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A Probability Metric for Identifying
High-Performing Facilities
An Application for Pay-for-Performance Programs
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Background: Two approaches are commonly used for identifying
high-performing facilities on a performance measure: one, that the
facility is in a top quantile (eg, quintile or quartile); and two, that a
confidence interval is below (or above) the average of the measure for
all facilities. This type of yes/no designation often does not do well in
distinguishing high-performing from average-performing facilities.

Objective: To illustrate an alternative continuous-valued metric for
profiling facilities—the probability a facility is in a top quantile—
and show the implications of using this metric for profiling and pay-
for-performance.

Methods: We created a composite measure of quality from fiscal
year 2007 data based on 28 quality indicators from 112 Veterans
Health Administration nursing homes. A Bayesian hierarchical
multivariate normal-binomial model was used to estimate shrunken
rates of the 28 quality indicators, which were combined into a
composite measure using opportunity-based weights. Rates were
estimated using Markov Chain Monte Carlo methods as im-
plemented in WinBUGS. The probability metric was calculated
from the simulation replications.

Results: Our probability metric allowed better discrimination of
high performers than the point or interval estimate of the composite
score. In a pay-for-performance program, a smaller top quantile (eg,
a quintile) resulted in more resources being allocated to the highest
performers, whereas a larger top quantile (eg, being above the
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median) distinguished less among high performers and allocated
more resources to average performers.

Conclusion: The probability metric has potential but needs to be
evaluated by stakeholders in different types of delivery systems.

Key Words: profiling, performance measurement, quality meas-
urement, Bayesian models, pay-for-performance

(Med Care 2014;52: 1030-1036)

here are 2 commonly used approaches for identifying high-
performing facilities on measures such as 30-day mortality
and readmission rates or adherence to processes of care. The
first considers whether the facility is in a top quantile (eg,
quintile, quartile, or above the median 153. and the second de-
termines if the confidence interval associated with the measure
is below (or above if high values of the measure are good) the
average of the measure for all facilities.* Both approaches flag
some facilities as high performing and others as not. However,
there are problems with this type of yes/no classification. As-
sume, of 100 facilities we identify the top 20 as high performing
and, in the context of a pay-for-performance (P4P) program,
give them a bonus or use them as benchmarks for lower-per-
forming facilities. Do we really believe that the 19th and 20th
ranked facilities are significantly better than the 21st and 22nd
ranked facilities? In fact, there almost always is a much larger
gap in performance between the top-ranked facility in a quantile
and the bottom-ranked facility in the quantile than between the
bottom-ranked facility and the top-ranked facilities in the next
quantile. Yet, the yes/no approach to identifying high performers
ignores the former gap and highlights the latter. The same
problem arises when facilities are identified as high performing
because their confidence interval is below (or above) the mean
of all facilities. Although we can identify a set of facilities that
we are fairly confident is better than average, the confidence
intervals associated with these high-performing facilities often
have substantial overlap with the confidence intervals of aver-
age-performing facilities (ie, those that include the mean). Thus,
we are not able to conclude that many of the high-performing
facilities are measurably different from the average-performing
facilities.
In this paper, we illustrate an alternative continuous-
valued metric for profiling facilities—the probability that a
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facility is in a top quantile—and show implications of using
this metric for profiling and P4P programs. The probability
measure allows us to rank facilities and thus identify those in
a top quantile. However, it also indicates, using the same
single number, how confident we should be about its high-
performer designation. In a P4P program, if funds are allo-
cated to facilities in proportion to the probability a facility is
a high performer, all facilities may receive something, but
those facilities with a higher likelihood of being a high
performer will receive more. This is a conceptually more
appealing way of allocating resources than an approach that
designates certain facilities as high performers and allocates
all of the resources to them.

The Centers for Medicare and Medicaid Services
(CMS) P4P program, called a value-based purchasing pro-
gram, was created to incentivize high quality hospital care. It
does not use a designation of high-performing status to di-
chotomize hospitals, but maps a hospital’s performance on
each measure into a measure-specific score, which is then
aggregated across measures into an overall score that de-
termines payment adjustments.’> The problem with the CMS
approach is that it does not reflect the reliability of each
score. For example, 85% adherence to a process of care
measure is counted the same whether it is based on 30 eli-
gible patients or 300. In the former case, the probability the
facility in a top quantile is lower than in the latter case,
reflecting the increased uncertainty associated with a mea-
sure based on only 30 versus 300 patients.

In its Medicare Advantage Program and on Nursing
Home Compare,® CMS awards each facility from 1 to 5 stars
based on the quintile in which an aggregation of their per-
formance scores fall. The disadvantage of this approach is
that consumers have no way of knowing the level of con-
fidence associated with a star designation. Rather than fo-
cusing on the probability a facility is in some top quantile,
one can calculate the probability a facility is in each of the
quintiles, thus communicating the confidence in each star
designation. In the Results section, we illustrate a possible
way to portray this information.

Calculation of probability metrics is relatively straight-
forward when Markov Chain Monte Carlo (MCMC) methods
are used to estimate model parameters. Several studies have
illustrated probability metrics in a health care setting, including
Normand et al,” who consider a continuous-valued metric and
Christiansen and Morris® and Burgess et al,” who use the
metric as a way to identify high-performing or low-performing
facilities. However, the metric has not gained traction, which
provides motivation for this paper. Our contribution is to
compare the implications of using a probability metric to
identify high-performing facilities to more commonly used
approaches based upon ranks or confidence intervals; and to
examine the implications of the metric in P4P programs. One
likely reason for limited use of this approach is the complexity
of MCMC methods; but, for those with only moderate sta-
tistical training, MCMC methods are no less complex or
transparent than the hierarchical generalized linear models
used in current CMS profiling* In Supplemental Digital
Content 1 (http:/links.lww.com/MLR/A807, text), we give a
brief nontechnical description of MCMC methods using a dice
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example to increase the transparency in the way in which the
probabilities are generated.

METHODS
Setting

To illustrate our approach, we examined quality in-
dicator (QI) data from 112 of the 132 Veterans Health Ad-
ministration (VA) nursing homes (called Community Living
Centers) that had at least 10 long-stay residents (over 90 d)
and where at least one third of the residents were long stay
(based on average daily census). We used data from fiscal
year 2007 (October, 2006 through September, 2007).

Qls

We considered a set of 24 QIs calculated from the
Minimum Data Set (MDS), version 2.0. The MDS is a core
component of the Resident Assessment Instrument, an in-
strument whose use for quarterly patient assessment and care
planning is required in all nursing homes that receive federal
reimbursement. The Resident Assessment Instrument is also
used in the VA. MDS data provide a summary assessment of
the status of each long-stay nursing home resident.

Before the recent implementation of MDS 3.0, the 24
QIs were routinely provided to non-VA nursing homes and
used by regulators as a preliminary step in the certification
process.'? Four of the indicators are stratified into high-risk and
low-risk residents, resulting in a total of 28 QIs. Before im-
plementation by the VA of MDS 3.0 in 2012, these indicators
were provided monthly to VA Community Living Centers.
Supplemental Digital Content 2 (http://links.lww.com/MLR/
A808, Table) shows the 28 QlIs, all of which are of the form
“the proportion of residents eligible for the indicator (the de-
nominator) who experience the event of interest (the numer-
ator).” As the indicators measure adverse events (ie, events
considered as related to care received in the facility), lower
levels of the indicators indicate higher performance.

Analysis

To illustrate the probability metric, we used a composite
measure that was calculated as a weighted average of the 28
individual QIs using opportunity-based weights (ie, the weight
associated with each QI is the denominator for that QI divided
by the sum of the denominators for all of the QIs). This ap-
proach, similar to that used by CMS in its P4P demonstration
programs, 12 is equivalent to treating each of the individual QIs
as equally important. Calculating a composite as a weighted
average implies that the composite is conceptualized as a for-
mative construct.!’ In a formative construct, one would not
necessarily expect the different indicators to be correlated as
they represent different dimensions of quality. Other than the
high-risk/low-risk QIs, most of the other 28 QIs were not highly
correlated with each other.

The denominators used to calculate the QIs varied across
facilities (from 10 to 225 residents, median=62) and within
facility, across the QIs. Hence, there were substantial differ-
ences in the reliability of the observed rate in different facili-
ties. A number of studies have shown the value of stabilizing
rates in this type of situation by “shrinking” them toward
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population averages,'4 %" including several particularly acces-

sible to less technical readers.!>"'® Similar to Shwartz et al,2
we used MCMC methods to estimate from a Bayesian hier-
archical multivariate normal-binomial model the shrunken
rates for the 28 QIs, which were then combined into a com-
posite measure (Supplemental Digital Content 3, http://links.
Iww.com/MLR/A809, text). In Shwartz et al 20 there is a
simple illustration of how shrinkage works in this type of
model. We also estimated 95% credible intervals for the
composite measure. These intervals are the range within which
we are 95% sure the composite measure lies. It is straight-
forward to calculate the probability metric from the Gibbs
samples by ranking the composite measures in each sample
and then assigning a 1 if a facility’s rank is in the top quantile
and a 0 otherwise. The probability a facility is in the top
quantile is the proportion of 1’s in the set of Gibbs samples.

We compared facility ranks and identification of high
performers based on point estimates of the composite mea-
sure and their associated credible intervals to ranks and high-
performer identification based on the probability metric.
When using the probability metric, 2 cutoffs were used to
define high performance: being in the top quintile and being
above the median. We denote the probability of being in the
top quintile by PTQ and the probability of being in the top
half of all facilities by PTH.

We then examined the implications of the probability
metric for a P4P program. When CMS profiles facilities in
Hospital Compare, it identifies facilities as high or low
performers based on whether or not their confidence
interval includes the population average. However, in their
value-based purchasing program, they reward facilities by
converting a performance measure into a score and then
aggregating the score across measures, which is then trans-
lated into a payment bonus.”> We avoid the aggregation
problem by considering a composite score. To allocate bonus
payments in a simulated P4P program, we used an approach
similar in spirit to that used by CMS. Specifically, to convert
a facility’s PTQ (or PTH) into a percentage of the total
amount set aside for payment bonuses that each facility
would receive, we took the ratio of the facility’s PTQ (or
PTH) to the sum of the PTQs (or PTHs) across all facilities.?!

Finally, we conducted several sensitivity analyses,
examining the impact of 2 different priors on estimates; the
impact if the composite measures have a skewed distribution;
and the impact if P4P is based upon the individual QIs rather
than a composite measure. The details of the sensitivity
analyses are described in Supplemental Digital Content 4
(http://links.lww.com/MLR/AS810, text and Figures).

RESULTS

Figure 1 shows the interval estimates of facility per-
formance based on the composite score from the 28 QlIs,
ordered from the highest performer (lowest score) to the
lowest performer (highest score). There were 28 facilities
that would be classified as high performers because their
interval estimate was below the mean composite score of
0.128. As shown in the figure, for many of these facilities,
particularly those with an interval estimate whose upper
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FIGURE 1. Interval estimates of performance ranked from
highest-performing facility to lowest. It shows the 95%
credible intervals (Cls) for facilities ranked from highest per-
formance to lowest based on the point estimate of their
composite score. The dashed line at 0.128 is mean perfor-
mance across all facilities. It is apparent from the this that the
95% Cls of a number of high-performing facilities (those
whose 95% Cls are <0.128) overlap with the 95% Cls of
average-performing facilities (those whose 95% credible in-
tervals cover 0.128). For example, the facility ranked 27th is a
high performer (95% Cl, 0.103-0.121), whereas the facility
ranked 30th is an average performer (95% Cl, 0.100-0.135).
However, because of the overlap in their 95% Cls, there is no
basis for saying the 27th ranked facility is better than the 30th
ranked facility.

value was close to 0.128, their interval estimate overlapped
noticeably with the interval estimates of other facilities
classified as average performers (because their interval es-
timate included 0.128).

The performance statistics for the top 30 facilities ranked
by PTQ (ie, the probability of being among the top 23) is shown
in Table 1. The top 23 ranked facilities are the same as the top
23 facilities based on the point estimate of the composite score,
although the order is slightly different. However, PTQ begins to
decline as one moves toward lower-ranked facilities in the
quintile. The top 10 facilities have over a 95% chance of being
in the top quintile. However, the 17th ranked facility has only an
80% chance of being in the top quintile and 20th ranked facility
only a 73% chance. The last 3 facilities in the quintile have
under a 50% chance of being in the quintile. Thus, if we labeled
the top 23 facilities as being high performers, it is more likely
than not that 3 of the high-performing facilities were really
average performers. Facilities ranked 24-30 (just below the
quintile) have a very similar composite score to the facilities
ranked 22nd and 23rd, but very different probabilities of being
in the top quintile. Further, some of the high-performing fa-
cilities based on their interval estimates have a relatively low
probability of being in the top quintile, for example, the 23rd,
and 26th to 29th ranked facilities in Table 1. It seems difficult to
justify treating all of these facilities the same based on the fact
that their interval estimate is <0.128.

The probability a facility is in the top quintile, PTQ
(smooth plot), ranked from the highest probability to the
lowest, and the probability a facility is above the median,
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TABLE 1. Performance Statistics for Top 30 Facililties Ranked by Probability of Being in the Top Quintile (PTQ)*

Composite Interval Estimate Probability In Probability In Top Quintile Top Half
Facility Score Lower Upper Top Quintile Top Half % of Pool % of Pool
1 0.067 0.061 0.073 1.000 1.000 0.043 0.018
2 0.080 0.073 0.088 1.000 1.000 0.043 0.018
3 0.088 0.079 0.097 1.000 1.000 0.043 0.018
4 0.098 0.090 0.106 0.996 1.000 0.043 0.018
5 0.094 0.084 0.105 0.993 1.000 0.043 0.018
6 0.097 0.086 0.107 0.992 1.000 0.043 0.018
7 0.099 0.091 0.107 0.987 1.000 0.043 0.018
8 0.098 0.087 0.108 0.982 1.000 0.043 0.018
9 0.099 0.090 0.110 0.970 1.000 0.042 0.018
10 0.098 0.085 0.112 0.954 1.000 0.041 0.018
11 0.101 0.091 0.112 0.937 1.000 0.041 0.018
12 0.101 0.087 0.114 0.885 1.000 0.038 0.018
13 0.099 0.079 0.119 0.870 1.000 0.038 0.018
14 0.103 0.092 0.115 0.856 1.000 0.037 0.018
15 0.102 0.087 0.118 0.824 1.000 0.036 0.018
16 0.102 0.088 0.116 0.821 1.000 0.036 0.018
17 0.103 0.091 0.116 0.800 1.000 0.035 0.018
18 0.106 0.098 0.114 0.774 1.000 0.034 0.018
19 0.104 0.089 0.122 0.733 0.997 0.032 0.018
20 0.104 0.087 0.122 0.729 0.996 0.032 0.018
21 0.109 0.090 0.131 0.495 0.946 0.022 0.017
22 0.111 0.094 0.130 0.465 0.934 0.020 0.017
23 0.110 0.094 0.127 0.460 0.970 0.020 0.017
24 0.112 0.092 0.142 0.448 0.914 0.019 0.016
25 0.114 0.090 0.140 0.338 0.858 0.015 0.015
26 0.112 0.101 0.125 0.323 0.990 0.014 0.018
27 0.112 0.103 0.121 0.284 0.996 0.012 0.018
28 0.113 0.102 0.125 0.282 0.981 0.012 0.018
29 0.113 0.103 0.123 0.233 0.996 0.010 0.018
30 0.118 0.100 0.135 0.160 0.835 0.007 0.015

*For each facility the point estimate of the composite score from the Bayesian multivariate normal-binomial model, the 95% credible interval (interval estimate), the probability
the facility is in the top quintile (PTQ) and top half (PTH) of all facilities, and the proportion of a P4P payment pool each facility would receive if payment were based on PTQ and
PTH are shown. The intervals in italics are below the overall average PTQ (0.128) and would be flagged as high performers.

PTH (jagged plot) are shown in Figure 2A. All 23 highest
ranked facilities have a >93% chance of being above the
median and 20 of the 23 have over a 99% chance, whereas
the probability of being in the top quintile varies from 1.00 to
0.46. As seen in the figure, PTQ discriminates much more
among high-ranked facilities than PTH. However, PTH dis-
criminates much more among those facilities in the lower
half of the performance distribution. The sharp drops in PTH
occur for smaller facilities.

Figure 2B (and the last 2 columns of Table 1) translate the
probabilities in Figure 2A into a P4AP context. The greater dis-
crimination among high-ranked facilities when using PTQ is
reflected in the greater percentage of the payment allocation that
facilities ranked in the top 11 would receive, above 4%, versus
those ranked at the bottom of the quintile, around 2%. Using
PTH, the top 23 ranked facilities would receive between 1.7%
and 1.8% of the payment allocation. Using PTQ, payment de-
clines rapidly for facilities ranked 21st to 49th, at which point
facilities receive close to nothing (under 0.1%). Using PTH, the
mid-ranked facilities (25th to 66th) would receive a noticeably
higher payment than using PTQ and some of the bottom-ranked
facilities would do somewhat better.

Table 2 illustrates extension of the probability metric
from a focus on the top quintile to consideration of the prob-
ability of being in each of the quintiles. It shows for 20

© 2014 Lippincott Williams & Wilkins

“boundary” facilities (those facilities with ranks close to the
ranks that define quintile 3) the probability that they are in each
of the quintiles. Here we distinguish the quintiles by stars,
where 5 stars indicate facilities in quintile 1—the highest
ranked, and 1 star indicates those in quintile 5—the lowest
ranked. The facilities ranked in the bottom 5 in quintile 2 (4
stars) based on the point estimate of their composite score have
over a 45% of being 3-star or lower facilities, and 4 of the 5
facilities ranked in the bottom 4 in quintile 3 (3 stars) have
over a 34% of being 2-star facilities. Thus, for these types of
boundary facilities, there is a fair bit of uncertainty associated
with their star designation. Figure 3, which shows bar charts
indicating the probability a facility is in different star catego-
ries (for those categories where the probability is > 0.10),
illustrates how these data might be presented to consumers. It
is clear from the bar charts that although the 45th ranked fa-
cility is a 4-star facility and the 46th a 3-star facility, based on
the probabilities that the facility is in each of the star catego-
ries, the 2 facilities are hard to distinguish.

In the sensitivity analyses, we found that: (1) although
point estimates of the composite measure are insensitive to
the prior distribution of the “underlying” probability of de-
veloping adverse events, the probability metrics are much
more sensitive. In some cases, there can be large differences
when a bimodal prior instead of a uniform prior is used
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FIGURE 2. Performance and payment based on the probability
a facility is in the top quintile (PTQ) and in the top half (PTH). A,
Performance based on PTQ and PTH. B, Payment based on PTQ
and PTH. A, The monotonically declining black line shows the
probability of being a high performer when high performance is
defined as being in the top quintile (PTQ); the jagged gray line
shows the probability of being a high performer when high
performance is defined as being in the top half of all facilities
(PTH). PTQ discriminates much more among the top-ranked
facilities (PTQ ranges from 1.00 to 0.46 among the top 23
ranked facilities, whereas PTH ranges from 1.00 to 0.93); PTH
discriminates more among the mid-ranked facilities. B, The
proportion of a pay-for-performance pool that would go to fa-
cilities if bonus payments were based on PTQ (monotonically
declining black line) and PTH (jagged gray line). The greater
discrimination among high performers when using PTQ is re-
flected in the substantially higher bonuses payments awarded to
the highest of the high performers. When using PTH, mid-
ranked performers receive higher bonus payments.

(Supplemental Digital Content 4, http://links.lww.com/MLR/
A810, Figure 4.1); (2) The basic relation between PTQ and
PTH is not sensitive to the skewness of the composite scores,
although as the distribution of composite scores changes
from left skewed to symmetric to right skewed, the PTQ
metric results in somewhat greater discrimination among
the highest of the high performers (Supplemental Digital
Content 4, http://links.lww.com/MLR/A810, Figure 4.2); and
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TABLE 2. Probability “Boundary” Facilities Based on the Rank
of the Point Estimate of Their Composite Score are in Different
Star Categories™

Probability in Indicated Star Category

5 Stars 4 Stars 3 Stars 2 Stars 1 Star Quintile Rank
0.083 0.448 0.373 0.097 0.000 2 41
0.003 0.512 0.475 0.010 0.000 2 42
0.009 0.534 0.394 0.063 0.000 2 43
0.007 0.470 0.511 0.012 0.000 2 44
0.089 0.409 0.371 0.129 0.001 2 45
0.065 0.447 0.356 0.127 0.006 3 46
0.057 0.409 0.396 0.139 0.000 3 47
0.177 0.304 0.293 0.158 0.068 3 48
0.086 0.433 0.288 0.180 0.014 3 49
0.015 0.402 0.524 0.059 0.000 3 50
0.000 0.110 0.620 0.264 0.006 3 63
0.004 0.160 0.481 0.343 0.012 3 64
0.005 0.177 0.447 0.345 0.028 3 65
0.000 0.028 0.603 0.368 0.001 3 66
0.004 0.097 0.494 0.392 0.013 3 67
0.025 0.195 0.272 0.392 0.116 4 68
0.000 0.012 0.517 0.466 0.004 4 69
0.006 0.118 0.353 0.441 0.083 4 70
0.000 0.068 0.400 0.497 0.035 4 71
0.000 0.014 0.340 0.633 0.013 4 72

*The 5 facilities ranked at the bottom of quintile 2 (4 stars), the 5 ranked at the top
and 5 at the bottom of quintile 3 (3 stars), and the 5 ranked at the top of quintile 4 (2
stars). For many of these facilities near a quintile “boundary,” there is a substantial
probability they are in a different quintile than the one assigned based on the rank of the
point estimate of their composite score.

(3) Finally, in a P4P program, there are large differences in
the allocation of payment bonuses to higher-performing
programs when the allocation is based on applying PTQ to a
composite measure versus applying PTQ to individual Qls
and then aggregating the results across QIs (Supplemental
Digital Content 4, http://links.lww.com/MLR/A810, Fig-
ure 4.3). When allocations are based on a composite score,
the payment bonuses range from 4.3% of the pool for the
highest performers to almost nothing; and when allocations
are based on aggregating bonuses for individual Qls, bonuses
range from 1.7% of the pool to 0.3%. When payment is
based on PTH applied to individual QIs, the differences in
allocation are even further compressed (1.2% of the pool to
0.6%). Not only are payments compressed, but facilities that
are highest ranked when applying PTQ to the composite are
often ranked substantially lower when applying PTQ to in-
dividual QIs. For example, of the 23 facilities receiving the
largest bonuses based on the composite score, only 3 are in
the top 23 based on individual Qls; 13 are ranked below the
median. As shown in Supplemental Digital Content (http://
links.lww.com/MLR/A810, Figure 4.3), there is no rela-
tionship between rankings based on the composite and
rankings based on the individual QIs. Most of our QIs were
not highly correlated and this may explain the lack of a
relationship between the 2 approaches.

DISCUSSION

The value of a probability metric for profiling and P4P
comes from being a widely understood concept (we are all
now used to reporting of the probability of different weather

© 2014 Lippincott Williams & Wilkins
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FIGURE 3. Probability a facility is in the indicated star cat-
egory. A, Facility A: 4 stars (ranked 45th). B, Facility B: 3 stars
(ranked 47th). These bar charts, which illustrate the way in
which information might be presented to consumers, show
the problem with a star classification. On the basis of the point
estimate of the composite score, facility A is a 4-star facility and
facility B is a 3-star facility. However, using the probability
metric, facility A and B differ little in terms of being a 3-star
facility (0.37 and 0.36, respectively) or a 4-star facility (0.41
and 0.45). [To simplify the presentation for consumers, we
only show those star categories where there is at least a 0.10
chance the facility is in the indicated category. The higher rank
of facility A is reflected in the higher probability of being a
5-star facility (0.089) compared to facility B (0.065)].

patterns) in which one number allows both ranking and
communication of the likelihood that a facility is in a particular
category. We have shown that our probability metric provides
better discrimination of high performers than the point or in-
terval estimate of the composite score. We also illustrated that
choice of the quantile has implications for which types of fa-
cilities are distinguished in terms of their performance and the
implications of this differentiation for how funds might be dis-
tributed in a P4P program. A smaller top quantile (eg, top decile
or quintile) will highlight differences among top-performing
facilities but provide little distinction among lower-performing
facilities; a larger top quantile (eg, the top 40% or 50%) will
provide little distinction among high-performing facilities but
much more between lower-performing facilities. Also, in a P4P
program, a smaller top quintile will allocate a higher percentage
of the bonus pool to the highest-performing facilities, whereas a
larger top quintile will distinguish much less between the
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percentage of the pool going to the highest-performing facilities
compared to other facilities that are not among the very highest
but still doing well. Thus, the choice of quantile depends upon
the nature of the incentives one wants to create.

Although we have not considered change scores in our
P4P analyses, change scores combined with use of the PTQ
metric may create strong incentives for improvements among
the lower-performing facilities. The highest performers in
terms of performance level receive the largest payments using
the PTQ metric; however, the lower payments to other fa-
cilities, aside from not providing resources for improvement
efforts, may discourage mid-performing and lower-perform-
ing facilities because of the difficulty of moving into the top
ranks. However, mid-performing and lower-performing
facilities are the most likely to be able to significantly improve
their scores. A PTQ metric used with change scores would
significantly reward those who improve the most. CMS has
recognized the value of rewarding both performance and im-
provement in its Value-Based Purchasing Program. Whatever
the performance measure, stronger incentives for improvement
are created by a continuous score that rewards all facilities at
least at some level than by a binary score that allocates all of
the payments to the top-performing facilities.

We focused on the probability that a facility is in the top
quantile but one could also consider the probability a facility is
in a low quantile (eg, the bottom quintile). Bonuses could be
attached to the former probability and penalties to the latter.
Also, a large number of organizational research studies identify
high-performing and low-performing facilities and then at-
tempt to identify structural and process characteristics that
differ between the 2 types of facilities.' Better identification
of high-performing and low-performing facilities through use
of the probability metric may improve site selection for these
types of studies. Attaching probabilities to star designations no
doubt complicates the information provided to consumers.
However, as illustrated in Figure 3, it provides important in-
formation for both the facility and consumer.

We illustrated the probability metric using a composite
measure, whereas an approach more consistent with CMS
methods would calculate the probability metric for individual Qls
and then combine these into an aggregate score. As we have
shown, the probability metric loses much of its ability to dis-
criminate among facilities when it is applied to individual QIs and
the results aggregated across QIs. When there are a large number
of performance measures, many facilities appear to “pick and
choose,” concentrating their improvement efforts on certain in-
dicators at the expense of others. It appears difficult to be among
the best on some of the individual QIs and still do reasonably well
on most of the other QIs. Other facilities attempt to do reasonably
well on many of the QIs but at the expense of not being among
the best on most of them. This same phenomenon has been
shown in the context of hospitals, where facilities that do best on a
composite measure are often not in the group of highest per-
formers on many of the individual measures.?> Although this type
of analysis needs further study, it does suggest that appropriate
incentives would reward both high performance on individual QIs
and high performance on a composite measure.

As noted, probability metrics have not been widely
used. In addition to the complexity of MCMC methods,
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a more important reason is that with a large number of fa-
cilities and patients, MCMC methods can take a long time to
estimate quantities of interest. Pekéz et al?® have developed
an approximation that can significantly reduce the time re-
quired to estimate model parameters when using MCMC
methods, which increases the feasibility of the approach.

In conclusion, we believe that continuous-valued prob-
ability-based metrics are more intuitive and understandable
than current approaches used for profiling. As we have shown,
this metric better distinguishes and rewards high-performing
facilities than alternative approaches currently in use. How-
ever, as with all proposed measures, the continuous-valued
probability-based metric needs to be presented along with
competitors to various stakeholders, including consumers, to
better understand its potential and applicability to real-world
situations. Until a formal “vetting” has occurred, facilities may
be judged unfairly based on common approaches.
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