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BACKGROUND: Hospitalization and readmission

rates have decreased in recent years, with the possible
consequence that hospitals are increasingly filled with
high-risk patients.

OBJECTIVE: We studied whether readmission reduction
has affected the risk profile of hospitalized patients and
whether readmission reduction was similarly realized
among hospitalizations with low, medium, and high risk of
readmissions.

DESIGN: Retrospective study of hospitalizations between
January 2009 and June 2015.

PATIENTS: Hospitalized fee-for-service Medicare
beneficiaries, categorized into 1 of 5 specialty cohorts
used for the publicly reported hospital-wide readmission
measure.

MEASUREMENTS: Each hospitalization was assigned a
predicted risk of 30-day, unplanned readmission using a
risk-adjusted model similar to publicly reported measures.
Trends in monthly mean predicted risk for each cohort
and trends in monthly observed to expected readmission

iven the high cost of readmissions to the healthcare
system, there has been a substantial push to re-
duce readmissions by policymakers.” Among these
is the Hospital Readmissions Reduction Program
(HRRP), in which hospitals with higher than expected readmis-
sion rates receive reduced payments from Medicare.? Recent
evidence has suggested the success of such policy changes,
with multiple reports demonstrating a decrease in 30-day re-
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for hospitalizations in the lowest 20%, middle 60%, and
highest 20% of risk of readmission were assessed using
time series models.

RESULTS: Of 47,288,961 hospitalizations, 16.2% (n =
7,642,161) were followed by an unplanned readmission
within 30 days. We found that predicted risk of
readmission increased by 0.24% (P = .03) and 0.13%

(P = .004) per year for hospitalizations in the surgery/
gynecology and neurology cohorts, respectively. We found
no significant increase in predicted risk for hospitalizations
in the medicine (0.12%, P = .12), cardiovascular (0.32%,

P = .07), or cardiorespiratory (0.03%, P = .55) cohorts.

In each cohort, observed to expected readmission rates
steadily declined, and at similar rates for patients at low,
medium, and high risk of readmission.

CONCLUSIONS: Hospitals have been effective at reducing
readmissions across a range of patient risk strata and clinical
conditions. The risk of readmission for hospitalized patients
has increased for 2 of 5 clinical cohorts. Journal of Hospital
Medicine 2018;13:537-543. Published online first February
12, 2018. © 2018 Society of Hospital Medicine

admission rates in the Medicare population starting in 2010.28

Initiatives to reduce readmissions can also have an effect on
total number of admissions.”'® Indeed, along with the recent
reduction in readmission, there has been a reduction in all ad-
missions among Medicare beneficiaries.''? Some studies have
found that as admissions have decreased, the burden of co-
morbidity has increased among hospitalized patients,*"" sug-
gesting that hospitals may be increasingly filled with patients
at high risk of readmission. However, whether readmission risk
among hospitalized patients has changed remains unknown,
and understanding changes in risk profile could help inform
which patients to target with future interventions to reduce re-
admissions.

Hospital efforts to reduce readmissions may have differential
effects on types of patients by risk. For instance, low-intensity,
system-wide interventions such as standardized discharge in-
structions or medicine reconciliation may have a stronger effect
on patients at relatively low risk of readmission who may have a
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few important drivers of readmission that are easily overcome.
Alternatively, the impact of intensive care transitions manage-
ment might be greatest for high-risk patients, who have the
most need for postdischarge medications, follow-up, and self-
care.

The purpose of this study was therefore twofold: (1) to ob-
serve changes in average monthly risk of readmission among
hospitalized Medicare patients and (2) to examine changes
in readmission rates for Medicare patients at various risk of
readmission. We hypothesized that readmission risk in the
Medicare population would increase in recent years, as overall
number of admissions and readmissions have fallen.”"" Addi-
tionally, we hypothesized that standardized readmission rates
would decline less in highest risk patients as compared with
the lowest risk patients because transitional care interventions
may not be able to mitigate the large burden of comorbidity
and social issues present in many high-risk patients.”

METHODS

We performed a retrospective cohort study of hospitalizations
to United States nonfederal short-term acute care facilities by
Medicare beneficiaries between January 2009 and June 2015.
The design involved four steps. First, we estimated a predictive
model for unplanned readmissions within 30 days of discharge.
Second, we assigned each hospitalization a predicted risk of
readmission based on the model. Third, we studied trends in
mean predicted risk of readmission during the study period.
Fourth, we examined trends in observed to expected (O/E) re-
admission for hospitalizations in the lowest, middle, and high-
est categories of predicted risk of readmission to determine
whether reductions in readmissions were more substantial in
certain risk groups than in others.

Data were obtained from the Centers for Medicare and
Medicaid Services (CMS) Inpatient Standard Analytic File and
the Medicare Enrollment Data Base. We included hospitaliza-
tions of fee-for-service Medicare beneficiaries age 265 with
continuous enrollment in Part A Medicare fee-for-service for at
least one year prior and 30 days after the hospitalization.” Hos-
pitalizations with a discharge disposition of death, transfer to
another acute hospital, and left against medical advice (AMA)
were excluded. We also excluded patients with enrollment in
hospice care prior to hospitalization. We excluded hospitaliza-
tions in June 2012 because of an irregularity in data availability
for that month.

Hospitalizations were categorized into five specialty cohorts
according to service line. The five cohorts were those used for
the CMS hospital-wide readmission measure and included sur-
gery/gynecology, medicine, cardiovascular, cardiorespiratory,
and neurology.”™ Among the three clinical conditions tracked
as part of HRRP, heart failure and pneumonia were a subset
of the cardiorespiratory cohort, while acute myocardial infarc-
tion was a subset of the cardiovascular cohort. Our use of co-
horts was threefold: first, the average risk of readmission differs
substantially across these cohorts, so pooling them produces
heterogeneous risk strata; second, risk variables perform dif-
ferently in different cohorts, so one single model may not be
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as accurate for calculating risk; and, third, the use of disease
cohorts makes our results comparable to the CMS model and
similar to other readmission studies in Medicare.”#'®

For development of the risk model, the outcome was 30-day
unplanned hospital readmission. Planned readmissions were
excluded; these were defined by the CMS algorithm as read-
missions in which a typically planned procedure occurred in
a hospitalization with a nonacute principal diagnosis.' Inde-
pendent variables included age and comorbidities in the final
hospital-wide readmission models for each of the five specialty
cohorts.™ In order to produce the best possible individual risk
prediction for each patient, we added additional independent
variables that CMS avoids for hospital quality measurement
purposes but that contribute to risk of readmission: sex, race,
dual eligibility status, number of prior AMA discharges, inten-
sive care unit stay during current hospitalization, coronary care
unit stay during current hospitalization, and hospitalization
in the prior 30, 90, and 180 days. We also included an indi-
cator variable for hospitalizations with more than 9 discharge
diagnosis codes on or after January 2011, the time at which
Medicare allowed an increase of the number of International
Classification of Diseases, 9th Revision-Clinical Modification
diagnosis billing codes from 9 to 25."7 This indicator adjusts for
the increased availability of comorbidity codes, which might
otherwise inflate the predicted risk relative to hospitalizations
prior to that date.

Based on the risk models, each hospitalization was assigned
a predicted risk of readmission. For each specialty cohort, we
pooled all hospitalizations across all study years and divided
them into risk quintiles. We categorized hospitalizations as
high risk if in the highest quintile, medium risk if in the middle
three quintiles, and low risk if in the lowest quintile of predict-
ed risk for all study hospitalizations in a given specialty cohort.

For our time trend analyses, we studied two outcomes:
monthly mean predicted risk and monthly ratio of observed
readmissions to expected readmissions for patients in the
lowest, middle, and highest categories of predicted risk of
readmission. We studied monthly predicted risk to determine
whether the average readmission risk of patients was changing
over time as admission and readmission rates were declining.
We studied the ratio of O/E readmissions to determine wheth-
er the decline in overall readmissions was more substantial in
particular risk strata; we used the ratio of O/E readmissions,
which measures number of readmissions divided by number
of readmissions predicted by the model, rather than crude
observed readmissions, as O/E readmissions account for any
changes in risk profiles over time within each risk stratum. In-
dependent variables in our trend analyses were year — entered
as a continuous variable — and indicators for postintroduction
of the Affordable Care Act (ACA, March 2010) and for postin-
troduction of HRRP (October 2012); these time indicators were
included because of prior studies demonstrating that the in-
troduction of ACA was associated with a decrease from base-
line in readmission rates, which leveled off after introduction of
HRRP’” We also included an indicator for calendar quarter to
account for seasonal effects.
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Statistical Analysis

We developed generalized estimating equation models to
predict 30-day unplanned readmission for each of the five spe-
cialty cohorts. The five models were fit using all patients in each
cohort for the included time period and were adjusted for clus-
tering by hospital. We assessed discrimination by calculating
area under the receiver operating characteristic curve (AUC)
for the five models; the AUCs measured the models’ ability
to distinguish patients who were readmitted versus those who
were not." We also calculated AUCs for each year to examine
model performance over time.

Using these models, we calculated predicted risk for each
hospitalization and averaged these to obtain mean predicted
risk for each specialty cohort for each month. To test for trends
in mean risk, we estimated 5 time series models, one for each
cohort, with the dependent variable of monthly mean predict-
ed risk. For each cohort, we first estimated a series of 12 empty
autoregressive models, each with a different autoregressive
term (1, 2...12). For each model, we calculated y? for the test
that the autocorrelation was O; based on a comparison of chi-
squared values, we specified an autocorrelation of 1 month for
all models. Accordingly, a one-month lag was used to estimate
one final model for each cohort. Independent variables includ-
ed year and indicators for post-ACA and post-HRRP; these
variables captured the effect of trends over time and the intro-
duction of these policy changes, respectively."”

To determine whether changes in risk over time were a result
of changes in particular risk groups, we categorized hospital-
izations into risk strata based on quintiles of predicted risk for
each specialty cohort for the entire study period. For each in-
dividual year, we calculated the proportion of hospitalizations
in the highest, middle, and lowest readmission risk strata for
each cohort.

We calculated the monthly ratio of O/E readmission for hos-
pitalizations in the lowest 20%, middle 60%, and highest 20%
of readmission risk by month; O/E reflects the excess or defi-
cit observed events relative to the number predicted by the
model. Using this monthly O/E as the dependent variable, we
developed autoregressive time series models as above, again
with a one-month lag, for each of these 3 risk strata in each co-
hort. As before, independent variables were year as a continu-
ous variable, indicator variables for post-ACA and post-HRRP,
and a categorical variable for calendar quarter.

All analyses were done in SAS version 9.3 (SAS Institute Inc.,
Cary, North Carolina) and Stata version 14.2 (StataCorp LLC,
College Station, Texas).

RESULTS

We included 47,288,961 hospitalizations in the study, of which
11,231,242 (23.8%) were in the surgery/gynecology cohort,
19,548,711 (41.3%) were in the medicine cohort, 5,433,125
(11.5%) were in the cardiovascular cohort, 8,179,691 (17.3%)
were in the cardiorespiratory cohort, and 2,896,192 (6.1%) were
in the neurology cohort. The readmission rate was 16.2% (n =
7,642,161) overall, with the highest rates observed in the car-
diorespiratory (20.5%) and medicine (17.6%) cohorts and the
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FIG 1. Trends in monthly mean predicted risk of readmission, by specialty
cohort. Vertical lines represent introduction of the Affordable Care Act in March
2010 and introduction of the Hospital Readmissions Reduction Program in
October 2012.

lowest rates observed in the surgery/gynecology (11.8%) and
neurology (13.8%) cohorts.

The final predictive models for each cohort ranged in num-
ber of parameters from 56 for the cardiorespiratory cohort to
264 for the surgery/gynecology cohort. The models had AUCs
of 0.70, 0.65, 0.67, 0.65, and 0.63 for the surgery/gynecology,
medicine, cardiovascular, cardiorespiratory, and neurology co-
horts, respectively; AUCs remained fairly stable over time for
all disease cohorts (Appendix Table 1).

We observed an increase in the mean predicted readmis-
sion risk for hospitalizations in the surgery/gynecology and
cardiovascular hospitalizations in early 2011 (Figure 1), a pe-
riod between the introduction of ACA in March 2010 and the
introduction of HRRP in October 2012. In time series models,
the surgery/gynecology, cardiovascular, and neurology co-
horts had increased predictive risks of readmission of 0.24%,
0.32%, and 0.13% per year, respectively, although this differ-
ence did not reach statistical significance for the cardiovascu-
lar cohort (Table 1). We found no association between intro-
duction of ACA or HRRP and predicted risk for these cohorts
(Table 1). There were no trends or differences in predicted
readmission risk for hospitalizations in the medicine cohort.
We observed a seasonal variation in predicted readmission
risk for the cardiorespiratory cohort but no notable change in
predicted risk over time (Figure 1); in the time series model,
there was a slight decrease in risk following introduction of
HRRP (Table 1).

After categorizing hospitalizations by predicted readmission
risk, trends in the percent of hospitalizations in low, middle,
and high risk strata differed by cohort. In the surgery/gynecol-
ogy cohort, the proportion of hospitalizations in the lowest risk
stratum increased only slightly, from 20.1% in 2009 to 21.1%
of all surgery/gynecology hospitalizations in 2015 (Appendix
Table 2). The proportion of surgery/gynecology hospitaliza-
tions in the high risk stratum (top quintile of risk) increased
from 16.1% to 21.6% between 2009 and 2011 and remained
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TABLE 1. Beta Coefficients from the Times Series Models Examining the Association Between Time and Predicted
Risk of Readmission Following Hospitalization

Surgery/Gynecology Medicine Cardiovascular Cardiopulmonary Neurology
Model Beta Coefficient Beta Coefficient Beta Coefficient Beta Coefficient Beta Coefficient
Variable (SE) PValue (SE) PValue (SE) PValue (SE) PValue (SE) PValue
Time (years) 0.236 (0.109) .03 0.118(0.076) 12 0.317(0.171) .065 0.027 (0.044) 547 0.131(0.045) .004
post-ACA —0.108 (0.237) .649 0.006 (0.202) 976 0.103 (0.224) .646 0.116 (0.169) 491 0.103 (0.100) .302
post-HRRP —-0.125(0.361) 729 —0.008 (0.194) 967 0.090 (0.447) 841 -0.319(0.153) .038 -0.018(0.122) .883
Intercept 10.963 (0.322) <.001 17.196 (0.284) <.001 13.639 (0.608) <.001 20.142 (0.168) <.001 13.326 (0.128) <.001

NOTE: Years represents change with each year; post-ACA represents change with introduction of the ACA in March 2010; post-HRRP represents change with introduction of the HRRP in Octo-
ber 2012. Adjusted for calendar quarter. Abbreviations: ACA, Affordable Care Act; HRRP, Hospital Readmissions Reduction Program; SE, standard error.

at 21.8% in 2015, and the proportion of surgery/gynecology talized Medicare patients, whether of low, moderate, or high

hospitalizations in the middle risk stratum (middle three quin- risk of readmission. These findings suggest that hospital efforts
tiles of risk) decreased from 63.7% in 2009 to 59.4% in 2011 to have resulted in improved outcomes across the risk spectrum.
57.1% in 2015. Low-risk hospitalizations in the medicine cohort A number of mechanisms may account for the across-the-
decreased from 21.7% in 2009 to 19.0% in 2015, while high-risk board improvements in readmission reduction. Many hospitals
hospitalizations increased from 18.2% to 20.7% during the pe- have instituted system-wide interventions, including patient
riod. Hospitalizations in the lowest stratum of risk steadily de- education, medicine reconciliation, and early postdischarge
clined in both the cardiovascular and neurology cohorts, from follow-up,?® which may have reduced readmissions across all
24.9% to 14.8% and 22.6% to 17.3% of hospitalizations during patient risk strata. Alternatively, hospitals may have imple-
the period, respectively; this was accompanied by an increase mented interventions that disproportionally benefited low-risk
in the proportion of high-risk hospitalizations in each of these patients while simultaneously utilizing interventions that only
cohorts from 16.0% to 23.4% and 17.8% to 21.6%, respectively. benefited high-risk patients. For instance, increasing threshold
The proportion of hospitalizations in each of the 3 risk strata for admission’ may have the greatest effect on low-risk pa-
remained relatively stable in the cardiorespiratory cohort (Ap- tients who could be most easily managed at home, while many
pendix Table 2). intensive transitional care interventions have been developed
In each of the five cohorts, O/E readmissions steadily de- to target only high-risk patients.?"??
clined from 2009 to 2015 for hospitalizations with the lowest, With the introduction of HRRP, there have been a number of
middle, and highest predicted readmission risk (Figure 2). Each concerns about the readmission measure used to penalize hos-
risk stratum had similar rates of decline during the study period pitals for high readmission rates. One major concern has been
for all cohorts (Table 2). Among surgery/gynecology hospital- that the readmission metric may be flawed in its ability to cap-
izations, the monthly O/E readmission declined by 0.030 per  ture continued improvement related to readmission.” Some
year from an initial ratio of 0.936 for the lowest risk hospitaliza- have suggested that with better population health manage-
tions, by 0.037 per year for the middle risk hospitalizations, and ment, admissions will decrease, patient risk of the remaining

by 0.036 per year for the highest risk hospitalizations (Table 2). patients will increase, and hospitals will be increasingly filled
Similarly, for hospitalizations in the lowest versus highest risk of ~ with patients who have high likelihood of readmission. This po-

readmission, annual decreases in O/E readmission rates were tential for increased risk with HRRP was suggested by a recent
0.018 versus 0.015, 0.034 versus 0.033, 0.020 versus 0.015, and study that found that comorbidities increased in hospitalized
0.038 versus 0.029 for the medicine, cardiovascular, cardiore- Medicare beneficiaries between 2010 and 2013." Our results
spiratory, and neurology cohorts, respectively. For all cohorts were mixed in supporting this potential phenomenon because
and in all risk strata, we found no significant change in O/E we examined global risk of readmission and found that some
readmission risk with introduction of ACA or HRRP (Table 2). of the cohorts had increased risk over time while others did
not. Others have expressed concern that readmission measure
DISCUSSION does not account for socioeconomic status, which has been
In this six-year, national study of Medicare hospitalizations, we associated with readmission rates.?*?” Although we did not di-
found that readmission risk increased over time for surgical rectly examine socioeconomic status in our study, we found
and neurological patients but did not increase in medicine or that hospitals have been able to reduce readmission across all
cardiorespiratory hospitalizations, even though those cohorts levels of risk, which includes markers of socioeconomic status,
are known to have had substantial decreases in admissions including race and Medicaid eligibility status.
and readmissions over the same time period.”® Moreover, we Although we hypothesized that readmission risk would in-
found that O/E readmissions decreased similarly for all hospi- crease as number of hospitalizations decreased over time, we
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found no increase in readmission risk among the cohorts with
HRRP diagnoses that had the largest decrease in readmission
rates.”® Conversely, readmission risk did increase — with a con-
current increase in the proportion of high-risk hospitalizations
— in the surgery/gynecology and neurology cohorts that were
not subject to HRRP penalties. Nonetheless, rehospitalizations
were reduced for all risk categories in these two cohorts. No-
tably, surgery/gynecology and neurology had the lowest read-
mission rates overall. These findings suggest that initiatives to

An Official Publication of the Society of Hospital Medicine

‘ ‘ Blecker0308e 0818.indd 541

®

Effect of readmission reduction on patients with different risk profiles | Blecker et al

B Medicine
w 1.1
[=
Kl
&
£
B
o 1.0
-4
o
2
1%}
@
&
w 0.9
b
@
2
]
7]
o
Oos
2009m1 2010m1 2011Tm1 2012m1 2013m1 2014m1 2015m1
Month
Bottom 20% Middle 60% Top 20%
D

Cardiorespiratory

o .

Observed/Expected Readmissions
o
NS

0.8
2009m1 2010m1 2011Tm1 2012m1 2013m1 2014m1' 2015m1
Month
Bottom 20% Middle 60% Top 20%

FIG 2. Trend in observed to expected readmissions for hospitalizations in the
lowest quintile of predicted readmission risk, in the middle 60% of predicted
readmission risk, and in the highest quintile of predicted readmission risk. Panels
represent an individual cohort: (A) surgery/gynecology, (B) medicine, (C) cardio-
vascular, (D) cardiorespiratory, and (E) neurology.

prevent initial hospitalizations, such as increasing the threshold
for postoperative admission, may have had a greater effect on
low- versus high-risk patients in low-risk hospitalizations. How-
ever, once a patient is hospitalized, multidisciplinary strategies
appear to be effective at reducing readmissions for all risk
classes in these cohorts.

For the three cohorts in which we observed an increase in re-
admission risk among hospitalized patients, the risk appeared
to increase in early 2011. This time was about 10 months after
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TABLE 2. Beta Coefficients for Time Series Models Examining Observed to Expected Readmission for
Hospitalizations in the Lowest 20%, Middle 60%, and Highest 20% of Predicted Risk for Readmission

Lowest Risk Quintile Middle 60% of Risk Highest Risk Quintile
Cohorts Coefficient (SE) PValue Coefficient (SE) PValue Coefficient (SE) PValue
Surgery/Gynecology Cohort
Time (years) —0.030 (0.009) .001 —0.037(0.010) <.001 —0.036 (0.009) <.001
Post-ACA 0.005 (0.022) .835 -0.021(0.025) 41 0.039 (0.020) .05
Post-HRRP -0.033(0.029) .261 0.006 (0.030) 848 -0.016(0.027) .559
Intercept 0.936 (0.012) <.001 1.147 (0.025) <.001 1.083 (0.027) <.001
Medicine Cohort
Time (years) -0.018 (0.005) <.001 -0.022 (0.005) <.001 -0.015 (0.006) .014
Post-ACA —0.008 (0.015) .567 -0.001(0.016) 946 -0.020(0.019) 276
Post-HRRP —0.017 (0.014) 221 -0.001(0.017) 97 —0.000 (0.018) 982
Intercept 0.949 (0.012) <.001 1.103 (0.015) <.001 1.051(0.011) <.001
Cardiovascular Cohort
Time (years) —0.034 (0.008) <.001 —-0.029 (0.007) <.001 —0.033 (0.008) <.001
Post-ACA -0.021(0.021) 311 -0.005 (0.024) 85 0.000 (0.022) .994
Post-HRRP 0.032 (0.028) 246 -0.004 (0.022) 857 0.014 (0.024) .543
Intercept 0.908 (0.016) <.001 1.146 (0.018) <.001 1.073(0.019) <.001
Cardiopulmonary Cohort
Time (years) -0.020 (0.006) .001 -0.019(0.006) .002 -0.014 (0.004) .001
Post-ACA -0.010(0.019) .59 -0.002 (0.020) 925 -0.004 (0.014) .798
Post-HRRP —0.003 (0.017) .85 -0.007 (0.017) .686 -0.012(0.015) 424
Intercept 0.985(0.012) <.001 1.080 (0.013) <.001 1.038(0.012) <.001
Neurology Cohort
Time (years) —0.038 (0.008) <.001 -0.032(0.007) <.001 -0.029 (0.007) <.001
Post-ACA -0.023 (0.026) 379 0.002 (0.017) .89 -0.004 (0.018) .849
Post-HRRP 0.019(0.025) 442 -0.006 (0.022) 791 0.004 (0.023) .866
Intercept 1.036 (0.019) <.001 1.134(0.016) <.001 1.088 (0.012) <.001

NOTE: Years represents change with each year; post-ACA represents change with introduction of the ACA in March 2010; post-HRRP represents change with introduction of the HRRP in Octo-

ber 2012. Adjusted for calendar quarter. Abbreviations: ACA, Affordable Care Act; HRRP Hospital Readmissions Reduction Program; SE, standard error.

passage of ACA, the timing of which was previously associated our results. Second, our study was based on older Medicare
with a drop in readmission rates,”® but well before HRRP went patients, so findings may not be applicable to younger pa-
into effect in October 2012. The increase in readmission risk tients. Third, while we accounted for surrogates for socioeco-
coincided with an increase in the number of diagnostic codes nomic status, including dual eligibility and race, our models
that could be included on a hospital claim to Medicare.” This lacked other socioeconomic and community factors that can
increase in allowable codes allowed us to capture more diag- influence readmission.?? Nonetheless, 1 study suggested
noses for some patients, potentially resulting in an increase in that easily measured socioeconomic factors may not have a
apparent predicted risk of readmissions. While we adjusted for strong influence on the readmission metric used by Medi-
this in our predictive models, we may not have fully account- care.?® Fourth, while our study included over 47 million hos-
ed for differences in risk related to coding change. As a re- pitalizations, our time trend analyses used calendar month as
sult, some of the observed differences in risk in our study may the primary independent variable. As our study included 77
be attributable to coding differences. More broadly, studies months, we may not have had sufficient power to detect small
demonstrating the success of HRRP have typically examined changes in risk over time.
risk-adjusted rates of readmission.?’ It is possible that a small Medicare readmissions have declined steadily in recent
portion of the observed reduction in risk-adjusted readmission years, presumably at least partly in response to policy changes
rates may be related to the increase in predicted risk of read- including HRRP. We found that hospitals have been effective
mission observed in our study. Future assessment of trends in at reducing readmissions across a range of patient risk strata
readmission during this period should consider accounting for and clinical conditions. As a result, the overall risk of readmis-
change in the number of allowed billing codes. sion for hospitalized patients has remained constant for some
Other limitations should be considered in the interpretation but not all conditions. Whether institutions can continue to re-
of this study. First, like many predictive models for readmis- duce readmission rates for most types of patients remains to
sion, ours had imperfect discrimination, which could affect be seen.
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