversely, progressin statistical
and computing provides new tools for robust mode fitting, as well as automated treatment of
large sets of samples. In this perspective, this study considered the extension of the current
modelling tools and the associated procedures for data analysis. Three models (instead of one)
were considered: Lognormal, Weibull, and Gamma. This model extension was motivated by
the remark that the (right) tail of many observed L OS distributions tends to become shorter
and shorter as long as cost reduction policies continue to produce their expected effects. A
former study showed that the Exponential model, which is a particular case of the Gamma
model, had insufficient flexibility®.

The study has been based on alarge database of international provenance: this warrants a
good validity of the results. They can be summarised as follows :

* the Lognormal model was actually the model which fit with the LOS distribution of the
majority of samples, according either to the Cox test (Table 3) or to the ATAR criterion
(Table 4 and Table 6). This confirms the results of an earlier study®. A large minority of
the samples did not fit with the Lognorma model and, moreover, the Lognormal
predominance was not observed in all countries (Table 3, Table 4 and Table 6); further, the
L OS means based on the Lognormal model were substantially higher than the means
obtained by the use of other models (see Table 5 and Table 7): this was due to the heavy
tail of the Lognormal distribution which frequently overestimates the real length of the
observed tail;
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when, besides the Lognormal model, two other models (Welbull and Gamma) were
introduced (both characterised by shorter right tails), there was an improvement of the
overall description. The model extension provided an adequate fit for a substantial number
of samples, according to the Cox test (see Table 3); thisimprovement had an impact on
the mean estimates, with a substantial reduction in the overall prediction error (Table 7).
In one country in this study, the estimates of the LOS mean provided by the Lognormal-
Weibull combination was substantially lower (2 days) than Lognormal estimates,

the Gamma model was quite redundant with the Weibull model; the latter can be retained
as a complement to the Lognormal model, with the advantage of being computationally
simpler than the Gamma model;

some countries «preferred» Lognormal, others preferred Weibull. This phenomenon might
reflect a systematic difference in hospital practice between regions. In fact, not only the
mean values of LOS are likely to vary according to place®, but also the pattern of
distribution of LOS itself;

although the majority of samplesfit with one model according to the Cox test, there were
still asubstantial number of samples for which other models should be investigated (Table
3); however, the ATAR criterion proposed in this study allows the convenient allocation
of almost al samplesto one moddl;

for many samples, however, no model was adequate according to the testing procedure.
The most frequent explanation, apart from the large size of the samples, was a high
proportion of stays for which the LOS is equal to one day, which may correspond to
hospitalization transfer between wards. For these situations other models (e.g., discrete
models) will have to be studied. In the meantime, the Weibull or the Lognormal model
should be selected according to a crude criterion of goodness of fit.

The practical consequence of using avariety of modelsin place of asingle oneisthe need to
develop and implement new techniques for fitting and selecting these models to estimate the
mean LOS on their ground, and to make inferences. New rules of trimming asymmetric data
modelled as Weibull and Gamma are under development. In this paper, M-estimators were
used because their theory iswell known thanks to an extensive statistical literature. They can
be adapted to different parametric models and completed with inference techniques with a
relatively limited effort. For example, the Cox test was adapted to the selection of models and
afew tests for comparing means were used for the examples. Although these procedures
might be improved, they already can be used following the ssmple guidelines below :

1.

Fit all samples with both the Lognormal and the Weibull models using the available
procedures based on M-estimators;

Use the ATAR criterion to assign a single model to each sample; the M-estimate of the
LOS mean is then automatically obtained from the fitting procedure; these LOS means
can be used as a descriptive measure, but not for inference;

Assess the quality of the fit with the Cox test; however, avisual inspection (and hence,
some subjective judgement) is required for those samples that reject both models; for

those samples for which amodel is adequate, inferences can be made on the ground of
well known properties of M-estimators, including statistical comparison of the means.

Improving statistical methodsis area chalenge for the future of LOS analysis or other
similar resource variables. A first challenge is the improvement of the statistical monitoring of



11

health services. Those working on LOS and other variables like costs will haveto livefor a
long time with skewness and outliers® “. Certain DRGs may be too vague® and many ongoing
efforts are aimed at the improvement of the homogeneity of DRGs" #* : however, itis
unlikely that they will completely eliminate outliers®. It should be recognized that the
substantial presence of outliers makes data interpretation more difficult, for example, in the
analysis of the variation of LOS among hospitals™. The statistical treatment of large database
requires procedures which are both rapid and sound, i.e., based on an explicit theory and a
careful assessment. The current method of analyzing data is often poor, with indicators which
are meaningless because they lack of statistical grounds™. Further, the statistical significance
of LOS difference (e.g., for the assessment of the impact of various programs) can be
meaningless if the modelling of the LOS distribution is neglected™ *2. The problem is still
more important when LOS is used as a dependant variable in regression analysis. In fact, the
wide variation of LOS transformations and/or trimming procedures which is observed in the
literature is an indication that a strong theoretical effort is needed to develop acommon
approach.

Another point is that outliers can give important information for various aspect of health
services management. In that sense, outliers are not only values to be eliminated, but rather
values to be taken into consideration for the assessment of various interventions™ * > or the
allocation of resources™ *°°"% ¥, There are many other developmentsin the use of outliers, for
example, identifying outlier institutions in terms of management® or quality of care®™. In any
case, however, there is a need to devel op the underlying statistical concepts aimed at
identifying these outliers.

A better use of statistical techniques isimportant to improve the comprehension of the
functioning of health services. Robust statistics provides powerful tools, but yet underused, in
the field of health care. An important paradigm of robust statistics is that a parametric model
can be used to describe the "majority”, not the "totality” of cases. More precisely, one assumes
that the population is a mixture of a parametric distribution (the model) and an unspecified
distribution, called contamination, that describes the outliers. This paradigm opens a more
flexible approach to the problem of managing exceptional cases, for example for prospective
payment, than currently used rules, where each single stay exceeding some limit deserves a
special treatment for outliers. Indeed, arobust model describes the "regular” stay distribution
that includes rare but expected (and hence, legitimate) long stays, whereas the contamination
describes the "irregular” (exceptional and unexpected) stays due to some kinds of accidents
(ranging from errorsin the codification process to catastrophic medical situations). Robust
methods could be used to characterize the "regular” distribution according to the model as
well as the amount of contamination. Prospective alocation could then take advantage of this
description: for example, aregular cost for next year (that includes a certain amount of
legitimate large stays) could be estimated as the mean of the model fitted to this year data
majority. Financial reserve for outliers could be made on the grounds of the amount of
contamination. Control and reimbursement then could be based on the amount of stays that
disagree with the model at the end of next year.

It may, finally, be noticed that the process of model choice does not need to be based solely
on criteria of agreement with data. It also may take into account the agreement with the
management target. For example, a short-tailed model (e.g., some member of the Weibull
class) is best suited to describe and stimulate a cost reduction target than a long-tailed model
(Lognormal).
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End Notes

" Theother strategy is to use fixed trimming, i.e., a cut-off point beyond which the LOS
is considered as impossible for some clinical reason or other common sense aspects.

**

Distributions and information about specific DRGs are available from the first author.
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Table 1. Number of stays and number of samples, by country and year

Country Number of stays available Number of stays included

Number of samples

and year included

BE 88 90872 87092 406
CH 88 29112 27432 249
CH 89 30127 28901 256
CH 90 30457 28494 250
El 90 214896 193785 398
LB 89 305221 304772 404
LB 90 1092867 1080719 439
UK 88 670008 541955 427
UK 90 2294787 2087650 450

all 4758347 4380800 3279

BE isBelgium, CH is Switzerland (Canton Vaud), El islreland, LB is Lombardia, UK is United Kingdom,
88 isyear 1988, etc. For each country/year, the number of stays available in the data base and the number of

stays and samples included in the analysis are reported



Table 2. Scheme of hypothesis testing with the Cox test

Model under test for adequation with data Null hypothesis  Alternative hypothesis
Lognormal (L) L G
L w
Weibull (W) w G
w L
Gamma (G) G L
G w




Table 3. Distribution of samples across three models (Lognormal=L, Weibull=W,
Gamma=G) and their combination, according to the Cox test, by country and year

BESBS CH88 CH89 CH90 EI90 LB89 LB90O UK88 UK90  all

L 113 46 47 34 94 68 75 109 93 679
\W 5 22 29 5 10 92
G 18 18 13 14 81
LW 0 0 0 0 5
LG 42 31 29 32 28 24 17 15 223
WG 38 12 18 23 41 67 61 34 26 320
LWG 104 106 101 99 91 73 34 42 18 668
None 94 50 55 53 131 132 205 209 282 1211
all 406 249 256 250 398 404 439 427 450 3279



Table 4. Distribution of samples across three models (Lognormal=L, Weibull=W,
Gamma=G), according to the ATAR criterion, by country and year

BESBS CH88 CH89 CH90 EI90 LB89 LB90O UK88 UK90  all

O s -

255 149 139 138 214 145 124 278 277 1719
68 43 43 42 73 92 126 77 78 642
83 57 74 70 111 167 189 72 95 918

406 249 256 250 398 404 439 427 450 3279



Table 5. M-estimates of the mean LOS (days), by country and year

BES8 CH88 CH89 CHO90 EI90 LB89 LB90 UK88 UK90

Lognormal (L)
Weibull (W)
Gamma (G)

109 103 9.9 9.7 66 113 114 64 9.2
9.2 9.3 8.9 8.7 5.6 9.6 9.2 5.4 1.2
9.4 9.5 9.1 8.9 5.7 9.7 9.3 5.4 7.2




Table 6. Distribution of samples across two models (Lognormal or Weibull) according to
the ATAR criterion, by country and year

BE8S CH88 CH89 CH90 EI90 LB89 LB90 UKS88 UK90 all

Weibull 137 81 97 93 168 247 290 130 156 1399
Lognormal 269 168 159 157 230 157 149 297 294 1880

total 406 249 256 250 398 404 439 427 450 3279



Table 7. Estimates of mean LOS, adjusted for casemix differences between countries, by
country and year

Waysto compute BE88 CH88 CH89 CH90 EI90 LB89 LB90 UK88 UKS90
the arithmetic mean

crude, all data 1006 789 754 683 640 995 952 648 983

..robust, usingthe 1049 750 741 679 6.70 1051 1055 646 932
Lognormal model

... after trimming 989 749 735 682 620 969 930 620 9.05
according to T1
(see below)

... after trimming 948 7.02 693 641 588 940 909 575 800
according to T2
(see below)

..robust,usingthe 947 707 699 646 615 929 894 615 859
Lognormal and
Weibull models

T1: log(t,) = 4 £ 30 where U isthe geometric mean and O the square root of the variance of thelog (LOS);

T2 log(t,) =log(q,) -~ 11(og(qs) —log(a,)) and log(t,) = log(d,) +115(log(ds,) - log(q,)) .where
g, and q; arethefirst and the third sample quartiles.
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Figure 1: Distribution of LOS, DRG 35 (Other disorders of the nervous system w/o cc), 1988
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Figure 2 : LOS distribution and adjusted Lognormal density, DRG 14 (Specific
cerebrovascular disorders except TIA), United Kingdom,1990
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Figure 3 : Relationships between mean LOS estimates provided by the Weibull
and Gamma models



