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Objective. To quantify the differential impact on hospital performance of three read-
mission metrics: all-cause readmission (ACR), 3M Potential Preventable Readmission
(PPR), and Centers for Medicare and Medicaid 30-day readmission (CMS).

Data Sources. 2000-2009 California Office of Statewide Health Planning and Devel-
opment Patient Discharge Data Nonpublic file.

Study Design. We calculated 30-day readmission rates using three metrics, for three
disease groups: heart failure (HF), acute myocardial infarction (AMI), and pneumonia.
Using each metric, we calculated the absolute change and correlation between perfor-
mance; the percent of hospitals remaining in extreme deciles and level of agreement;
and differences in longitudinal performance.

Principal Findings. Average hospital rates for HF patients and the CMS metric were
generally higher than for other conditions and metrics. Correlations between the ACR
and CMS metrics were highest (r = 0.67-0.84). Rates calculated using the PPR and
either ACR or CMS metrics were moderately correlated (r = 0.50-0.67). Between 47
and 75 percent of hospitals in an extreme decile according to one metric remained
when using a different metric. Correlations among metrics were modest when measur-
ing hospital longitudinal change.

Conclusions. Different approaches to computing readmissions can produce different
hospital rankings and impact pay-for-performance. Careful consideration should be
placed on readmission metric choice for these applications.
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Readmission rates have come to the forefront as measures of interest for
assessing several dimensions of health care quality. Readmissions related to
infections and other complications of care may reflect overall aspects of hos-
pital quality—while evidence is mixed, several studies have linked hospital
quality deficits to higher readmission rates (Ashton et al. 1997; Benbassat
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and Taragin 2000). Lower readmission rates may also signal more successful
care transitions, or higher quality of outpatient chronic disease care. Read-
missions are costly and may also provide an indication of care inefficiency
in some cases (Friedman and Basu 2004; Jencks, Williams, and Coleman
2009).

Efforts have begun to integrate readmission measures into policy frame-
works. The National Quality Forum has endorsed four readmission measures
for comparative reporting, including All-Cause Readmissions and condition-
specific readmission measures (National Quality Forum 2011). The Patient
Protection and Affordable Care Act also contains provisions to measure and
reduce readmissions in an effort to improve quality and reduce costs (2010).

A number of ways of measuring readmissions have been proposed.
These metrics differ in various ways, along a couple of key dimensions. First,
the time period over which readmissions are measured ranges widely, with
some metrics capturing readmissions within 7 days of the first admission
and others going as far as 90 days. Thirty-day rates are the most common.
Some metrics focus on readmissions for any cause (“all-cause readmissions”),
but other metrics attempt to exclude subsequent admissions likely to be
planned or unrelated to the initial admission (Halfon et al. 2006; Goldfield
et al. 2008). Some metrics count all readmissions that occur for a given
patient, while others count only whether a patient has at least one readmis-
sion in a given time period. Finally, the risk adjustment approaches
employed in different metrics also vary. Each of these definitional differ-
ences has the potential to affect the conclusions drawn from readmission
metrics. However, there is currently no quantitative assessment of the
impact of these differences. Effective efforts to reduce readmissions and to
develop fair reimbursement policies related to readmissions will require reli-
able and well-understood metrics, and an important step toward having such
a metric set is understanding how variations in metrics affect assessment of
hospital performance. This study aimed to quantify the differences in
measured hospital performance when applying three commonly used read-
mission metrics.
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STUDY DESIGN AND METHODS
Data Used

We utilized 2000-2009 California Office of Statewide Health Planning and
Development Patient Discharge Data. The dataset includes information about
26.7 million unique discharges from acute-care hospitals in California. Each
record contains a range of information about the hospitalization, including
diagnoses, treatments, length of stay, and patient characteristics, and con-
tained an encrypted patient identifier.

Each of the readmission metrics we studied utilizes algorithms to iden-
tify index admissions and subsequent admissions that may be counted as read-
missions. For our main analyses, we limited the analyses to identified index
admissions where the patient was 65 years or older and where the index
admission had a principal diagnosis of acute myocardial infarction (AMI), ini-
tial episode (ICD-9-CM codes 410.xx, excluding 410.x2), heart failure (HF)
(ICD-9-CM codes 402.01, 402.11, 402.91, 404.01, 404.03, 404.11, 404.13,
404.91, 404.93, 428.xx), or pneumonia (ICD-9-CM codes 480.x, 481, 482.x).
AMI admissions with a length of stay of 0 or 1 day were excluded as these are
unlikely to be true AMI cases. Any cases where the index admission was in an
obstetric or psychiatric Diagnostic Related Group (DRG) were also excluded.

To test the impact of restricting the analysis to these diagnoses, in some
further analyses we broadened our patient population to all patients age 18
and older with a surgical (surgical group) or medical (medical group) DRG in
the index admission.

We did not allow admissions in December 2009 to serve as index admis-
sions as 30-day readmissions would not be captured in the dataset. We also
excluded admissions that resulted in transfer to another acute care hospital,
discharge against medical advice, or death. In identifying readmissions, link-
ages between index and subsequent admissions were made using patient iden-
tifier, date of birth and gender.

Readmission Metrics

We calculated 30-day readmission measures using each of three metrics:
All-Cause Readmission (ACR), the 3M Corporation Potentially Preventable
Readmissions (PPR) (3M Health Information Systems 2008), and Centers for
Medicare and Medicaid Services (CMS) 30-day readmission (Centers for
Medicare and Medicaid Services 2011) for each hospital and year. Thus, the
unit of analysis was hospital-year. The rates were calculated for the three
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patient groups, AMI, HF, and pneumonia, separately. We did not calculate a
readmission rate for years in which hospitals had fewer than 20 admissions in
a given condition group.

The metrics we examine differ in a number of dimensions. Table 1 sum-
marizes key differences.

All-Cause Readmissions

The ACR metric includes nearly all readmissions to patients admitted to a
hospital for an index hospitalization, but it excludes cases meeting certain defi-
nitions likely to reflect planned admissions. Readmissions on the same day as
the index admission are excluded as these are likely to reflect transfers rather
than true readmissions.

CMS Readmission Rate

CMS includes nearly all readmissions of patients admitted to a hospital for an
index hospitalization, only making exclusions for patients with specific cardiac
procedures. The CMS methodology also does not allow a hospitalization to
count as both a readmission and index admission. Readmissions on the same
day as the index admission are excluded.

Potentially Preventable Readmissions

PPR is an algorithm aimed at reducing the number of unrelated readmissions
included. For each All Patient Refined Diagnostic Related Group (APR-
DRG), the algorithm identifies ICD-9-CM principal diagnosis codes for
which a readmission would be deemed “potentially preventable.” For an
index visit in a given APR-DRG, only these readmissions are counted. The
algorithm also employs a chain logic, which combines multiple readmissions
in the same patient into one readmission event, essentially measuring whether
a patient has any qualifying readmissions, not the number of readmissions in
cases where patients have more than one. The development of the PPR algo-
rithm has been previously described (3M Health Information Systems 2008).

Case Mix Adjustment

All three metrics call for risk adjustment but use different approaches. For the
ACR and PPR metrics, we used the APR-DRG Risk of Mortality subclass for
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case mix adjustment. We also applied the AHRQ Comorbidity Index
(Agency for Healthcare Quality and Research 2011). We estimated coeffi-
cients using a linear regression model and applied these to patient-level data.
For the CMS metric, we applied the coefficients estimated by the CMS hierar-
chical model (Centers for Medicare and Medicaid Services 2011). All metrics
are reported as risk-adjusted rates (observed rate/expected rate).

Analyses

After calculating the ACR, PPR, and CMS rate for each hospital and year, we
conducted a series of analyses to investigate the impact of metric choice on
common uses of readmission metrics. First, we investigated whether readmis-
sion rates calculated using the three metrics produce consistent information
about the ordering of hospitals. We assessed this using three methods. First,
we determined the Pearson correlation coefficient between measures calcu-
lated using the three approaches. Second, we calculated the average absolute
change among hospital-year results between metric pairs and found the per-
centage change compared with one of the metrics. Third, as most attention is
paid to hospitals in the extreme tails of the performance distribution, we
examined the share of hospitals that moved in and out of the extreme deciles
when different metrics were used. To do this, we first identified hospitals in the
extreme deciles using each readmission metric, and then examined the per-
cent of hospitals that stayed in those extreme deciles when each of the other
two metrics was used. We calculated this for each permutation. The reported
percentage is the average percentage of changes from measure 1 to measure 2
and measure 2 to measure 1, the percent that moved out two or more deciles
from an extreme decile, and the level of agreement between metrics identify-
ing hospital-years falling outside the 95 percent confidence interval for the
mean readmission rate (outliers as used in public reporting efforts) using
Cohen’s kappa. Second, we examined the impact of metric choice on the
observed-to-expected (O-E) ratios, a similar unit to those used to adjust pay-
ment in reimbursement schemes. This statistic combined 3-year intervals of
data, as CMS uses 3 years of data to calculate payment adjustment (Centers
for Medicare and Medicaid Services 2012). As adjustments are only made
when performance is worse than expected, we calculated the difference in
O-E ratio for two metrics when both ratios were above 1, or the difference
between the higher ratio and 1 when only one ratio was above 1. We calcu-
lated two statistics, one examining the percentage change regardless of which
metric was higher, termed the absolute change. The second statistic examines
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Table 2: Mean Hospital Rates and Standard Deviations for Readmission
Metrics

ACR Mean CMS Mean PPR Mean

Hospital Rate (SD) Hospital Rate (SD) Hospital Rate (SD)
AMI 19.6 (6.0) 19.5 (5.3) 13.1 (5.1)
HF 29.5 (5.8) 24.0 (5.7) 15.6 (5.1)
Pneumonia 16.4 (5.4) 18.7(5.1) 10.1 (4.0)
All-medical condition 12.3 (3.0) N/A 71(2.1)
All-surgical condition 6.6 (2.1) N/A 3.9(1.6)

the average change in the O-E ratio, accounting for which metric is higher. For
instance, if the change between PPR and ACR is —0.20, across all hospitals
the PPR O-E ratio on average is 0.20 lower than the ACR ratio. Finally, we
examined the impact of metric choice on longitudinal trends within the same
hospital using correlation. We calculated the change in readmission rates from
combined years 2000-2002 to combined years 2007-2009. We then calcu-
lated the Pearson correlation coefficient for change in performance using
different metrics.

RESULTS

Our sample consisted of 3,824 hospital-year observations from 482 unique
nonfederal acute care hospitals. About 6 percent were teaching hospitals, 72
percent large hospitals, 13 percent small hospitals. Just over half (55 percent)
were nonprofit, while 25 percent were for-profit hospitals. The remaining 20
percent were state-funded hospitals. There were an average of 321 discharges
per hospital per year.

The mean hospital readmission rate (Table 2) was highest for HF
patients and lowest for pneumonia patients, regardless of the metric. Rates
based on the CMS approach were insignificantly higher than rates based on
the ACR approach for HF and pneumonia patients, and similar for AMI
patients. For most comparisons, rates based on the PPR approach were about
two-thirds of the rates calculated using the other metrics.

Correlations between Approaches

Rates calculated using the three approaches were moderately to highly corre-
lated (Table 3). The highest correlations were between rates computed using
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Table 3: Comparison of Correlations between Metrics and Percentage
Change in Rates

Acute Myocardial
Infarction (AMI) Heart Failure (HF) Pneumonia

PPR and CMS
Pearson correlation coefficient 7= 0.56, p <.0001 r=0.67,p<.0001 r=0.62,p < .0001
Percentage change* 30.1 34.7 41.9

Absolute change in O/E ratio affecting payment”
Mean (SD) 0.16 (0.15) 0.11(0.12) 0.14 (0.14)
Range <0.01-1.21 <0.01-1.09 <0.01-1.23
Directional change mean (SD) 0.04 (0.21) 0.01 (0.16) —0.01(0.19)
Excluded hospital-3/years (%) 35.7 33.6 31.1

CMS and ACR
Pearson correlation coefficient r= 0.76, p < .0001 = 0.84,p <.0001 r=0.67,p < .0001
Percentage change* 0.8 8.1 18.5

Absolute change in O/E ratio affecting payment”
Mean (SD) 0.11 (0.15) 0.07 (0.08) 0.13 (0.18)
Range <0.01-1.39 <0.01-0.78 <0.01-3.23
Directional change mean (SD) —0.02 (0.19) 0.01 (0.11) 0.03(0.22)
Excluded hospital-3/years (%) 41.7 36.2 31.3

ACRand PPR
Pearson correlation coefficient 7= 0.53,p < .0001 7= 0.61,p<.0001 r=0.50,p < .0001
Percentage change* 60.3 51.9 69.1

Absolute change in O/E ratio affecting payment
Mean (SD) 0.17 (0.17) 0.12 (0.14) 0.17 (0.20)
Range <0.01-1.19 <0.01-1.57 <0.01-3.21
Directional change mean (SD) —0.03 (0.24) —0.03 (0.18) —0.01 (0.26)
Excluded hospital-3/years (%) 38.5 38.1 38.1

*Absolute value of the mean change between the two metrics listed/second listed metric’s mean
rate, for example, mean of [CMS rate-ACR rate|/mean ACR rate from Table 2.

TAbsolute difference in observed-to-expected ratio of hospital-3 year performance between met-
rics.

the ACR and CMS approaches, for AMI (r = 0.76) and HF (r = 0.84) patients
(Table 3). The lowest correlation (r = 0.50) was between rates computed using
the ACR and PPR metrics, for pneumonia patients. The percentage change in
absolute differences between metrics varied widely from 1 to 69 percent. The
largest changes were between the ACR and PPR metrics and for pneumonia
patients.

Impact on Hospital Reimbursement

Depending on metric and condition compared, 31.3-41.7 percent of hospital-
3/years had less than or equal to expected readmissions (Table 3) and thus
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would not have payment adjustments by either metric. Among comparisons
where at least one metric would affect payment, HF rates had the lowest aver-
age absolute change across all metric comparisons (0.07-0.12). Pneumonia and
AMI rates varied by comparison (0.13-0.17 and 0.11-0.17, respectively). The
average difference between O-E ratios that would actually affect payment was
lowest across all conditions when comparing the CMS and ACR metrics
(0.07-0.13). When taking into account the direction of the change, the average
differences were much smaller (0.01-0.04).

Impact on Hospitals in Extreme Deciles

Between 47 and 75 percent of hospitals ranked in an extreme decile by one
metric stayed in the same decile when a different metric was applied (Table 4).
Level of agreement for identifying outliers ranged from moderate to substan-
tial (kappa range .46—.68) (Table 4). The least stability (most movement out of
an extreme decile) occurred between the PPR and either the CMS or ACR
metrics, with around 50-60 percent of hospitals remaining in the extreme
deciles. Level of agreement for identifying outliers among only large hospitals
(those with 100 or more index admissions) followed a similar pattern (data not
shown). In terms of condition, the least stability was found in the highest decile
for pneumonia, with only half of hospitals remaining in that decile following
the application of an alternative metric.

As the chronic diseases selected may have different patterns of prevent-
ability and recurrent readmissions, which may in turn impact the rates as cal-
culated by these metrics, we calculated the rates for all medical or all surgical
patients age 18 and older for comparative purposes. This resulted in slightly
more stability for the highest decile, but not for the lowest.

Of hospitals classified in one of the extreme deciles in one metric, from
14 to 33 percent moved two or more deciles after applying a different metric
(Table 4). Again, the most significant movement occurred between ACR and
PPR and for pneumonia cases in the highest decile. Overall, the lowest deciles
tended to be more stable than the highest deciles.

Metric Impact on Longitudinal Performance

The correlation of the change in hospital performance from time period one
(2000-2002) to time period two (2007-2009) using different metrics ranging
r=0.40-0.77 (Figure 1). The relationship between measured change using
different metrics was weakest for pneumonia and between PPR and ACR.
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Table 4: Impact of Metric Choice on Relative Hospital Performance as Mea-
sured by Persistence in Extreme Deciles

Lowest Deciles Highest Deciles
Metric PPR-CMS CMS-ACR ACR-PPR PPR-CMS CMS-ACR ACR-PPR
Acute myocardial infarction
% Remaining in 66 75 63 57 66 54
extreme deciles*
% Moving >2 deciles’ 25 15 29 30 20 33
Agreement — 52 .66 46 .52 .65 46
Observed rate*
Agreement — A7 .61 42 A7 .59 40
Risk-adjusted rate®
Heart failure
% Remaining in 62 74 58 57 70 54
extreme deciles*
% Moving >2 deciles’ 25 12 33 27 14 28
Agreement — .53 .69 .50 54 .68 .51
Observed rate*
Agreement — 52 .68 49 .51 .67 52
Risk-adjusted rate’
Pneumonia
% Remaining in 58 64 55 53 57 47
extreme deciles*
% Moving >2 deciles’ 28 21 30 26 30 30
Agreement — 57 .62 .50 .57 .60 .50
Observed rate*
Agreement — .51 .58 43 51 .57 44
Risk-adjusted rate’
All medical
% Remaining in N/A N/A 60 N/A N/A 67
extreme deciles*
% Moving >2 deciles’ N/A N/A 20 N/A N/A 16
All surgical
% Remaining in N/A N/A 57 N/A N/A 62
extreme deciles*
% Moving >2 deciles’ N/A N/A 25 N/A N/A 18

*Percent of hospitals in decile as measured by first metric that remain in that decile when the sec-
ond metric is applied, and vice versa.

TPercent of hospitals in decile as measured by the first metric that move 2 deciles or more when
the second metric is applied, and vice versa.

Includes patients in a medical DRG during the index admission, age 18 and older. Agreement
measured by kappa statistic for observed rate across all hospitals meeting inclusion criteria.
SIncludes patients in a surgical DRG during the index admission, age 18 and older. Agreement
measured by kappa statistic for risk-adjusted rate across all hospitals meeting inclusion criteria.
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Figure 1: Impact of Metric Choice on Longitudinal Performance. (Scatter-
plots show the hospital-year readmission rates for two metrics [identified in
the column headings| for each of the three clinical groups [identified in the
row headings|. Pearson correlation coefficients. Data are based on 2000-2009
California Office of Statewide Health Planning and Development Patient Dis-
charge Data)

ACR ws. CM5 PPR vs. ACR PPR v, CM5
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DISCUSSION

Our findings demonstrate that metric choice significantly affects assessment of
hospital performance. Specifically, for most metrics, between a quarter and
half of hospitals in the extreme deciles changed when different metrics were
applied and an average of a quarter of hospitals moved two or more deciles.
Metric choice may also impact measured longitudinal change, with only mod-
erate correlation between some metrics. However, the impact on longitudinal
change is substantially less than relative hospital performance, suggesting that
metric choice may be less important for studies that only examine within-
hospital performance over time. Because the metrics intentionally capture
different events, the absolute differences quantified in this study are expected,
although the correlation between performance as measured by different met-
rics remains moderate.

Few studies report on both all-cause and potentially preventable read-
missions. Halfon et al. reported on readmissions from Switzerland, noting that
the correlation between all-cause readmissions and clearly avoidable and
potentially avoidable readmissions was .42 and .56, slightly weaker than those
identified in this study (Halfon et al. 2006). However, the method those
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authors used to categorize avoidable readmissions was different from the PPR
metric in this study.

There are two potential explanations for the differences observed in this
study. First, the indicators themselves differ on key factors. The primary differ-
ence between the ACR and CMS metrics is the exclusion of specific readmis-
sions that are likely to be unrelated (e.g., trauma, obstetrics) or planned (e.g.,
cancer). Between CMS and PPR, the differences include the inclusion of only
a subset of readmissions and the use of the “chain logic” by the PPR. Second,
the readmission metrics may be inherently unreliable. However, we found
similar results when replicating our analysis using only hospitals with larger
numbers of index admissions, suggesting that weak reliability is not the pri-
mary reason for the differences we observed. In addition, it is important to
understand when differences occur even if these differences are due to modest
reliability.

The assessments included in this study mirror the actual uses of readmis-
sion metrics. Starting with discharges after October 1, 2012, CMS will use the
predicted-to-observed ratio to adjust payment under the Hospital Readmis-
sions Reduction Program (HRRP) (Centers for Medicare and Medicaid
Services 2012). This is mathematically similar, but not identical, to our assess-
ment of absolute change in the observed-to-expected ratio, suggesting that
metric choice could substantially impact payment adjustment. For example,
under HRRP a hospital with an average Medicare payment of $5,000 for each
of its 250 heart failure patients in a given year and an observed readmission
rate among those patients that is 20 percent higher than expected would
potentially lose up to $250,000 in revenue associated with those admissions
(Foster and Harkness 2010)." In our analysis, we found that the average abso-
lute difference in O-E ratio between the CMS and PPR metrics was 0.14,
meaning that hospitals like that in the above example would, on average,
experience a difference of $174,000 in payment adjustments for those 250
heart failure patients depending on the metric used. However, as shown by
the directional change, one metric is not consistently more favorable for most
hospitals. Actual differences in payment adjustment based on metric would
vary based on each hospital’s reimbursement, patient volume, and O-E ratio
for each of these conditions.

These findings suggest that metric choice does not consistently result in
more adjustment. For any given hospital, among readmission metrics could
impact how hospitals are reimbursed under pay-for-performance programs
such as HRRP, in the context of total operating expenses ($25 million in the
above example) (Foster and Harkness 2010), the impact of that choice remains
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limited. In the above example, the $200,000 additional adjustment represents
less than 1 percent of total operating expenses. We did not examine whether
metric choice systematically impacts certain types of hospitals, such as tertiary
care or safety net hospitals.

One of the most widely used tools for public reporting of hospital read-
mission rates is the Hospital Compare tool, which describes hospitals’ read-
missions rate as above, below, or not statistically different from the national
average (U.S. Department of Health and Human Services 2012). Other public
reporting efforts use a similar approach comparing hospitals’ performance
with risk-adjusted expected rates (Florida Agency for Health Care Administra-
tion 2012; Pennsylvania Health Care Cost Containment Council 2012). Kap-
pas scores for identifying outlier hospitals were moderate (Kappas = .40-.69).
As such reporting does not distinguish the majority of hospitals from others,
some have advocated for more discriminatory reporting. Public reporting or
pay-for-performance initiatives based on more narrow groupings, such as the
deciles used in this study, would be more sensitive to choice of readmissions
metric.

None of the metrics is considered a gold standard, and this research does
not suggest that one measure is more valid than another. On the contrary, this
study shows that the metrics are likely highlighting different aspects of patient
outcomes and trajectories. A majority of metrics and studies of readmissions
focus on all-cause readmissions (Jha, Orav, and Epstein 2009; Joynt, Orav,
and Jha 2011). However, some researchers attempt to distinguish planned
from unplanned admissions (Kossovsky et al. 2000). Often, details of the read-
mission metrics are not reported in studies. The ACR and CMS metrics focus
on a wide array of potential readmissions, which may highlight overall patient
well-being. Given the low inter-rater reliability reported for ratings of prevent-
ability (Benbassat and Taragin 2000), all-cause measures may be less subjec-
tive and less vulnerable to gaming.

However, for targeting quality improvement efforts, a measure that sorts
out those preventable readmissions is highly desirable. In their systematic
review, Benbasset and co-authors report that between 9 and 50 percent of
readmissions are identified as preventable (Benbassat and Taragin 2000). The
PPR has been designed to identify readmissions more likely to be prevent-
able. Yet the relationship between quality of care and readmissions has been
mixed. While some studies have shown expected readmissions for specific
conditions following interventions (Ashton et al. 1997; Coleman et al. 2006;
Jack et al. 2009) and some have shown relationships between process failures
and readmissions (VanSuch et al. 2006; Balla, Malnick, and Schattner 2008),
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others have failed to find relationships between quality of care and readmis-
sions (Weissman et al. 1999; Kossovsky et al. 2000; Jha, Orav, and Epstein
2009; Peikes et al. 2009). Studies that identify weak-to-moderate associations
often focus on “potentially preventable” readmissions (Weissman et al. 1999;
Balla, Malnick, and Schattner 2008).

A second aspect of the PPR metric is the attenuation of repeat readmis-
sions. This may reduce the impact of end-of-life care or very ill patients. Jen-
cks, Williams, and Coleman (2009) found that previous hospitalization prior
to the index admission was a very strong predictor of readmission risk in the
Medicare population; patient characteristics were shown as a principal driving
factor for readmissions in Australian data (Mudge et al. 2011). Nevertheless,
from an efficiency evaluation standpoint, it may be desirable to account sepa-
rately for each encounter.

In the absence of a gold standard and in light of the differences identified
by measures, learning to use the metrics together to create a fuller picture of
readmissions has the potential to capitalize on the advantages of each measure,
while creating efficient tools for quality improvement. Such applications could
include tool kits for hospitals to assist in identifying potential high-yield targets
based on their performance on multiple metrics, or a readmissions composite
score. However they are applied, the quantitative differences in the results from
different readmission metrics suggest a need for careful consideration of poten-
tial tradeoffs in any choices among these metrics for particular applications.

Our study is limited by several factors. First, we did not have access to
mortality data. Patients who die within the 30-day period following hospital-
ization cannot be readmitted; readmission risk and mortality risk are not inde-
pendent (Jencks, Williams, and Coleman 2009; Gorodeski, Starling, and
Blackstone 2010). Studies have shown 30-day mortality rates of 11 percent for
patients hospitalized for pneumonia or HF and about 16 percent for AMI
(Krumholz et al. 2006; Bueno et al. 2010; Lindenauer et al. 2010). As
repeated admissions increase near the end of life and PPR does not count
repeated readmissions, the lack of mortality data may impact the metrics
disproportionately. However, many readmission metrics do not incorporate
30-day mortality.

For the CMS metric, we implemented case mix adjustment based on the
coefficients as specified by CMS. This assumes that the relative risk of the cur-
rent study sample mirrors that of the CMS sample. As CMS applies the algo-
rithm to national data, this is likely a reasonable assumption. However, the
selected case mix adjustment for ACR and PPR is based on a different model
and we estimated that model based only on California data. In addition, we
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were unable to apply coefficients for variables obtained from outpatient data.
Thus, case mix adjustment may contribute to some of the differences
observed.

The findings of this study suggest that metric choice is an important
factor in the use of readmissions across a variety of applications, but that the
different metrics do capture similar underlying signal. Further research to bet-
ter understand the differences in the aspects of quality care captured by the dif-
ferent metrics has potential to improve quality measurement.
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NOTE

1. Actual lost revenue due to payment adjustment under HRRP may be limited by
caps on the maximum adjustments that can be made in a given year. These maxi-
mums are based on total Medicare payments for all admissions.
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SUPPORTING INFORMATION

Additional supporting information may be found in the online version of this
article:

Appendix SA1: Author Matrix.



