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RATIONALE: Although the Hospital Readmission
Reduction Program (HRRP) has reduced the 30-day
readmission rates for patients with chronic obstructive
pulmonary disease (COPD) across hospitals, the effect
of HRRP on hospital mortality remains unknown.
Therefore, we examined the association between
hospital readmissions and mortality rates for patients
discharged with acute exacerbation of COPD
(AECOPD).

METHOD: The all-cause hospital-specific 30-day risk-
standardized mortality rate (RSMR) and the 30-day risk-
standardized readmission rate (RSRR) for patients with
COPD from 2010 to 2017 were obtained from the Hospital
Compare website. Hospital service area (HSA) information
was obtained from the Dartmouth Atlas of Healthcare.
The longitudinal relationship between the mortality and
readmission rates of a hospital was assessed using mixed
linear models.

hronic obstructive pulmonary disease (COPD) is

recognized as the third leading cause of death na-

tionally. Globally, it has been estimated that 10%

of the population has COPD; in the United States,
approximately 15 million people are affected."? The annual
estimated cost of COPD management in the United States is
approximately $50 billion, one-third of which is directly relat-
ed to inpatient hospitalization for COPD exacerbation.>*°> The
30-day readmission rate after hospitalization for acute exacer-
bation of COPD (AECOPD) is approximately 21% with an ap-
proximate cost of $13 billion per year.®’ To reduce the cost and
to improve patient outcomes, the Centers for Medicare and
Medicaid Services (CMS) has designed several interventions
with little effect.?

In October 2012, the Affordable Care Act added section
1886(q) to the Social Security Act and established the Hos-
pital Readmission Reduction Program (HRRP), an initiative to
decrease hospitalization costs by penalizing hospitals with
high 30-day readmission rates. Under this program, hospitals
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RESULTS: Of the 3,685 hospitals analyzed, the unadjusted
mean RSMRs increased from 7.8% to 8.4% during the
study period at a yearly rate of 0.13 (95% Cl = 0.12

to 0.14; P < .001), whereas the mean RSRRs declined
from 20.7% to 19.6%. When examined according to the
baseline readmission rate and interaction with time, each
1% higher-than-baseline readmission rate was associated
with a smaller increase in mortality rate by 0.015% (95%
Cl = -0.02 to —0.01; P < .0001). Inclusion of change in
readmissions in the model showed that each 1% decrease
in readmission rate was associated with 0.04% (95% Cl =
—0.01 to —0.06; P = .008) increase in mortality.
CONCLUSION: This hospital-level analysis of AECOPD
showed that although the 30-day all-cause readmission
rates declined, the mortality rates increased. Hospitals
with lower readmission rates had higher mortality rates
over time.Journal of Hospital Medicine 2019;14:e25-e30.
© 2019 Society of Hospital Medicine

received up to 3% penalty for excess readmissions after the
index hospitalization with acute myocardial infarction (AMI),
heart failure (HF), and pneumonia.”"" Hospitals are penalized if
their annual readmission rates are significantly above the aver-
age national readmission rate. In 2014, the HRRP was extend-
ed to include AECOPD for the FY 2015.

Since the implementation of readmission penalties, data
have shown a significant decrease in the 30-day readmission
rates for all conditions.’>'® On the other hand, studies have
suggested that, at least for some conditions, the decrease in
the 30-day readmission rate is associated with higher adverse
patients outcomes, including higher mortality."> However,
whether a decrease in readmission rates after an AECOPD
hospitalization is associated with a concomitant increase in
mortality has not been examined. Therefore, our objective was
to examine the association of the 30-day risk-adjusted hospital
readmission rate with the 30-day risk-adjusted hospital mortal-
ity rate for patients discharged with a diagnosis of AECOPD.

METHOD

Data Sources

Publicly available data from three sources were used. The all-
cause 30-day risk-standardized readmission rate (RSRR) and
the 30-day risk-standardized mortality rate (RSMR) of each hos-
pital for patients with AECOPD were obtained from the Hospi-
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TABLE 1. Characteristics of Hospitals during Each Observation Period

Characteristics 2010-2013 2011-2014
Total number of hospitals 3,685 3,627
Teaching hospitals %, (SD) 26 (44) 26 (44)
Number of beds, mean, (SD) 256 (232) 258 (235)
Mean mortality (SD) 7.89(1.03) 7.76(1.03)
Mean readmission (SD) 20.76(1.28) 20.26(1.26)
HSA population, in 1000, median, (SD) 320 (606) 317 (598)
Black, % in HSA, (SD) 10.3(13.4) 10.4(13.5)
Percentage with poverty in HSA, mean (SD) 15.92(6.71) 15.91(6.71)
Percentage with insurance, mean (SD) 84.3(6.4) 84.2(6.4)
HSA median income in $1000, mean (SD) 51.3(1.6) 51.4(1.6)

Abbreviations: HSA, hospital service area; SD, standard deviation.

tal Compare database; a database maintained by the CMS.'¢"7
In 2014, the CMS started reporting three-year running average
of 30-day mortality and readmission rate data on hospitals for
AECOPD hospitalizations; the data start date was July 2010.78%
We examined data from the FY 2010-2013 to 2014-2017 cycles
on readmission and mortality reported by the CMS; this includ-
ed data before and after the implementation of penalties.

Hospital characteristics were also obtained from the CMS
website. Hospital ownership was defined as government
(owned by Federal or state), for-profit (owned by physicians
or another proprietary), or nonprofit (owned by a nonprofit
organization such as a church). A hospital was considered as
a teaching hospital if it obtained graduate medical education
funding from the CMS.

Data on local population characteristics according to ZIP
codes were obtained from the 2010 decennial census and
the American Community Survey five-year (2009-2013) data
files available at the United States Census Bureau website.?
For each ZIP code, we obtained data on the total population,
percentage of African Americans in the population, median in-
come, poverty level, and insurance status.

We used Hospital service area (HSA) information obtained
from the Dartmouth Atlas of Health Care crosswalk files to link
local population characteristics to hospitals. The Dartmouth
Atlas defined 3,436 HSAs by assigning the ZIP codes to the
hospital area where the greatest proportion of their Medicare
residents was hospitalized.??

Hospital Compare data and Census Bureau population
data were matched to the HSAs from the Dartmouth Atlas of
Healthcare data at the ZIP code level. First, the ZIP code-level
data from the Census Bureau were pooled by the HSAs ob-
tained from the Dartmouth Atlas of Healthcare, followed by
matching these data by the HSAs to the Hospital Compare
data. Merging data from these three sources generated a
dataset that contained information about readmission and
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2012-2015 2013-2016 2014-2017 Total
3,589 3,562 3,671 18,034
26 (44) 26 (44) 26 (44) 26 (44)

259 (235) 261(237) 263 (238) 259 (236)
8.08(1.11) 8.07(1.08) 8.39(1.0) 8.04(1.09)
19.99(1.27) 19.81(1.17) 19.63(1.11) 20.10(1.28)

319 (604) 321(597) 317 (590) 319 (599)

10.2(13.2) 10.3(13.3) 10.3(13.3) 10.3(13.3)

15.95(6.72) 15.91(6.75) 15.88 (6.68) 15.91(6.71)
84.2(6.4) 84.2(6.4) 84.2(6.4) 84.2(6.4)
51.2(1.6) 51.6(1.6) 51.6(1.6) 51.4(1.6)

mortality rates from a particular hospital and the population
characteristics of the local healthcare market or neighborhood.
Our final dataset included hospitals that had readmission and
mortality information available at the Hospital Compare web-
site and were included in the crosswalk files of the Dartmouth
Atlas of Healthcare.

Statistical Analysis

Data are summarized as mean and standard deviation (SD),
median with interquartile range, or frequencies as appropri-
ate. To model the dependence of observations from the same
hospital over time, we used mixed linear models with random
intercept and slope. A strength of this modeling approach is
that it incorporates information from all hospitals even when
some hospitals are missing data for some time periods. We
reached our final model through stages with increasing model
complexity at each stage. In the first stage, we developed an
empty model without any covariates to determine the uncon-
ditional variance components so that we can partition mortal-
ity variance into between- and within-hospital components.
In the second stage, we developed an unconditional growth
curve model to determine the shape of time trend in mortali-
ty over time using linear and quadratic (by including squared
time in the model) growth curves. In the third stage, we added
baseline readmission rates (from 2010 to 2013) to the model to
determine the effect of baseline readmission rate on mortality
trends and also examined its interaction with time and squared
time. We generated a change in the readmission rate variable
by subtracting the last readmission rate from the baseline re-
admission rate (readmission rate in 2010-2013 — readmission
rate in 2014-2017). In the fourth stage, we included this change
in readmission rate into the third-stage model to examine
how changes in the readmission rate affected the time trends
of mortality and also examined its interaction with time and
squared time. In the final model, we included the following
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TABLE 2. Results of Multilevel Model for 30-day Mortality Rate

Model 1A
B(95%Cl); P

Model 1
B(95%Cl); P

0.13(0.12,0.14);
P<.001

—0.06 —(-0.08, —0.04);

Time (in years) P< 001

0.05(0.04, 0.05);

Squared time (years2) - P<.001

Baseline readmission rate (%) -

Interaction—time and baseline readmission - -

Change in readmission - -

African American (%) - _

Mean percentage population in poverty (%) - -

Mean median income - -

Median age - -

Ownership

—Nonprofit

—For profit -

—Government -

Teaching hospital _

Model 1= Unconditional growth model with linear modeling of time.

Model 2
B(95%Cl); P

Model 2A
B(95%Cl); P

—0.03 (~0.06, -0.01);
P=.007

—0.06 (-0.08, —0.04);
P<.001

0.04(0.03, 0.05);
P<.001

0.05(0.04, 0.05);
P<.001

-0.03 (-0.05, -0.005);
P=.01

-0.002 (-0.02, 0.02);
P=.86

-0.015 (-0.02,-0.01);

P<.001

Model 3
B(95%Cl); P

—0.05 (~0.08, —0.04);
P<.001

0.048 (0.04, 0.05);
P<.001

-0.03 (~0.06, 0.003);
P=.08

-0.01(-0.02, —.006);
P=0.001

0.04 (0.01, 0.06);
P=.008

Model 4
B(95%Cl); P

—0.06 (-0.09, —0.04);
P<.001

0.048 (0.04, 0.05);
P<.001

-0.01(-0.05, 0.03);
P=.55

-0.01(-0.02,-0.005);
P=.001

-0.04 (-0.07,-0.006);
P=.02

—0.004 (-0.007, -0.001);
P=.003

-0.01(-0.02,-0.007);
P<.001

-0.08 (-0.11,-0.05);
P<.001

0.009 (0.00, 0.01);
P=.04

REF

-0.007 (-0.08, 0.07);
P=.86

0.12(0.03,0.21);
P=.005

0.07 (-0.01, 0.16);
P=.09

Model 1A = Unconditional growth model with time and squared time for quadratic mortality time trend.

Model 2 = Addition of baseline readmission rate to model 1A.

Model 2A = Addition of interaction between time and baseline readmission rate to model 2.
Model 3 = Addition of change in readmission from baseline to model 2A.

Model 4 = Addition of potential confounders to model 3.

potential confounding variables to the fourth stage model: Af-
rican American percentage in the HSA, HSA median income,
percentage of people living in poverty in the HSA, median
age, ownership of hospital (government, for profit), teaching
status (teaching vs nonteaching), and acute care hospital beds
in the HSA. Within each stage, the models were compared us-
ing the Akaike information criterion (AIC) and the Bayesian in-
formation criterion (BIC), and the model with the lowest value
of each was moved to the next stage of model development.
All analyses were performed in Stata 14.1 for Windows (Col-
lege Station, Texas).

RESULTS

Of the 3,685 acute care hospitals analyzed in the 2010-2013
data cycle for COPD, the 30-day RSRR was 20.7% (1.28), which
decreased to 19.6% (1.11) in 2014-2017 (Table 1). During the
same period, the 30-day all-cause RSMR increased from 7.8%
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(1.03) in 2010-2013 to 8.4% (1.11) in 2014-2017. The partitioning
of variance showed that 57% of variation in the mortality rate
over the study period was due to between-hospital differenc-
es.

The unconditional growth model examining the linear time
trend revealed a 0.13% per year (95% Cl = 0.12 to 0.14; P <
.0001) increase in mortality rate over the five data cycles. When
the squared time variable was added to the model to examine
a quadratic trend, both time and squared trend were statisti-
cally significant (Table 2) and the AIC and BIC were lower for
the quadratic model. Thus, the unconditional growth curve
model suggested that the mortality trend was nonlinear and
the coefficients demonstrated that not only the mortality rate
increased, but the rate of change in the mortality rate was also
increasing during the study period.

When we added the baseline readmission rate to the above-
mentioned quadratic growth model, we found an inverse as-
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FIG 1. Model-predicted Mortality Rate Time Trends by Baseline Readmission Rate and Change in Readmission Rate. The model included quadratic time trend with
the main effect of BRR, the interaction between time and BRR, and CRR as variables. For this figure, we arbitrarily chose two values of BRR and CRR for illustration
purposes. The values on each curve at time points are predicted mortality rates at that combination of BRR and CRR. The difference in mortality rate curves is con-
stant when BRR remains constant, but curves become apart with time when BRR changes. CRR introduces constant distance between curves

Abbreviations: BRR, baseline readmission rate; CRR, change in readmission rate.

sociation; each 1% increase in baseline readmission rate was
associated with 0.03% (95% Cl = —0.05 to —0.005; P = .02) de-
crease in mortality rate. These findings suggest that hospitals
with higher baseline readmission rates also had lower mortality
rates. To examine whether the effect of baseline readmission
rate on mortality varied over time, we included the interaction
term with time in the model and then added the interaction
term with squared time. As the AIC and BIC were the lowest
for the model with interaction between time and baseline re-
admission (and not when interaction between squared time
and baseline readmission were included), we accepted this
model. In this model, although there was no difference in mor-
tality according to readmissions at baseline, each 1% increase
in baseline readmission rate was associated with a smaller in-
crease in mortality rate by 0.015% (95% Cl = —-0.02 to —0.01;
P < .0001; Table 2 and Figure 1). These findings suggest that
hospitals with higher readmission rates at baseline had a small-
er increase in mortality rate during the study period than those
with lower readmission rates.

Inclusion of change in the readmissions variable in the model
showed that each 1% decrease in readmission rate during the
study period was associated with 0.04% (95% CI = 0.01 to 0.06;
P = .008) increase in mortality. However, the interaction between
change in readmission and time was not significant and the AIC
and BIC of the model were higher than the model without in-
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teraction. Therefore, we retained the model without the inter-
action term and included other potential confounding variables
to build our final model. Thus, although hospitals with differ-
ent baseline readmission rates had different rates of change in
mortality rate, the change in readmission rate had a consistent
effect on the mortality rate. Including potential confounders in
the model did not change the results; the mortality rate and the
change in the mortality rate increased during the study period,
a high baseline readmission rate was associated with a lower
yearly increase in mortality, and a larger decrease in readmission
rate was associated with a higher mortality rate (Table 2).

DISCUSSION

As efforts to decrease readmission rates continue as a part
of the HRRP implementation by the CMS, our study shows
that among hospitals that discharged patients with AECOPD
during 2010-2017, the all-cause 30-day RSRR was decreased,
whereas the all-cause 30-day RSMR was increased. Of par-
ticular concern is that the rate of increase in mortality also
increased. We also found that hospitals with higher readmis-
sion rates in 2010-2013 had a lower rate of increase in mor-
tality than hospitals with lower readmission rates. In addition,
hospitals that had a larger decrease in readmission rates
during the study period had a larger rate of increase in mor-
tality than hospitals with a smaller decrease in readmission
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rates. Our findings were robust to potential confounders such
as hospital characteristics and local population characteris-
tics in which hospitals operate.

Our study findings raise the question whether the imple-
mentation of the HRRP resulted in unintentional patient harm
by forcing hospitals to make changes that may affect overall
patient care. This question is particularly important as other
studies on hospitalized patients with HF have found similar
results.”®" On the other hand, a similar association between
readmission and mortality rates has not been observed in pa-
tients with pneumonia or AML. Several possible explanations
can be given for the observed discrepancy between the dis-
eases and their effect on the relationship between readmis-
sion rate and mortality rate. Both COPD and HF are chronic
diseases and characterized by exacerbations, whereas AMI
and pneumonia are episodic diseases that are treatable. As
the number of patients hospitalized with AECOPD and HF is
much larger, hospitals may have a greater focus on reducing
the 30-day readmission rates and may attempt to game the
process, such as by delaying admissions through the emer-
gency department within the 30-day period or by admitting
patients for observation. In fact, a study found a 3% reduction
in the within-hospital readmission rate with a concurrent 0.8%
increase in observation unit use since the implementation of
the HRRP? Such approaches to patient care may lead to ad-
verse outcomes.

It is possible that readmissions and mortality act as compet-
ing risks and hence hospitals with higher mortality rates are left
with fewer patients and thus have fewer readmissions, where-
as those with lower mortality rates have more patients and a
higher readmission rate.” Such studies are not possible with
hospital-level data, and patient-level studies will be required to
examine this competing risk hypothesis. Our study results pro-
vide some support to the competing risk hypothesis (hospitals
with lower baseline readmission rates had a steeper increase in
mortality); however, it is not possible to draw any conclusions
due to the high risk of ecological fallacy bias.

This study has important potential implications for health-
care policy, public health, and research. We found that an
important national intervention aimed at decreasing read-
mission rates and improving the quality of care for patients
with AECOPD may be associated with higher mortality rates
in these patients. There may be a need to redefine measures
for determining the performance of an institution. Our study
supports research into the underlying mechanisms resulting
in an inverse association between readmissions and mortality.
In particular, health policy researchers may need to examine
how incentives and penalties affect the allocation of resources
within hospitals.

This study has several strengths and some potential weak-
nesses. We used a national dataset to examine readmission
and mortality rates that include the majority of hospitals in
the United States. We also included data from the local pop-
ulation for each hospital, thus allowing us to examine hospital
performance within the context of its target population. One
potential limitation is that we used hospital-level data and not
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patient-level data; however, the readmission penalties are de-
signed for hospitals, which justifies our use of hospital-level
data. Furthermore, data were not available for shorter time
intervals; data from shorter time intervals may be associated
with greater variability. Being an observational study, it is diffi-
cult to establish a causal relationship; the longitudinal nature
of the study does establish temporality, an important factor in
establishing causality.

In conclusion, we found that although the readmission rates
decreased, there was an increase in the mortality rate within
the 30 days of discharge from the hospital in patients with AE-
COPD. The rate of increase in mortality was higher in hospitals
with lower readmission rates than in hospitals with higher read-
mission rates. Further research for determining the mechanism
responsible for this association is needed. Future health policy
interventions may need to consider the potential for adverse
outcomes.

Disclosures: The authors have nothing to disclose.
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