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COMPARING CANDIDATE HOSPITAL REPORT CARDS 

Tom L. Burr, Reid R. Rivenburgh, James C. Scovel, and James M. White 
Los Alamos National Laboratory 

Tom L. Burr, MS E541, Los Alamos NM, 87545, tburr@lanl.gov 

1. Statement of the Problem 

Our data is from 1082 acute care hospitals in 10 
states representing 30 patient subgroups. Each sub- 
group is at risk for an undesired outcome like sur- 
gical complications, Cesarean section, or death. For 
each subgroup, for each hospital, there are five vari- 
ables: number of cases (n),  percent of cases with the 
undesired outcome ( p ) ,  average length of stay (los), 
average cost (cost), and average charge (charge). For 
a complete description, see the 1997 ASA Data Ex- 
position information on the hospital report cards 
data. 

We present graphical and analytical methods that 
focus on multivariate outlier detection applied to the 
hospital report cards data. No two methods agree 
which hospitals are unusually good or bad, so we also 
present ways to compare the agreement between two 
methods. We identify factors that have a significant 
impact on the scoring such as: (1) whether hospitals 
are only compared to their peer group, and how the 
peer group is defined, and (2) multivariate outlier de- 
tection issues such as outlier masking and the effect 
of using robust estimation of the covariance matri- 
ces or of using ranks rather than raw data. Several 
report cards are proposed and each one leads to a 
different hospital ranking. We give qualitative con- 
clusions concerning (1) which hospitals are unusually 
good or bad according to all report cards, and (2) 
which report card is recommended. 

2. Description of the Candidate Re- 
port Cards 

All of our report cards (methods) give a score to 
each of the 30 patient subgroups, and we use sev- 
eral weighting options to combine scores over the 30 
subgroups to arrive at  a single hospital score (note: 
patients in a given subgroup might care only about 
how well a hospital performs for that subgroup, but 
our focus here is to give a report card to the hospital 
overall so we combine scores over subgroups). 

Patients want small p scores. Payers want accept- 
ably small p with low los, cost, and charge. All of 
our candidate report cards attempt to judge how 

pleased both the patient and the payer would be 
with a given hospital, so they use both the p scores 
and the “cost”- related scores. Because one of our 
methods relies on having a full-rank covariance ma- 
trix among the variables, we report results here for 
the case of using three of the four quality measure 
variables: p ,  los, and charge. 

The following scores are for each patient subgroup 
for each hospital. 

Score 1: The Mahalanobis distance from 0. One 
common outlier detection method uses the Maha- 
lanobis distance MDi of each point x, from an esti- 
mate of the mean T(X). The usual definition is 

MD: = (Xi - T(X))C(X)-l(xi - T(X))t,  where 
C(X) is an estimate of the covariance matrix of the 
data matrix X. We use both robust and nonrobust 
C(X), and we set T(X) = 0 instead of the sample 
mean because all variables are nonnegative and we 
want to assign good scores to small distances from 
0. We use the minimum volume ellipsoid method 
(cov.mve in S-Plus) as our robust C(X) [l]. 

Score 2: Sum of the scaled variables. Scale each 
variable to have zero mean and unit variance, then 
sum them. Alternatively, we also divide each vari- 
able by a robust (using the mean absolute deviation 
to estimate the population standard deviation, c) 
estimate of its u. 

I,, where 
the indicator variables, I%,  are defined as follows. Let 
Ti be quantile p for the i-th variable x,, so that loop 
percent of hospitals have xi > Ti. Let I, = 1 if zi > 
Ti and 0 otherwise. This score ranges from 0 to 3 
for each subgroup. We report peer-group results for 
p = .01, .05, and .l. If the features were independent 
then F - Binomial(3, p ) .  We can use the departure 
of the FRED scores from the binomial distribution 
as one measure of dependence of our variables. 

Score 4: Average variable ranking. For each vari- 
able, rank the 1082 cases. The final rank is accord- 
ing to the average rank over all variables for each 
hospital. 

Scores 1 and 2 have both robust and non-robust 
(with respect to outliers) versions. 

Scores 3 and 4 are inherently robust to outliers. 
We also considered the effect of only comparing a 

Score 3: The FRED score, F = 
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hospital to its peer group. There are many possible 
ways to define peer groups. We present results for 
the following way. We searched for which of the nine 
peer group categories (number of beds, geographic 
region, etc.) exhibited the largest group-to-group 
variation (compared to within-group variation) in p .  
The two peer group categories that have significantly 
largest between-group to within-group variation are 
the percent Medicare and geographical area, which 
each had five categories. To reduce the total number 
of categories, we reduced the percent Medicare to 
low (A or B) and high (C, D, or E), and we retained 
the 5 geographical regions so our single peer group 
variable had 10 groups with the following number of 
hospitals in groups 1 to 10: 81, 238, 45, 211, 54, 104, 
29, 28, 143, 149 (low Medicare: northeast, south- 
east, central, northwest, southwest, and then high 
Medicare with same regions). We report peer group 
results here only for Score 2. Score 1 was difficult to 
apply because the 3-by-3 covariance matrix was sin- 
gular within peer groups for most of the 30 patient 
subgroups. 

For each scoring method we must somehow com- 
bine scores over subgroups. Not all hospitals had 
n > 0 for all patient subgroups. The number of 
n > 0 subgroups ranged from 18 to 30 with an aver- 
age of about 28. It is reasonable then to simply av- 
erage the scores over the subgroups with n > 0, but 
we have choices for how to average. We use three 
weighted averaging methods: (1) wl :  weights are 
the average p scores for that subgroup (subgroups 
having high p are weighted more heavily), (2) w2: 
weights are the average charge scores for that sub- 
group, (3) w3: weights are n for that subgroup, and 
(4) w4: weights = 1 (unweighted). Weights 1 and 2 
vary with subgroup but are the same for each hos- 
pital. Weight 3 depends on both the subgroup and 
the hospital. 

3. Multivariate Outlier Detection 

Our main goal is to identify unusually good or bad 
hospitals and our second goal is to compare candi- 
date report cards for hospitals. Our approaches can 
all be viewed as multivariate outlier detection meth- 
ods [2]. There are too many notions of what it means 
to be an outlier to review here. Also, “the complex- 
ity of the multivariate case suggests it would be fu- 
tile to search for a truly omnibus outlier detection 
procedure” [3]. Practical suggestions for detecting 
multivariate outliers therefore include 

(a) try several methods and compare them [3], 
(b) reduce dimensionality somehow, such as using 

principle components [2], and 
(c) define a region where the outliers of interest 

should lie [2]. 
In our analyses we apply several methods, all of 

which reduce dimensionality because a scalar-valued 
score results. Also, all of our methods look for either 
“large” or “small” values of some of the features to 
take advantage of an inherent preferred direction for 
all three variables. 

We cannot review the subject of multivariate out- 
lier detection here, but we adopt the above practical 
suggestions and consider three issues: 

(1) outlier masking (example: the presence of one 
outlier can make it difficult to detect a second out- 
lier), 

(2) the impact of having an a priori direction to 
search for outliers, and 

(3) how to compare our outlier detection methods. 
Our comparison methods to compare our ranking 

methods focus on the top ntop and bottom nbottom 
hospitals. We define two distance measures to com- 
pare two ranking methods. Both distances lie be- 
tween 0 and l with 0 being perfect agreement be- 
tween two methods. 

We present results here for ntop = 10 and 20 
and the same for nbottom. Distance 1 is 1 minus 
the percent of cases that are in the ntop by both 
methods. The second distance finds the providers in 
the ntop ranks by method 1, and then records their 
ranks by method 2. The Spearman correlation, p1, 

is computed between those two sets of ranks, and 
then the viewpoint is reversed; we compute p2 and 
then symmetrize the comparison method by defining 
p = 9. Distance 2 is .5 x (1 - p)  which ranges 
from 0 to 1, where 0 (1) corresponds to an average 
Spearman correlation (of the two viewpoints) of 1 
(-1)- 

4. Data Analysis Results 

In Fig. Id  we plot the overall hospital scores versus 
hospital number for Score 2 using n as the weighting 
over subgroups method. We also plot in Figs. la-lc 
the overall hospital scores using only (respectively) 
p ,  charge, and 10s. This allows us to see that, for ex- 
ample, Hospital 805 is an outlier according to Score 
2 because it has large p and large 10s scores (though 
its charge score is not large). 

To show the effect of our four weighting methods, 
in Fig. 2 we show Score 1 ( M D )  with each of the 
four weighting methods. In Fig. 3 we show results 
from several scoring methods, each combined across 
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Figure 1: Outcomes, charges, los, and combination (Score 2). 

patient subgroups using n as weights. 

To visually compare our methods agreement on 
the top 10 and 20 (and bottom 10 and 20) hospitals, 
we use a minimal spanning tree (MST) [4] and hi- 
erarchical clustering. The MST is a more complete 
comparison of any two methods because it compares 
their similarity not just to each other but also to all 
other methods. For more details on this approach 
with another data set, see [5] .  

We present results (Fig. 4) here for ntop = 10 
and 20 (we also consider nbottom = 10 and 20 when 
we compare methods) for 30 methods: mds.wl to 
mds.w4, rmds.wl to rmds.w4, sums.wl to sums.w4, 
mums .wl to rsums.w4, sums.pg. wl  to sums.pg. w4, 
fred.Ol.w4, fred.05.w4, fred.lO.w4, spearman.wl, 
spearman.w2, spearman.w3, spearman.w4, out- 
comes.scores, charge.scores, and 1os.scores (the last 
three, methods 28, 29, 30 in Fig. 4, are weighted by 
n). 

5.  Summary 

We selected p ,  los, and charge as the three primary 
variables and presented several hospital report cards. 
There is no consistent agreement on which hospitals 
are best, but there is nearly consistent agreement 
that two hospitals (449 and 805 in FL and NY, re- 
spectively) are noticeably worse than the other 1080 
hospitals. Hospital 805 has high average p and high 
average los, while hospital 449 is modestly high on 
all three variables. We can affect our conclusions by 
comparing hospitals only to their subjectively de- 
fined peer groups. We presented one way to define 
peer group that used geographic region and percent 
Medicare to define the group which resulted in 10 
groups (high and low Medicare usage and five geo- 
graphic regions). A unique feature of our presenta- 
tion is the way we graphically compared candidate 
report cards using a two-dimensional minimal span- 
ning tree for a custom-defined measure of agreement 
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Figure 2: MD (Score 1) with four weighting methods. 

between two scoring methods. If we must choose 
only one report card, we suggest averaging the nine 
presented in Fig. 3 (all weighted by n, the number 
of cases) plus the same nine weighted by the difi- 
culty of the outcome as defined by the average p .  
An ordinary average of those 18 scores results in the 
following top 11 hospitals (from best to worst): 

899, 326, 68, 864, 840, 883, 328, 974, 918, 966, 
922, and the following bottom 11 hospitals from 
(best to worst):% 

804, 626, 302, 574, 799, 589, 440, 647, 449, 805. 
Note that hospitals 449 and 805 are the two worst 

hospitals. 
As we can see in Fig. 1, there is a significant gap 

between approximately the worst five hospitals and 
the “average hospitals,” and similarly for the top five 
hospitals. In particular, hospitals 899 and 326 have 
significantly better average scores (over all methods 
considered) than the other hospitals, and hospitals 
805, 449, 647, 440, 589, 799, 574, and 302 have sig- 
nificantly worse average scores than the other hospi- 
tals. 
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Figure 3: Nine scoring methods, each weighted by n. 
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