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Abstract. Objectives: To determine the most appropriate outlier trimming method when the main source of information for case mix
classification is length of stay (LLOS) because cost information is unavailable. Methods: Discharges (35,262) from two public hospitals
were analysed. LOS and cost outliers were calculated using different trimming methods. The agreement between cost and LOS trimming
was analysed. Results: The trimming method using the geometric mean with two standard deviations (GM2) showed the highest level of
agreement between cost and LLOS and revealed the greatest proportion of extreme costs. Nearly 5% of cases were outliers, containing 16%
of total LOS. This was the best approximation to 18% of extreme cost because when GM2 was applied to LOS, 88% of outlier cost was
revealed. Conclusions: The methods were analysed because they are the most frequently used but the same methodology could be employed
to compare other outlier determination methods. Outliers should be calculated because they ought to be valued differently from inlier cases.
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1. Introduction

Hospital cost analysis has advanced despite the difficulties of
delimiting the product resulting from hospital activity. The
total amount of activity, intermediate products and ways of
approaching different diseases are interrelated in each hos-
pital patient. Consequently, the associated cost is extremely
difficult to evaluate.

At the beginning of the 1980s, systems to define hospital
product began to be used that attempted to contain all activ-
ities, products and diagnoses in a limited number of groups.
The central axis of these systems is the inpatient who is as-
signed to a product group related to diagnosis and to other
criteria concerning severity of illness, complications, comor-
bidities, or age. To determine the relationship between total
hospital cost and total hospital product, a simple linear func-
tion is used [4,5]:

C=Yk-¥. (1)

i=1

where k; is the number of cases and Y; is the value assigned
to the product i.

The main advantage of these patient classification systems
is that they eliminate the imprecision inherent in the mul-
tiproduct nature of hospitals where collective action in any
given patient results in infinite possibilities [18]. In practi-
cal terms, this means that these systems are able to establish
a dialogue between the provider and the purchaser. The es-
tablishment of a purchase—provision relationship for a large
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number of patients means that inter-patient cost variation can
be approached through patient classification systems and that
a price can be assigned to each category [27]. Much of the
unexplained variability that arises when the care a patient re-
ceives is more expensive than the invoice is compensated for
by the fact that in another patient the opposite occurs. Sim-
ilarly, if a whole diagnosis related group (DRG) is under-
financed for a given hospital, this is compensated for by the
over-financing of another DRG.

The main limitation of these systems is that they assume
that the costs associated with a particular are usually the same
and therefore, that the activities associated with patients in a
particular group are also the same.

Several analyses have found these systems’ ability to ex-
plain cost variation to be limited [6,32,34,36]. The reduction
of the cost of one group of patients to the mean cost of patients
belonging to a particular group is a very significant reduction
in the complex framework of hospital product [25].

Little more than half of DRGs, the most commonly used
patient classification system, represents more than 90% of the
activity of a general hospital [14]. Not more than 250 mean
values should explain the cost variation related to 20,000 pa-
tients in a particular hospital or to 2,000,000 discharges from
a public hospital system.

Another clear limitation of patient classification systems
lies in the fragmentation of patient care. These systems in-
clude the field of inpatient hospital care, omitting other hos-
pital activities (outpatient, emergency, and day-hospital care)
because of the added complexity of not having the clear tem-
poral demarcation of patient admission and discharge.
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1.1. Lognormal cost distribution per hospital patient

When determining the mean cost associated with each DRG
in order to take a decision about cost, the mean value may
not be the most appropriate tool with which to value all the
patients in a particular group.

From a mathematical point of view, cost distribution per
patient has a minimum value of 0 and a maximum value tend-
ing towards the infinite. Patient cost distribution is heavily
skewed to the right, signifying a form of cost distribution in
which the mean value is subject to tensions that could lead to
overvaluation. Consequently, as several authors have pointed
out, cost function distribution is lognormal [3,24].

1.2. Financial risk

Patient classification systems have been extensively devel-
oped due to their use as an instrument of hospital pay-
ment. Obviously, the application of mean values to an
entire national health system supposes a financial risk for
hospitals whose case mix does not fit that of the whole sys-
tem [16,19,20,26]. Thus, if the number of patients with a
higher cost than the value recognised by the corresponding
DRG exceeds that of patients with a lower cost than the stan-
dard value, the result will be overall undervaluation of the
hospital product.

1.3. Outlier cases

DRG groups incorporate patients far removed from the re-
source use of most patients belonging to the same group [1].
The consequent valuation according to the mean of the pa-
tients in the group incorporates the tendency of these outlier
cases. This effect, known as masking, leads to the overvalu-
ation of the mean value of this category. On the other hand,
the existence of these cases in resource use (length of hos-
pital stay (LOS) or cost) means that, when standard external
valuations are used to identify them, their cost is undervalued.
The Medicare system in the United States [7,8,21], the
National Health Service in the United Kingdom [30,31,33]
and DRG-based clinical analysis systems [9,10,28] elimi-
nate these values to determine standard mean values, which
makes robust inter-hospital and inter-year comparisons possi-
ble. Medicare uses a differential payment for these cases.

1.4. Determination of outlier cases

To detect outlier cases, several trimming methods can be used
that yield different results [22,23]. Of these methods, two
stand out. One group is based on the distribution of the ele-
ments that compose the group to be analysed. These methods
attempt to make the arithmetic mean more robust. They use
a multiple of the standard deviation of normal distribution to
designate the trimpoint of outlier cases:

trimpoint = mean + a - standard deviation, 2)

where a is the parameter that multiplies standard deviation.
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A second group of trimming methods is based in the inter-
quartile range so that a multiple of the range between the 25th
and 75th percentiles is added to the 75th percentile:

trimpoint = 75th percentile + a - inter-quartile range. (3)

In addition to the difference in conception, parametric or non-
parametric, these two methods also differ in the parameter
used. The parameter is the number of times that either the
inter-quartile range is added to the 75th percentile or the stan-
dard deviation is added to the mean. If parametric meth-
ods are used, the cost per patient distribution for each cat-
egory must be normal, otherwise the parameters used will
be skewed. Because cost function distribution is lognormal,
a logarithmic transformation can be performed and subse-
quently applied to the parametric method used. In this case,
once the trimpoint has been found, the transformation ob-
tained reverts to its original value.

In practice, the geometric mean and the standard devi-
ation of the original distribution are used. The geometric
mean equals the arithmetic mean calculated over the logarith-
mic transformation. Thus, the parametric methods used by
Medicare until 1997 are given by:

trimpoint = geometric mean + «a - standard deviation. (4)

The aim of this study was to determine the most satisfactory
outlier trimming method and to analyse its relevance in the
distribution of financial risk among hospitals. The method-
ology was based on the hypothesis that the most satisfactory
trimming method is that which shows the greatest agreement
when applied to LOS and to costs. This is a practical hy-
pothesis because in most European countries resource use is
assimilated by LLOS and only rarely is systematic information
on cost per patient available in hospital information systems.
Per patient cost information is the main outcome measure of
the hospital process. When this information is unavailable,
LOS is used. LOS is a physical measure of hospital resource
use and incorporates most intermediate products used in the
treatment of the inpatient.

This study makes use of per discharge cost information
from two public hospitals in Barcelona from 1995 to 1996. In
Spain, no other hospitals have per-patient cost information at
their disposal, a situation that is also true of most hospitals in
European health systems.

2. Material and methods

The discharges of patients admitted to the two teaching hos-
pitals during a two-year period between 1995 and 1996 were
analyzed. These hospitals showed a relative case mix index
(calculated using Medicare’s DRG-weights) of 1.14 with re-
spect to the 600,000 discharges from the Catalan health sys-
tem in 1996. These two hospitals have the eighth highest case
mix index in the Catalan public hospital network, which con-
tains 70 hospitals.
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2.1. Determination of cost per patient

The Municipal Institute of Health uses a hospital cost ac-
counting system based on full costing allocation [11,35]. This
system ensures that the hospitals’ total costs are distributed
among the patients. Allocation is based on directly assign-
ing the cost of the following services to the patient: Labo-
ratory, Pharmacy, Radiology, Nuclear Medicine, Pathological
Anatomy, and Prosthesis [13]. The information systems con-
tain exhaustive data on human resources and their activity:
storage, planning of admission, ambulatory and emergency
care, operating rooms, diagnostic and complementary tests,
and inter-hospital consultations. This information creates and
automatically updates the cost drivers for overheads [37,38].
Teaching activity is assessed according to the agreements be-
tween the health institutions and the universities. Research
activity is valued on the basis of the impact factor of the clin-
ical staff’s publications.

2.2. Calculation of trimming methods

A database with costs and LOS for 35,262 patients was con-
structed. For each DRG the trimpoints for the following equa-
tions were calculated both for costs and for LOS:

GM + 2 - SD (referred to hereafter as GM2), 5
GM + 3 - SD (referred to hereafter as GM3), (6)
75th percentile 4+ 1.5 - IR (referred to hereafter as 1Q15), (7)
75th percentile + 2 - IR (referred to hereafter as 1Q20), (8)

where GM is the geometric mean, SD is the standard devia-
tion and IR is the inter-quartile range.

2.3. Behaviour of the different trimming methods

The main difference between parametric and non-parametric
methods is the influence of intra-DRG variability on the value
of the trimpoint. The behaviour of each trimming method in
relation to the degree of intra-DRG variability was analysed.

The total amount of cost and LLOS that remained above the
trimpoint was valued to determine the potential impact of an
extra payment recognising outlier cost on the total cost of the
public hospital network.

2.4. Analysis of agreement

Contingency tables showing four possibilities were con-
structed: one representing agreement between outlier cases in
terms of cost and LOS, one representing agreement between
inlier cases and two representing non-agreement (table 1).

Several “case by case” agreement tests for each method
used were applied to these contingency tables [1,29]. These
tests measure the proportion of agreement and the level of
bias in the cells showing non-agreement. We considered cost
as the observed variable and LOS as its estimation.
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Table 1
2 x 2 contingency table.
Costs Length of stay
Inliers Outliers Total

Inliers inliers false positives (@) + (b)) =cl

(@) ()
Outliers  false negatives outliers @+ (d)y=c2

(© (@)
Total @+ @=el GBY+d=e2 W+B++d=T

2.5. Kappa’s coefficient

This chance-corrected index was used to determine the degree
of agreement between the results for LOS and for costs:

x = (PO — PC)/(1 — PC), )

where PO is proportion of observed agreement (in table 1:
PO = (a + d)/T) and PC is proportion of chance agreement
(in table 1: PC = (el - cl + €2 - ¢2)/T?).

The Kappa coefficient oscillates between negative values
and 1. If the agreement between observation methods A and
B is equal to what could be expected by chance, then « = 0.
When PO = 1 (and consequently there is perfect agreement)
then x = 1. Landis and Koch suggest an interpretation of
this coefficient, classifying agreement into: bad (<0), poor
(0-0.20), average (0.21-0.40), moderate (0.41-0.60), sub-
stantial (0.60-0.80) and almost perfect (0.81-1). A limitation
of the Kappa coefficient is that unequal symmetrical distrib-
utions yield low Kappa coefficients despite higher degrees of
agreement.

2.6. Sensitivity index

The sensitivity index is the proportion of LOS outlier cases
detected that agreed with cost outlier cases (standard). The
result is expressed in values between O and 1:

sensitivity = d/c2. (10)

2.7. Specificity index

The specificity index is the proportion of LOS inlier (not out-
lier) cases that agreed with cost inlier cases (standard). The
result is expressed between 0 and 1:

specificity = d/cl. [€8))

2.8. Youden’s index

Youden’s index includes the sensitivity and specificity in-
dexes. It is given by equation (12) [17]. The result is ex-

pressed in values between 0 and 1:
Y=S+E-1. 12)

The sensitivity and specificity indexes and Youden’s index do
not correct for the effect of chance. However, the asymme-
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Figure 1. The receiver operating characteristic (ROC) curve is the relationship established between sensitivity and the complementary specificity. The greater
area below the ROC curve, the greater agreement due to higher sensitivity and lower lack of specificity.

try of the contingency table affects the value of the sensitiv-
ity and specificity indexes less than that of Kappa’s coeffi-
cient.

2.9. Receiver operating characteristic curve

The receiver operating characteristic (ROC) curve is the rela-
tionship established between sensitivity and the complemen-
tary specificity [1]. Figure 1 shows that the greater the area
below the ROC curve, the greater the agreement on adding
higher sensitivity and lower lack of specificity. The area
below the ROC curve can be calculated by applying equa-
tion (13). The maximum value which can be obtained by this
index is 100, equivalent to leaving an area of 100% below the
curve:

ROC=1-U/(cl-c2), (13)

where U is the value of the Mann—Whitney non-parametric
test for the outlier—inlier LOS variable grouped according to
the outlier—inlier cost variable and ¢1 and ¢2 are the number
of cost inlier cases and cost outlier cases, respectively.

The Mann—-Whitney non-parametric test relates the ex-
planatory variable with the grouping of the independent vari-
able. The independent variable is whether or not the case is
of extremely high cost and the explanatory variable is whether
or not the case is of extremely high LOS.

2.10. McNemar’s test

McNemar’s test determines whether there is systematic bias
in the cases showing non-agreement, as shown in cells » (false
positives) and ¢ (false negatives) in table 1. Systematic bias
exists when one type of error predominates. McNemar’s test
statistic is given by:

x2=®-0o/b+o).

The critical point of this statistic is xlza. Above this level,
systematic bias at a significance level of « is believed to exist.

(14)

2.11. Cost associated with outlier cases determined by LOS

The quality of the trimming method should be analysed ac-
cording to the volume of extreme costs identified by the
method when applied to the variable of L.OS. Independently
of the agreement in number of cases, the volume of costs as-
sociated with these cases is the most relevant factor to con-
sider when choosing a trimming method. The quality indi-
cator created enabled calculation of the percentage of outlier
costs identified when the trimming method was applied to the
variable of LOS.

95% confidence intervals were calculated for all the in-
dexes used in the analyses. The bootstrapping method with
1000 repetitions was used to calculate the confidence inter-
vals for all non-parametric measures.
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Trimpoint / mean
s

0.2-0.4 (5380) 0.4-0.6 (6522) 0.6-0.8(6747)  0.8-1(6842)  1-1.2(5085)  1.2-1.4 (2362) 16-1.8(169)  1.8-2 (1257)

Standard deviation / mean. (number of discharges)

1.4-16 (885)

Figure 2. Relationship between trimpoint and intra-DRG variability. (---) Inter-quartile range with parameter = 1.5 (IQ15), (—) inter-quartile range with
parameter = 2 (IQ2), (- - -) geometric mean plus two standard deviations (GM2), and (—) geometric mean plus three standard deviations (GM3).

Table 3
Contingency table: inter-quartile range with parameter = 1.5 (IQ15).
Table 2
Outliers determined by different trimming methods.? Costs Length of stay
Inliers Outliers Total
Cases Costs Cost above Cases Lengthof LOS
(MM Pta) trimpoint stay above Inliers 32,299 882 33,181
trimpoint Outliers 645 1,436 2,081
Total 32,944 2,318 35,262
Total 35,262 12,794 35,262 312,073
Percentage of outliers
By costs seef By length of stay . L n”'l"ab%e 4 . § X
1015 5.9% 20.22% 8.18% 6.75%  16.29% 6.17% Contingency table: inter-quartile range with parameter = 2 (I1Q20).
1Q20 4.23% 16.5% 6.68% 4.97% 12.92% 4.77% Costs Length of stay
GM2  476% 17.91% 5.97% 498% 15.74%  5.31% Inliers Outliers Total
GM3  2.06% 10.56% 3.17% 208% 8.53%  2.53%
a . . Inliers 33,011 758 33,769
IQIS: geometric mean plus two §ta?1dard dev1at19ns; and 1920: geomg- Outliers 498 995 1,493
ric mean plus three standard deviations; GM2: inter-quartile range with Total 33,509 1,753 35,262

parameter = 1.5; GM3: inter-quartile range with parameter = 2.
3. Results

The behaviour of each trimming method analysed in rela-
tion to intra-DRG variability and the trimpoint value are
shown in figure 2. Non-parametric methods were less sensi-
tive to increased intra-DRG variability than parametric meth-
ods.

Table 2 shows the percentage of extreme cost and LOS
cases for each of the methods analysed. The percentages of
costs and LOS associated with extreme cases are also shown.
Between 2 and 6% of cases were cost outliers with an asso-
ciated cost of between 11 and 20%. The percentage of LOS
outliers was between 2 and 7% with associated LOS between
9 and 17% of total LOS. The difference between GM3, used
by Medicare, and the other methods was substantial, GM3

being much more conservative and identifying far fewer cases
than the other methods. In contrast, IQ15 detected many more
cases than the other methods.

Cost and LOS above the trimpoint are also shown in ta-
ble 2. Between 3 and 8% of total cost was above the cost
trimpoint, and between 2.5 and 6% of LLOS was above the
LOS trimpoint.

The overall distribution of the contingency tables for the
four methods is summarised in tables 3—6. The results of ap-
plying the “case by case” agreement tests are presented in
table 7 and figure 2.

Kappa’s coefficient, Youden’s index and the ROC curve
analyse the diagonal of the contingency tables. When Kappa’s
coefficient and Youden’s index were used, GM2 gave the best
valuation and was the second best when the ROC curve was
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used. When Landis and Koch’s classification of Kappa’s coef-
ficient was used, GM2 and IQ15 showed a substantial degree
of agreement. The other methods showed a moderate level of
agreement.

‘When the ROC curve was used, GM3 was the method that
left the least amount of space below the curve but when other
tests were used it gave the greatest values. McNemar’s test

Table 5
Contingency table: geometric mean plus two standard
deviations (GM2).

F. COTS ET AL.

analyses the symmetry of the contingency table. Only GM3
did not present systematic bias. GM2 presented a value of
x% = 5.62, very close to the critical point of this distribution,
which was 3.481, with one degree of freedom and 5% signifi-
cance. In contrast, the non-parametric methods (IQ15, 1Q20)
gave values that were both very high and far removed from
the critical point.

The quality of agreement was evaluated by analysis of ex-
treme cost volume associated with LOS outlier cases. Ta-
ble 8 shows this analysis for the four methods used. The para-
metric method with two standard deviations (GM2) revealed

Costs Length of stay the highest percentage (68%) of outlier costs when applied to
Inliers Outliers Total LOS. The remaining methods revealed a lower percentage of
Inliers 32,976 609 33,585 costs, although differences were no higher than 7 points. The
Outliers 529 1,148 1,677 value of extreme cost of the false positives revealed by LOS
Total 33,505 L757 35,262 approximation represented 20% of total outlier cost according
to GM2. Consequently, when GM2 was used the final overall
Table 6 value detected by the LOS trimpoint was 88%. For the other
Contingency table: geometric mean plus three standard methods, the final percentage was 80% or less.
deviations (GM3). The results of the tests used demonstrate that GM2 was
Costs Length of stay the trimming method showing the highest level of agreement
Inliers Outliers Total between cost and LOS variables, both in terms of number of
- cases and in terms of the cost revealed.
g‘lll‘gisers 34’%; ig; 3 4’? 232 Unlike the non-parametric methods, the parametric meth-
Total 34,528 734 35,262 ods did not show systematic bias where non-agreement was
found (false positives and false negatives).
Table 7
Analysis of agreement by trimming methods.?
Kappa ROC curve Youden Sensivity Specificity McNemar
GM2 0.64 0.83 0.67 0.69 0.98 5.24
(0.64-0.67) (0.82-0.85) (0.64-0.69) (0.66-0.71) (0.98-0.98)
GM3 0.58 0.79 0.59 0.60 0.99 0.10
(0.55-0.61) (0.77-0.82) (0.55-0.63) (0.56-0.63) (0.99-0.99)
1Q15 0.63 0.83 0.66 0.69 0.97 36.78
(0.61-0.64) (0.82-0.84) (0.64-0.68) (0.67-0.71) (0.97-0.98)
1Q20 0.59 0.82 0.64 0.67 0.98 53.82
(0.58-0.62) (0.81-0.84) (0.62-0.67) (0.64-0.69) (0.98-0.98)

2GM2: geometric mean plus two standard deviations; GM3: geometric mean plus three standard deviations; 1Q15:
inter-quartile range with parameter = 1.5; and 1Q20: inter-quartile range with parameter = 2.
95% confidence interval in parentheses.

Table 8
Extreme costs revealed by application of trimming methods over LOS.

GM2 GM3 1Q15 1Q20

pplication to
Associated costs to agreed cases
Associated costs to false positives

12.1%
3.7%

6.2%
2.3%

13.2%
3.1%

10.1%
2.8%

87.9%
(84.6-92.3)

80.8%
(74.6-84.8)

80.6%
(77.0-84.0)

78.3%
(74.1-82.3)

2GM2: geometric mean plus two standard deviations; GM3: geometric mean plus three standard deviations; 1Q15:
inter-quartile range with parameter = 1.5; and 1Q20: inter-quartile range with parameter = 2.
95% confidence interval in parentheses.
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Figure 3. ROC curve for the four trimming methods. (¢) geometric mean plus two standard deviations (GM2), (A) inter-quartile range with parameter = 1.5
(IQ15), () geometric mean plus three standard deviations (GM3) and () inter-quartile range with parameter = 2 (IQ2).

4. Discussion

Application of the different trimming methods provides sig-
nificant information. The correct identification of a small
number of cases (between 2 and 5%) would allow the man-
agement of between 10 and 20% of resource use. These trim-
ming methods reveal that between 3 and 8% of total costs
represents a direct financial risk for the providers of a hos-
pital prospective payment system that does not recognise the
existence extreme cases of resource use.

When intra-DRG variability rises the difficulty of deter-
mining which trimpoint should be applied also increases; this
phenomenon should be incorporated by the trimming method
chosen. Non-parametric methods showed a low degree of cor-
relation between trimpoint values and intra-DRG variability,
especially when increases in variability were large. In con-
trast, parametric methods showed a high degree of correlation
between trimpoint values and intra-DRG variability. GM2
represents a good compromise because its trimpoint values
were similar to those of the non parametric methods when
intra-DRG variability was low and showed a high degree of
correlation with increases in intra-DRG variability. GM2 was
the most satisfactory method used both in the analysis of num-
ber of cases and in the analysis of value. When applied to
LOS, this method revealed 88% of extreme costs when false
positive were included. This is a high figure, allowing effec-
tive management of outliers, which grouping of patients into
DRGs fails to take into consideration.

GM2 does not reduce the number of extreme cases to the
minimum expression and consequently, it may not be the most
appropriate method for the complementary funding of these
cases. Medicare uses the most conservative trimming method

to reduce the percentage of outlier funding to 5% of total ex-
penses for inpatient treatment. Nor is GM?2 the method that
detects the greatest number of cases and consequently it does
not comply with the criteria put forward by Séderlund [33] for
choosing IQ15 for the National Health Service in the UK. In
this case, the argument for choosing the method that detects
the greatest number of cases, costs and LOS is that which
makes the resulting mean value for Health Resources Groups
more robust.

Therefore, with the hypothesis used in the present study,
the most satisfactory method is that which shows the greatest
agreement between cost outlier cases and their determination
through their application to LOS.

The aim of this type of analysis is to determine cost vari-
ability and to identify cases of extreme cost. Thus, it could be
argued that:

(1) A small number of cases represent an extremely high per-
centage of the total cost of a given hospital.

(2) Criteria for choosing the best LOS trimming method can
be established according to the method’s capacity to pre-
dict cost outliers.

(3) In the absence of per patient cost information, the most
satisfactory method among those studied was GM2.

(4) Trimming methods and their management are necessary
to determine hospital cost variability once this has been
adjusted for case mix.

The relevance of the correct determination of outliers to the
aspect of health policy that concerns cost variation per pa-
tient centres on the need of any analysis attempting to com-
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pare inter-hospital costs to correct for outliers, this need be-
ing maximal if conclusions about relative efficiency are to be
drawn.

Although not the objective of our analysis, if we extend the
scope of health policy implications to resource allocation or
to hospital services purchasing, our results argue in favour of
the measures applied by Medicare’s payment system. This or-
ganisation allocates part of its budget to fund the extreme cost
observed, but constrains the final amount to a marginal level
that does not question its DRG-Prospective Payment System.
Between 3 and 8% of cost was valued above the trimpoint.
This represents the amount of extreme cost that DRGs are
unable to value correctly. Application of GM2 revealed that
6% of total inpatient cost would not be correctly financed by
any hospital payment system based on case mix techniques
unless the system recognised the financial risk generated by
outliers [12].

A limitation of our analysis is that it is based on data from
two hospitals and therefore, the results cannot be generalised.
Even so, application of the GM2 trimming method to the to-
tal number of discharges from the Catalan Minimum Data Set
(600,000 discharges) between 1996 and 1998 revealed that
the percentage of LOS outlier cases and their associated LOS
was similar. The cases detected represented 4.49%, a per-
centage that was very similar to the 4.98% revealed by our
analysis. The two hospitals analysed are general hospitals that
provide all specialities and that have a case mix index slightly
above the average case mix index of the Catalan health sys-
tem. Therefore, they are highly representative of Catalan case
mix; the income per capita in this region is close to the Euro-
pean Union average.

Differences in the percentage of outliers exist between the
three levels of case mix complexity in the hospitals of the
Catalan public health system. The number of outliers was
found to increase with the level of complexity [15]. Thus, any
extra payments for outliers should recognise the effect of case
mix complexity on the number of outliers; the effect on costs
should be analysed in future research projects with a greater
number of hospitals for which per-patient cost information is
available.

In conclusion, a generalised per-patient cost accounting
system in Europe is a utopia that is unlikely to become real-
ity in the short or medium term. Consequently, hospital cost
analyses will probably continue to be based on an analysis of
LOS consumption adjusted by DRG [2]. Based on the data-
base analysed in the present study, the correlation between
costs and LOS is 74%. Outlier cases lead to overvaluation of
the estimated mean cost of each DRG due to the lognormal
distribution of cost function. For cost analysis, determination
of the effect of this overvaluation is indispensable and con-
sequently, the most appropriate trimming method should be
used. This is essential because each method yields different
results. Thus, criteria for the determination of the most appro-
priate trimming method have been elaborated and their use is
necessary to enable comparison of inter-hospital costs, once
these have been adjusted by case mix techniques.
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