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BACKGROUND: Readmission rates after pneumonia,
heart failure, and acute myocardial infarction hospitali-
zations are risk-adjusted for age, gender, and medical
comorbidities and used to penalize hospitals.
OBJECTIVE: To assess the impact of disability and social
determinants of health on condit ion-speci f ic
readmissions beyond current risk adjustment.
DESIGN, SETTING, AND PARTICIPANTS: Retrospective
cohortstudyofMedicarepatientsusing1)linkedHealthand
Retirement Study-Medicare claimsdata (HRS-CMS) and2)
Healthcare Cost andUtilization Project State Inpatient Da-
tabases (Florida, Washington) linked with ZIP Code-level
measures from the Census American Community Survey
(ACS-HCUP).Multilevel logistic regressionmodelsassessed
the impact of disability and selected social determinants of
health on readmission beyond current risk adjustment.
MAIN MEASURES: Outcomes measured were
readmissions≤30days after hospitalizations for pneumo-
nia, heart failure, or acute myocardial infarction. HRS-
CMS models included disability measures (activities of
daily living [ADL] limitations, cognitive impairment, nurs-
ing home residence, home healthcare use) and social de-
terminants of health (spouse, children, wealth, Medicaid,
race). ACS-HCUP model measures were ZIP Code-
percentage of residents ≥65 years of age with ADL diffi-
culty, spouse, income, Medicaid, and patient-level and
hospital-level race.
KEY RESULTS: For pneumonia, ≥3 ADL difficulties (OR
1.61,CI1.079–2.391)andpriorhomehealthcareneeds (OR
1.68, CI 1.204–2.355) increased readmission in HRS-CMS
models (N = 1631); ADL difficulties (OR 1.20, CI 1.063–
1.352) and ‘other’ race (OR1.14,CI 1.001–1.301) increased
readmission in ACS-HCUP models (N =27,297). For heart
failure, children (OR 0.66, CI 0.437–0.984) and wealth (OR
0.53, CI 0.349–0.787) lowered readmission in HRS-CMS
models (N= 2068), while black (OR 1.17, CI 1.056–1.292)

and ‘other’ race (OR 1.14, CI 1.036-1.260) increased read-
mission in ACS-HCUPmodels (N =37,612). For acutemyo-
cardial infarction,nursinghomestatus (OR4.04,CI1.212–
13.440) increased readmission in HRS-CMS models (N =
833); ‘other’ patient-level race (OR 1.18, CI 1.012–1.385)
andhospital-level race (OR1.06,CI1.001–1.125) increased
readmission inACS-HCUPmodels (N=17,496).
CONCLUSIONS: Disability and social determinants of
health influence readmission risk when added to the cur-
rent Medicare risk adjustment models, but the effect
varies by condition.
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T he Centers for Medicare and Medicaid Services (CMS)
seek to reduce readmissions by holding hospitals finan-

cially accountable using condition-specific risk-adjusted
rates.1,2 Current CMS risk-adjustment models for readmission
include patient characteristics from routine administrative data
(e.g., age, gender, diagnosis codes).1,3–6 Disability and social
determinants of health are not currently included in CMS risk
adjustment, because they are not available in administrative data
and there is concern that their inclusion may condone providing
worse care to vulnerable populations.7 However, an increasing
body of literature reveals that patient disability and social deter-
minants of health impact readmission risk and vary across hos-
pital populations, contributing to higher readmission penalties
for safety-net hospitals—and generating increasing interest in
studying risk adjustment for sociodemographic factors.1,8–26

To provide a better understanding of the extent to which the
addition of patient disability and social determinants of health
would impact the current risk adjustment models used by
CMS, the objective of our study was to assess how measures
of disability and social determinants of health were associated
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with readmission risk when used to enhance the current CMS
condition-specific readmission models for pneumonia, heart
failure, and acute myocardial infarction. We hypothesized that
disability would predict readmission for both acute and chron-
ic conditions.We also hypothesized that social determinants of
health such as social support and wealth would be more
important predictors of readmissions for chronic illnesses
requiring complex home care, such as heart failure, than for
acute illnesses like pneumonia.

METHODS

Conceptual Model

Figure 1 presents our conceptual model of predictors of read-
mission, including factors modifiable by the hospital (hospital
course, discharge conditions and medications, and arrange-
ment of post-discharge services) and patient factors less mod-
ifiable by the hospital, including those in the current CMS
model (age, gender, and comorbidities) and the measures of
disability and social determinants of health studied in this
analysis. These patient factors influence readmission risk be-
cause they affect the patient’s ability to comply with the post-
discharge treatment plan.

Data Sources and Measures of Disability and
Social Determinants of Health

To address our objective, we used two datasets that merge
administrative data and survey data containing disability and
social determinants of health measures.
Health and Retirement Study (HRS)27 Data Linked with
Medicare Data: HRS-CMS. The HRS is an ongoing biennial
cohort study of US residents over the age of 50, including
measures of physical health and detailed interview surveys of
factors impacting health, happiness, and finances, with over
35,000 participants interviewed. Participants are re-interviewed
every 2 years, with >90% follow-up rates and an 80.5%overall
cohort retention rate.28 We studied hospitalizations between
June 1996 and June 2012 linked with Medicare Inpatient Stan-
dard Analytic Files and at least one pre-admission interview in
1995–2010 HRS data. Each index hospitalization was linked to
that patient’s measures of disability and social determinants of
health collected in themost recent survey before hospitalization.
Disabilitymeasures fromHRS employed in this study includ-

ed activities of daily living (ADL) limitations and cognitive
function. At each survey, HRS asks respondents or proxies to
report health-related difficulties with ADLs. Composite scores
for ADL difficulty were computed and cut-offs determined a
priori to represent no limitations (0), mild/moderate limitations

Figure 1. Conceptual model for disability and social determinants of health as predictors of readmission. Data sources for the predictor
variables of interest in this study are indicated in parentheses. PT, physical therapy; SNF, skilled nursing facility; CMS, Centers for Medicare
and Medicaid Services; HRS, Health and Retirement Study; ACS, American Community Survey; HCUP, Healthcare Cost Utilization Project.
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(1–2),andsevere limitations (3ormore).TheHRStestscognitive
function usingwell-describedmethods;29–33 final models used a
binary measure to describe patients as having no cognitive im-
pairment versus anycognitive impairment.Twobinarymeasures
relatedtodisabilitywereobtainedfromtheHRSdata:whether the
patient required nursing home services during the most recent
HRS interview, or had used home health care services in the
2 years prior to the interview.
Social determinants of health fromHRS included binary indi-

cators for presence of spouse/partner, presence of children, and
Medicaid receipt, and categorical indicators for wealth and race.
Total household wealth was calculated as the sum of wealth
components minus debt, in nominal dollars,34 converted to
2012 dollars for all waves;35 wealth quartiles were computed
and assigned to account for non-linear effects and meaningful
negative and zero values. Medicaid insurance, in addition to
Medicare, was studied as an indicator of limited wealth, but it
couldalsobean indicatorofdisabilityseverity.Self-reportedrace
was coded as white, black/African-American, or other. Age and
genderwere included in thecurrentCMSriskadjustment, so they
were not examined as individual predictors.

Census Data (American Community Survey, ACS) Merged
with Healthcare Cost and Utilization Project Data: ACS-
HCUP. Because the types of patient-specific measures in the
HRStoenhanceCMSdataarenot currentlyavailablenationwide,
we tested whether publicly available community-level measures
of disability and social determinants of health from Census data
would be significant predictors of readmission when used to
enhance CMS models for pneumonia, heart failure, and acute
myocardial infarction. Five-year estimates of ZIP Code-level
measures of resident disability and social characteristics were
obtained from theAmericanCommunitySurvey (ACS) tomerge
with patient-level and hospitalization-level data from the
Healthcare Cost and Utilization Project (HCUP). ACS is the
largest nationally representative survey to provide annual updates
to thedecennialCensus,with97.3–98.0%responseratesforyears
studied.36 HCUP State Inpatient Databases (SIDs) are statewide
databasescontainingadministrativedatageneratedbyhospitals to
request payment per calendar year. HCUP SIDs for Florida and
Washington (2009–2012) were used, due to the ability to track
patientsandidentifypatientZIPCode.PatientZIPwasusedtolink
theHCUP claims record to theACS2008–2012 5-year estimates
for the ZIP Code Tabulation Area (ZCTA)-level data for respon-
dents aged 65 and older, the greatest geographical precision
allowable for use with HCUP data.
The ACS measure of ADL disability was the percentage of

respondents aged 65 and older indicating they had Bdifficulty
dressing or bathing.^ ACS cognitive difficulty measures were
highlycollinearwith theADLmeasure, so theywerenot included
in themodels.CandidateACSmeasures forsocialdeterminantsof
healthincludedseveralhouseholdcompositionandsocioeconom-
ic status variables that were highly collinear; we included the

ZCTA-level measures of percentage of respondents aged 65 and
older indicating theyweremarried, in thehighest incomequartile,
and with Medicaid. Patient-specific and hospital-level measures
of race fromHCUPwere included.

Identification of Index Admission,
Readmissions, and Medical Comorbidities

HRS-CMS linked Medicare claims data for 1996–2012
were processed using the readmissions measures code
made publicly available by CMS,37 applying the same
criteria as CMS for identifying index admissions for
pneumonia, heart failure, and acute myocardial infarc-
tion unplanned readmissions within 30 days and exclu-
sion criteria.6 Following CMS policy, exclusions includ-
ed persons less than 65 years of age, lacking continuous
enrollment in fee-for-service Medicare for 12 months
pre-admission and 30 days post-admission, discharges
against medical advice, and death within 30 days post-
admission. Comorbidities included in current CMS
models were abstracted from Medicare inpatient and
outpatient claims data for the year prior to index admis-
sion. Patient age, gender, and race from index admission
data were included. The same exclusions were applied
to the ACS-HCUP cohorts, except for two not available
in HCUP: continuous enrollment criteria and death
<30 days of discharge. Readmissions were studied for
admissions in 2012 with clinical comorbidities from
3 years’ prior HCUP discharge diagnoses (2009–2011)
to mirror the current CMS model specifications due to
no linkable outpatient data in HCUP.

Model Development and Statistical Analyses

To replicate current Medicare adjustments, coefficients for
comorbidities, age, and gender were taken from current
CMS readmission models for pneumonia, heart failure,
and acute myocardial infarction.6 As these coefficients
were derived from national Medicare claims data, and
are presently used to determine extant hospital-level pen-
alties, we did not recalibrate these coefficients with our
HRS or HCUP cohorts. Our empty model included only
an offset for individual readmission risk according to the
current CMS condition-specific models. We first estimated
the impact of disability and social determinants of health
from HRS in individual predictor models that included
only one HRS variable and the offset for CMS readmis-
sion risk including age, gender, and comorbidities. Full
models were fit including all individual predictor variables
from HRS and the offset for CMS readmission risk. An
effect for time was also included to capture secular trends
in condition-specific treatment and hospitalization. We
used a similar modeling process to estimate individual
predictor and full models using ACS-HCUP data.
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For all models, multilevel mixed effects logit models were
used; in HRS-CMS models, we accounted for within-patient
variation, and in ACS-HCUP models for within-hospital var-
iation. All analyses were conducted using xtmelogit in Stata
13.1.38 As HRS-CMS models covered the period 1996–2012,
secular temporal trends were controlled with a linear time
variable in all models. Two-tailed significance testing with a
p value <0.05 was considered statistically significant. Odds

ratios are reported with 95 % confidence intervals. We
assessed model fit and performance in two ways: first, we
compared the c-statistics of our full models to those published
by CMS for current CMS risk adjustment; and second, we
compared our models containing only the offset for clinical
risk adjustment (as with the CMS models) to our full models
containing disability and social determinants of health vari-
ables using likelihood ratio tests.

Figure 2. Coefficient plots for pneumonia for both HRS-CMS and ACS-HCUP. HRS-CMS refers to Health and Retirement Study data linked with
administrative claims data from the Centers for Medicare and Medicaid Services. ACS-HCUP refers to merged Healthcare Cost Utilization Project
State Inpatient Databases from Florida and Washington (2009–2012) and US Census American Community Survey 5-year ZIP Code Tabulation
Area (ZCTA) data, 2008–2012. Individual predictor models reflect the addition of a single disability measure or social determinant of health to the
current CMS risk adjustment, while the full models reflect the addition of all measures of interest in addition to the CMS risk adjustment. * p < 0.05.

Figure 3. Coefficient plots for heart failure for both HRS-CMS and ACS-HCUP. HRS-CMS refers to Health and Retirement Study data linked with
administrative claims data from the Centers for Medicare and Medicaid Services. ACS-HCUP refers to merged Healthcare Cost Utilization Project
State Inpatient Databases from Florida and Washington (2009–2012) and US Census American Community Survey 5-year ZIP Code Tabulation
Area (ZCTA) data, 2008–2012. Individual predictor models reflect the addition of a single disability measure or social determinant of health to the
current CMS risk adjustment, while the full models reflect the addition of all measures of interest in addition to the CMS risk adjustment. * p < 0.05.
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Table 1. Full HRS-CMS Readmission Model, by Cohort: Odds Ratios, 95 % Confidence Intervals

PREDICTORS
Pneumonia 

(N=1631)
Heart Failure 

(N=2068)
Acute Myocardial 

Infarction 
(N=833)

Years since 1996 0.978

(0.943, 1.014)

0.976

(0.950, 1.002)

0.940*

(0.893, 0.990)

DISABILITY
ADL difficulties

No difficulties Reference Reference Reference
1-2 difficulties 0.834

(0.568, 1.223)

0.903

(0.697, 1.169)

1.111

(0.684, 1.803)

3+ difficulties 1.606*

(1.079, 2.391)

1.195

(0.881, 1.622)

0.724

(0.358, 1.464)

Cognitive impairment
No impairment Reference Reference Reference

Cognitive impairment or 

dementia

0.928

(0.673, 1.281)

1.207

(0.963, 1.513)

1.011

(0.656, 1.560)

Nursing home resident at 
time of HRS interview?

1.590

(0.864, 2.926)

1.183

(0.684, 2.044)

4.036*

(1.212, 13.440)

Used in home health 
care in past two years?

1.684**

(1.204, 2.355)

1.017

(0.789, 1.312)

1.095

(0.622, 1.930)

SOCIAL DETERMINANTS 
OF HEALTH
Married/partnered? 1.356

(0.988, 1.862)

0.952

(0.761, 1.190)

1.513

(0.973, 2.354)

Has children? 1.676

(0.824, 3.412)

0.656*

(0.437, 0.984)

0.846

(0.385, 1.860)

Wealth quartile
Lowest Reference Reference Reference

2
nd

0.948

(0.641, 1.401)

0.773

(0.586, 1.020)

1.243

(0.722, 2.141)

3
rd

0.683

(0.426, 1.094)

0.873

(0.633, 1.203)

0.998

(0.535, 1.863)

Highest 0.991

(0.608, 1.615)

0.525**

(0.349, 0.787)

0.835

(0.426, 1.636)

On Medicaid & 
Medicare?

0.714

(0.466, 1.093)

0.977

(0.729, 1.310)

1.223

(0.645, 2.320)

Self-identified race
White Reference Reference Reference

Black/African-American 1.509

(0.980,2.321)

1.052

(0.798, 1.387)

1.169

(0.625, 2.185)

Other 1.034

(0.459, 2.328)

0.948

(0.517, 1.738)

1.469

(0.479, 4.508)

Readmission N (%) = 252 (15.4) 487 (23.6) 136 (16.3)

Unique patient N = 1264 1233 742

Lag between HRS 
interview & admission 
(days)

Mean: 484 488 466

Median: 423 419 383

Interquartile range: 217-625 209-615 199-591

* p < 0.05 ** p < 0.01 *** p < 0.001
Note: HRS-CMS refers to Health and Retirement Study data linked with administrative claims data from Centers for Medicare and Medicaid Services (CMS).
Model includes offset for current CMS readmission risk, which includes age, gender, and medical comorbidities. Green cells indicate patient factors that
significantly decrease odds of readmission, while red cells indicate patient factors that significantly increase odds of readmission.
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Human Subjects

The University of Michigan Institutional Review Board ap-
proved this study. HRS respondents provided informed con-
sent for HRS participation and separate consent for linking
their responses with CMS claims data. HCUP data are de-
identified and publicly available. All HCUP Data Use Agree-
ment conditions were followed.

RESULTS

The application of inclusion/exclusion criteria to generate the
analytic data sets is detailed in study flow diagrams in the
Online Appendix Figures 1–6. Summary statistics for the dis-
ability measures and social determinants of health for the HRS-

CMS and ACS-HCUP-derived cohorts are in Online Appendix
Tables 1 and 2. Some social determinants varied by index
condition; 66 % of heart failure cohort patients in HRS-CMS
were in the lowest two wealth quartiles. Online Appendix
Tables 3 and 4 summarize these cohorts’ clinical comorbidities
from administrative data. Figures 2 and 3 and Online Appendix
Figure 7 are coefficient plots illustrating the individual predictor
and full-model results side by side for pneumonia, heart failure,
and acute myocardial infarction. Panel A of each figure shows
HRS-CMS data results; Panel B shows ACS-HCUP data re-
sults. Full-model results are provided in Table 1 (HRS-CMS)
and Table 2 (ACS-HCUP). Cohort-specific average marginal
effects, which provide information on the average change in
predicted probability of readmission for changes in predictor
variables of interest, are presented in Online Appendix Table 5.

Table 2. Full ACS-HCUP Readmission Model, by Cohort: Odds Ratios, 95 % Confidence Intervals

PREDICTORS

Pneumonia 
(N=27297)

Heart Failure 
(N=37612)

Acute 
Myocardial 
Infarction
(N=17496)

P
O

P
U

L
A

T
IO

N
D

A
T

A
 F

R
O

M
 A

C
S

+

DISABILITY
ZCTA % 65+ with ADL difficulty (in 
10s)

1.199**
(1.063, 1.352)

0.984
(0.984, 1.083)

0.967
(0.835, 1.122)

SOCIAL DETERMINANTS OF 
HEALTH

ZCTA % 65+ married (in 10s) 0.993
(0.949, 1.040)

1.010
(0.975, 1.047)

0.951
(0.900, 1.004)

ZCTA % 65+ in top quartile of 
income (in 10s)

0.972
(0.930, 1.015)

0.971
(0.939, 1.005)

0.985
(0.936, 1.037)

ZCTA % 65+ on Medicaid (in 10s) 0.970
(0.919, 1.023)

1.031
(0.988, 1.076)

0.999
(0.934, 1.067)

P
A

T
IE

N
T

 &
 H

O
S

P
IT

A
L

 
D

A
T

A
 F

R
O

M
 H

C
U

P
++

Patient race
White Reference Reference Reference

Black/African-American 1.113
(0.953, 1.300)

1.168**
(1.056, 1.292)

0.932
(0.760, 1.143)

Other 1.141*
(1.001, 1.301)

1.142**
(1.036, 1.260)

1.184*
(1.012, 1.385)

Hospital-level race
% Black/African-American 

(in 10s)
1.010

(0.959, 1.063)
1.007

(0.968, 1.046)
1.061*

(1.001, 1.125)
Readmission N (%) = 3640 (13.3) 6697 (17.8) 2452 (14.1)
Patient N = 26049 31569 16957
Hospital N =  219 217 213

* p < 0.05 ** p < 0.01 *** p < 0.001
Note: ACS-HCUP refers to merged Healthcare Cost Utilization Project State Inpatient Databases from Florida and Washington (2009-2012) and U.S. Census
American Community Survey five-year data, 2008-2012. Model includes offset for current CMS readmission risk, which includes age, gender, and medical
comorbidities. Red cells indicate predictors that significantly increase odds of readmission.
+:ACS data are ZIP-code Tabulation area (ZCTA)-level data computed for population aged 65 and older. For ZCTA-level variables, odds ratios and confidence
intervals refer to effect of a 10-percentage point increase.
++:Patient race was self-reported as White, Black/African-American or Other. Hospital percentage Black/African-American was constructed from self-reports of
Black/African-American race in full 2012 HCUP. Odds ratios for hospital-level race refer to effect of a 10-percentage point increase.
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Pneumonia Cohorts

In HRS-CMS data (1631 index pneumonia admissions, 252
readmissions; Table 1), the only statistically significant pre-
dictors of readmission in the full model were two measures of
disability (Fig. 2, Panel A): having 3+ ADL difficulties and
prior home health care utilization, with ORs of 1.61 (CI
1.079–2.391) and 1.68 (CI 1.204–2.355), respectively.
In ACS-HCUP data (27,297 index pneumonia admis-

sions, 3640 readmissions; Table 2), the only statistically
significant predictors of readmission in the full model
were ADL difficulties, with a 10-percentage-point
increase in ADL difficulties among those 65 and older
associated with a 1.20 increase in odds of readmission
(CI 1.063-1.352) in the full model, all else equal
(Table 2), and ‘other’ patient race (OR 1.14, CI
1.001–1.301). Other variables (marital status, higher in-
come, Medicaid use, and patient race) were significantly
associated with readmission when tested as individual
predictors, but not in full models (Fig. 2, Panel B).

Heart Failure Cohorts

In HRS-CMS data (2068 index heart failure admissions, 487
readmissions; Table 1), only having children (OR 0.66, CI
0.437-0.984) and being in the highest quartile of wealth (OR
0.53, CI 0.349-0.787) remained statistically significant predic-
tors of reduced readmission in the full model, despite many
other variables appearing significant in individual predictor
models (Fig. 3, Panel A).
In ACS-HCUP data (37,612 index heart failure admissions,

6697 readmissions; Table 2), only non-white patient race
remained a statistically significant readmission predictor (black:
OR 1.17, CI 1.056-1.292; other: OR 1.14, CI 1.036-1.260) in the
full model, despite many variables appearing significant when
tested in individual predictor models (Fig. 3, Panel B).

Acute Myocardial Infarction Cohorts

In HRS-CMS data (833 index admissions for acute myocar-
dial infarction, 136 readmissions; Table 1), readmission rates
declined significantly over the study period (OR 0.94; CI
0.893–0.990) in the full model. Only the infrequent status
(N = 18) of nursing home residence during their most recent
HRS interview was a statistically significant predictor of
readmission (OR 4.04; CI 1.212–13.440) in the full model
(Online Appendix Figure 7, Panel A).
In ACS-HCUP data (17,496 index admissions for acute

myocardial infarction, 2452 readmissions; Table 2), only
race remained a significant predictor of readmission in the
full model (Table 2), both as patient-level race when
identified in ACS data as ‘other’ (OR 1.18, CI 1.012–
1.385) and the percentage of hospital patients listed as
black or African-American in HCUP administrative data
(OR 1.06, CI 1.001–1.125), despite many variables
appearing significant when tested in individual predictor
models (Online Appendix Figure 7, Panel B).

Model Fit and Performance

C-statistics for full HRS-CMS models were higher than
those reported by CMS, but lower for ACS-HCUP
models, by 0.01–0.06 (Table 3). For all ACS-HCUP co-
horts and HRS-CMS pneumonia and heart failure cohorts,
likelihood ratio tests indicated that the full model signif-
icantly improved model fit for our data relative to the
model including only the clinical risk adjustment.

DISCUSSION

Our study is the first to assess measures of disability and
social determinants of health as enhancements to the

Table 3. Performance of HRS-CMS and ACS-HCUP Models Compared to Current CMS Models, by Cohort

Pneumonia Heart failure Acute myocardial infarction

HRS-CMS model
C-statistic: our full model with clinical risk adjustment + social
determinants of health

0.76 0.68 0.79

C-statistic: CMS model with clinical risk adjustment 0.64 0.61 0.64
Likelihood ratio test comparing our full model to a model with
clinical risk adjustment only

χ2(14) = 43.15
p < 0.001

χ2(14) = 35.41
p = 0.001

χ2(14) = 17.41
p = 0.24

ACS-HCUP model
C-statistic: our full model with clinical risk adjustment + social
determinants of health

0.62 0.55 0.63

C-statistic: CMS model with clinical risk adjustment 0.64 0.61 0.64
Likelihood ratio test comparing our full model to a model with
clinical risk adjustment only

χ2(8) = 28.06 χ2(8) = 33.25 χ2(8) = 20.11
p < 0.001 p < 0.001 p = 0.007

Note: ACS-HCUP refers to merged Healthcare Cost Utilization Project State Inpatient Databases from Florida and Washington (2009–2012) and US Census
American Community Survey 5-year ZIP Code Tabulation Area (ZCTA) data, 2008–2012. HRS-CMS refers to Health and Retirement Study data linked with
administrative claims data from the Centers for Medicare and Medicaid Services. The likelihood ratio test compares the model with clinical risk adjustment
(includes clinical comorbidities, age, and gender) to the Bfull^ model in this analysis that includes the disability and social determinants of health variables in
addition to the clinical risk adjustment. Both models are fit using the same set of observations. A small p value indicates a better fit for the model with the added
variables. CMS model c-statistics reported in the 2013 Measures Updates and Specifications report.6
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CMS condition-specific models currently used for com-
paring and penalizing hospitals, as opposed to studies
employing the all-cause hospital readmission model.19,23

By employing three condition-specific models as opposed
to one all-cause readmission model, our results enable us
to compare and contrast the effects of these patient char-
acteristics on readmission risk by condition. The results
illustrate that the additional predictive effects these dis-
ability and social determinants of health have on read-
mission risk varies by the condition for index admission.
Many disability and social determinants of health vari-
ables appear significant when tested as individual predic-
tors beyond administrative data-derived comorbidities,
yet are no longer significant in full condition-specific
models. No predictors were significant across all three
conditions. We also studied the condition-specific models
using two different data sets of merged administrative
and survey data, to examine differences in the impact
of patient-level and community-level measures of disabil-
ity and social determinants of health on readmission risk.
We had hypothesized that disability limitations mea-

sured as ADL limitations would be significant predictors
of readmission for all the cohorts, supported by litera-
ture data.10–19,39–42 Although ADL limitations were sig-
nificant predictors of readmission for pneumonia using
the HRS-CMS and ACS-HCUP data sets, this was not
demonstrated for the heart failure or acute myocardial infarc-
tion cohorts. Cognitive impairment did not predict readmis-
sion in any cohort for either data set, perhaps because the
diagnosis of dementia is part of the standard CMS risk adjust-
ment already applied.
We hypothesized that social determinants of health

may be important in predicting readmission for chronic
conditions such as heart failure, requiring complex med-
ications, diet, and follow-up. This was supported in the
heart failure full models using patient-level HRS-CMS
dataset, with significant associations noted for having
children and being in the highest quartile of wealth. In
the HRS-CMS sample for heart failure, 66 % of patients
were in the lowest two quartiles of wealth. Returning to
our conceptual model, we could imagine two hypotheti-
cal patients admitted for heart failure of identical age,
gender, and medical comorbidities, but who differed with
respect to disability and social profiles, moderating their
ability to comply with post-discharge instructions. While
the current CMS model would assign the same probabil-
ity of readmission to both patients, our enhanced risk
model for heart failure would predict a probability of
readmission 23 percentage points higher for an African-
American patient with significant ADL limitations that
lives alone and has little wealth, compared to a white,
married patient with no ADL limitations and high wealth,
net differences in comorbidities (95 % CI 0.09–0.36).
Minority race was a significant predictor impacting hospital

readmission rates for all cohorts in the ACS-HCUP dataset as

supported by the literature.43 Yet, race was not predictive in
the smaller HRS-CMS dataset, and there are concerns about
the accuracy of the race variable in HCUP data, particularly as
it is not required or audited in standard hospital claims
data.44,45

Our study has several limitations. For HRS-CMS models,
the use of condition-specific models yields fewer index ad-
missions and readmissions per analytic cohort than prior anal-
yses involving hospital-wide readmissions, which impacts our
power to detect significant predictors. Due to the lag time
(mean >460 days) between the most recent HRS survey and
the index admission, more recent increases in baseline disabil-
ity before admission could not be studied, and could reduce
the power to detect significant associations between increased
disability and readmission risk. Social support measures were
limited, because having a spouse or child may not necessarily
mean that they provide assistance. Missing data involved
15.5–18.8 % of eligible HRS cases missing one or more
predictor variables of interest, most commonly Medicaid eli-
gibility, ADLs, or receipt of home health care. The effects of
these variables may be less generalizable than variables with
less missing data. For the ACS-HCUP models, HCUP data
allowed examination of hospital-level compositional and ran-
dom effects, but data from two states may not be representa-
tive of national trends. Further study should examine ACS
predictors with nationally representative data such as the
Medicare claims database. The lack of outpatient data and
information on continuous enrollment in HCUP prevented
the exact replication of CMS risk adjustment for readmission.
HCUP analyses were limited to ZCTA-level ACS data rather
than more precise geographic data. Census tract geographic
coding may uncover different associations.
Disability and social determinants of health measures

are not currently routinely collected for all Medicare
beneficiaries. The Medicare Current Beneficiary Sur-
vey46 obtains these measures for a sample of beneficia-
ries. However, hospitals routinely collect measures of
disability and social determinants of health for admis-
sion assessments, discharge planning, and Medicare An-
nual Wellness Visits that could be used to enrich Medi-
care claims data.

Conclusion

The impact of disability and social determinants of health
beyond the current risk adjustment provided in CMS
condition-specific models is complex and varies by condition.
Our results suggest that a first priority may be to focus on the
inclusion of disability measures such as ADL limitations and
nursing home needs (already extensively documented in elec-
tronic medical records) as additions to comorbidities for risk
adjustment when considering the average marginal effect of
these characteristics, data collection feasibility, and complex-
ities involving accuracy and implications for adjustment of
race, income, and social support variables.
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