
Decomposing Racial and Ethnic
Disparities in the Use of Postacute
Rehabilitation Care
George M. Holmes, Janet K. Freburger, and Li-Jung E. Ku

Objective. To determine the degree to which racial and ethnic disparities in the use of
postacute rehabilitation care (PARC) are explained by observed characteristics.
Data Sources. State inpatient databases (SIDs) for 2005 and 2006 from four diverse
states were used to identify patients with stays for joint replacement, stroke, or hip frac-
ture.
Study Design. Our primary outcomes were use of institutional PARC (versus dis-
charge home) and, conditional on discharge to an institution, skilled nursing facility
(versus inpatient rehabilitation facility) care. We modified the Oaxaca–Blinder decom-
position method to account for the dichotomous outcome and multilevel nature of the
data.
Data Collection/Extraction Methods. Discharges from the four SIDs were
included if the principal diagnosis (stroke, hip fracture) or procedure (joint replace-
ment) was in the sample inclusion criteria.
Principal Findings. Observed characteristics explained roughly half of the unad-
justed differences in use of institutional PARC. Patient-level factors (clinical, age) were
more explanatory of disparities in institutional PARC use, while hospital-level factors
were more explanatory of skilled nursing facility versus inpatient rehabilitation facility
care.
Conclusions. Adjustment for characteristics influencing PARC use both mitigated
and exacerbated racial/ethnic disparities in use. The degree to which the characteristics
explained the disparity varied across conditions and outcomes.
Key Words. Modeling, multilevel, geographic/spatial factors/small area
variations, racial/ethnic differences in health and health care, rehabilitation services

Postacute rehabilitation care (PARC) is provided by physical therapists, occu-
pational therapists, speech therapists, and/or other rehabilitation profession-
als to individuals with functional impairments. The primary goals of PARC
are to maximize an individual’s functional abilities, minimize recovery
time, and, if possible, return the individual to the community in his or her
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premorbid state. PARC is typically delivered in one or more of the following
settings: skilled nursing facility (SNF), inpatient rehabilitation facility (IRF),
home, and outpatient setting. The amount and intensity of therapy varies
among the different settings with patients admitted to an IRF receiving the
most intensive care and those being seen at home or in the outpatient setting
receiving the least intensive.

Current evidence generally supports the effectiveness of PARC for
stroke, lower extremity joint replacement, and hip fracture, the three most
common conditions requiring PARC (Ottenbacher et al. 2004; Buntin et al.
2005). A majority of individuals who are hospitalized for these conditions will
use some type of PARC (Kane, Lin, and Blewett 2002). PARC use for these
conditions is also expected to increase dramatically over the next few decades
with the aging population.

Evidence on racial and ethnic disparities in the use of PARC is mixed.
Some studies have found that racial and ethnic minorities tend to receive “less
intensive” PARC. In general, there is greater evidence for Hispanics using less
intensive PARC than non-Hispanic whites (Ottenbacher et al. 2003; Ganesan
et al. 2005) than for differences between African Americans and whites (Kind
et al. 2010; Schwamm et al. 2010). Some studies have found more intensive
use by racial and ethnic minorities (Buntin 2007) with the strongest disparity
being with African Americans receiving more intensive care (Harada et al.
2000; Onukwugha and Mullins 2007; Feng, Nietert, and Adams 2009; Sandel
et al. 2009; Schwamm et al. 2010). Other studies have found no racial or eth-
nic disparities in use of PARC (Horner et al. 2003; Bhandari et al. 2005;
Gregory et al. 2006). The differences in conditions receiving PARC, the wide
variety of covariates and outcomes examined, and differences in study
designs, analytical methods, and populations have led to a very mixed picture
of racial disparities in the use of PARC. Changes in payment policies for
PARC may also explain some differences in findings, as many studies were
conducted prior to the implementation of prospective payment systems in all
PARC settings. A better and more current understanding of racial disparities
in PARC use and the possible explanations for these disparities are needed,
particularly considering that minorities often begin PARC in poorer health
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than nonminority patients (Centers for Disease Control and Prevention
[CDC] (2005); Feng, Nietert, and Adams 2009; Nwachukwu et al. 2010; Ster-
ling 2011).

Although there are many potential statistical approaches to health dis-
parities research—Cook et al. (2009) discuss several—one common approach
is to include a race/ethnicity indicator in a regression. If the indicator is signifi-
cant, then the analyst concludes there is a race-specific effect on the outcome
that cannot be explained by the included covariates. Although the identifica-
tion of “unexplained” disparities is important, this approach does not easily
characterize the proportion of the variation in utilization rates that can be
explained by the covariates. The relative contribution of specific characteris-
tics as well as the proportion unexplained provides a more in-depth under-
standing of disparities that can guide future policy and practice. For example,
is there variation due to the difference in “type” of hospitals in which whites
and blacks receive their care? Or is there variation due to otherwise unex-
plainable geographic patterns?

The goal of the present study was to determine the extent to which racial
and ethnic differences in the use of PARC can be explained by observed dif-
ferences in characteristics (i.e., sociodemographics, clinical characteristics,
hospital characteristics, community resources, and geography). This inquiry
extends the existing literature by considering larger, more representative pop-
ulations; decomposing the racial and ethnic differences into “explained” and
“unexplained” elements; comparing multiple conditions and outcomes; and
examining data after PPS implementation in all PARC settings. We depart
from the works by Blinder (1973) and Oaxaca (1973) and subsequent exten-
sions and apply the decomposition approach to a mixed logistic model.

METHODS

Data

We examined 2 years of population-based, hospital discharge data (2005 and
2006) from short-term, acute care hospitals in four demographically and geo-
graphically diverse states (AZ, FL, NJ, WI) using the state inpatient databases
(SIDs) sponsored by the Agency for Healthcare Research and Quality.
Patients were selected based on primary ICD-9-CM diagnosis or procedure
codes. Because community and hospital factors affect PARC utilization, we
merged discharge data with hospital, ZIP code, and county data.
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Hospital characteristics were obtained from the American Hospital
Association’s Annual Survey Database (2006) and the CMS Provider of Ser-
vices Files and Hospital Cost Reports. We used the 2006 Demographic
Update of the Census 2000 data, conducted annually by Claritas, to obtain
ZIP code-level data on household income and the 2006 Area Resource
File to obtain county-level measures of PARC supply based on patient res-
idence.

Samples

We limited our samples to individuals 45 years and older who survived their
inpatient stay and were not transferred to another short-term acute care hospi-
tal, hospice, or other non-PARC facility. Because we only considered dispari-
ties between whites and blacks and whites and Hispanics, races and ethnicities
other than these were omitted. The final samples for “Institution versus home”
analyses consisted of N = 164,875 (joint replacement), 187,188 (stroke), and
71,481 (hip fracture).

Dependent Variables or Outcomes

Our primary outcomes of interest were use of institutional care (versus dis-
charge home) and, conditional on institutional discharge, use of SNF care
(versus IRF care).

Independent or Explanatory Variables

In addition to race, explanatory variables included demographic characteristics:
age, sex, insurance (Medicare/private, Medicaid, or Uninsured), income
(median household income by quartiles); clinical characteristics: condition-spe-
cific measures (e.g., hemorrhagic versus ischemic stroke), Elixhauser’s comor-
bidities, APR-DRG (Averill 2003) severity and mortality measures,
emergency department admission, length of stay; hospital characteristics: proce-
dure or diagnosis volume, for-profit status, medical school affiliation, RN
FTE’s/admissions, therapist FTE’s/admissions, affiliated rehabilitation hospi-
tal, SNF, or HH agency; PARC supply: number of PTs and OTs, number of
HH agencies, number of SNF beds, and number of IRFs/county population;
and geographic characteristics: metropolitan status (large metropolitan, medium
metropolitan, micro/nonmetropolitan) (Centers for Disease Control and Pre-
vention 2009) and state.

Decomposing Racial and Ethnic Disparities 1161



Decomposition Approach

The Blinder–Oaxaca approach was originally developed to address wage dis-
crimination. It disaggregates the unadjusted difference into (1) a portion that
can be “explained” by observed characteristics and (2) the residual difference
that cannot be explained by differences in observed characteristics. One
approach is to perform a regression for each subgroup (here B for black andW
for white), store the estimated coefficients, and substitute the means for each
variable. Specifically, the difference between the mean dependent variable for
whites and blacks can be decomposed as

�YW � �YB ¼ �XW bW � �XBbB ¼ ð �XW � �XBÞbW þ �XBðbW � bBÞ ð1Þ
The final term is the sum of (1) the difference in outcomes due to

between-group differences in covariates and (2) the difference in outcomes
due to differences in the regression parameters. Typically, the difference is
expressed as a percent of the unadjusted difference. The percent “explained”
is sensitive to the choice of which coefficient vector (B or W ) is used; various
methods have been proposed to address this and other issues (Daymont and
Andrisani 1984).

To determine the relative contributions of observed characteristics on
disparities in PARC use, we “decompose” the differences in unadjusted rates
into portions that are “explained” by observed characteristics and the “unex-
plained” portion. Our baseline model, with the probability of outcome Y as a
function of the race/ethnicity of the subject (RACE), a set of individual charac-
teristics (X ), area (i.e., supply and geographic) (W ), hospital (Z ) characteris-
tics, and random hospital-specific intercept (u_h), is

PrðY Þ ¼ f ðRACEaþ X bþW cþ Zdþ u hÞ ð2Þ
where u_h is assumed to be distributed normally. We estimated this mixed
model using Stata’s xtmelogit command.

Although the Blinder–Oaxaca decomposition method has been applied
in numerous analyses of health care disparities, we were unable to identify any
previous research applying decomposition techniques to a binary outcome in
a mixed model framework. As a point of departure, we used Fairlie (Fairlie
2005), who extended the Oaxaca decomposition framework to binary depen-
dent variables (StewartWilliams 2009). The approach is similar to Oaxaca but
addresses the nonlinearities inherent in extensions of the linear model.

Supporting Information Appendix SA2 contains the algorithm for our
approach; what follows here is a brief description. The Fairlie approach
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involves estimation of a pooled regression model. Predicted probabilities are
calculated ignoring the race coefficient (i.e., the predicted probabilities assume
everyone is white) to isolate the contribution of the differences in covariate
values. Thus, the difference in the mean probabilities is the difference due to
the covariate values, not to the effect of race per se. Then, the smaller of the
two groups (e.g., black) in comparison is “matched” with a random subset of
the larger group (e.g., white) where the matching is performed using within-
race percentiles of the predicted probability.

With matched samples in hand, variable values for members of the con-
trol group (e.g., white) are sequentially replaced with values from the compari-
son group. As each variable is replaced, the average change in probability is
calculated due to the control group receiving the comparison group’s charac-
teristics. Formally, the estimated difference in rates explained by a given char-
acteristic xj is defined as (3)

DðxjÞ ¼ 1
Nb

X
i

�
Pr

�
xbj bj þ

X
k 6¼j

ðxwk bkÞÞ � Prðxwj bj þ
X
k 6¼j

ðxwk bkÞ
��

ð3Þ

where xb is the value of xj for the black individual matched to the given white
individual.

One key aspect of the sequential replacement procedure is that the order
in which the variables are “allocated” to the control group can affect the esti-
mated probability differences (Cook et al. 2009). Likewise, the specific sample
of “control” observations affects the calculations. Fairlie proposes bootstrap-
ping the calculations by performing many replications, selecting new random
control samples and altering the order in which the variables are “allocated”
to the control sample.

Although not specifically discussed in his paper, another issue is the sam-
pling variance of the estimates from the underlying logistic regression. With-
out accounting for the variance of the regression estimates, the decomposition
calculations ignore the variance in the decomposition effects due to the impre-
cision of the underlying regression. In the context of the original work, this
imposes minimal cost, as modern computer programs can trivially re-estimate
logistic regressions at each replication.

In our case, however, the large sample size, combined with the more
intensive estimation procedures inherent in logistic mixed models, means that
re-estimating the mixed logistic regression for each replication is time-inten-
sive. To address this issue, we estimate the mixed model once—on the original
study sample—but perform parametric bootstraps at each replication yielding
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a distribution of parameter estimates equal to the distribution implied by the
underlying results. With these new “perturbed” estimates in hand, the proce-
dure proceeds as outlined above—predicted probabilities are calculated, the
samples are sorted and matched, etc. At each replication, the estimated
decomposition effects are stored, allowing estimates of individual variables
and functions of the estimated effects. For example, we may be interested in
the aggregated effect of all clinical characteristics.

The departure from Fairlie continues due to the inclusion of random
effects in our model. Jacobson, Robinson, and Bluthenthal (2007) outline a
mixed model with a continuous dependent variable, but their approach does
not translate well into our nonlinear framework. Instead, just like the “slope”
parameters, we estimate the hospital-specific random intercepts and consider
those another observed variable to contribute to the decomposition. Stata’s
xtmelogit allows estimation of these effects, and their standard errors, and
therefore parametric bootstrapping can simulate the distribution of these hos-
pital-specific intercepts as well.1 Our final analysis comprised one estimation
for each condition-race-outcome triple, or 3 conditions * 2 outcomes * 2 race/
ethnicities = 12 models. Statistical significance is based on percentiles of the
bootstrapped values.

We compare our results with two alternative specifications—specifically
(1) a Fairlie logistic regression model ignoring the imprecision of the underly-
ing regression estimates and (2) a Fairlie model that includes the sampling var-
iance. Neither incorporates the hospital-level unobserved intercept.

RESULTS

Table 1 presents the rates of PARC use: institution (versus home) and SNF
(versus IRF) care by race/ethnicity and condition. P-values (chi-square analy-
ses) for differences in discharge by race/ethnicity are also presented. Average
age and percent with a length of stay of more than 6 days are presented to
illustrate differences in the populations; a complete list of summary statistics is
available from the authors.

Institutional care varies considerably across the conditions, with 45.63
percent of joint replacement patients, 28.12 percent of stroke patients, and
86.05 percent of hip fracture patients receiving institutional care. Interest-
ingly, there is no clear pattern across conditions in institutional care by race/
ethnicity. Although whites are the least likely to receive institutional care for
joint replacement, they are the most likely group for hip fracture. For stroke,
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African Americans are the most likely followed by whites and then Hispanics.
For all three conditions, African Americans are more likely to receive institu-
tional care than Hispanics. Whites are generally more likely to receive SNF
versus IRF care, although there is no difference between whites and blacks
with hip fracture.

The differences in utilization patterns may be caused by factors other
than race/ethnicity per se. Table 1 also includes sample means for selected
variables that may influence PARC use. For example, white patients in the
sample tend to be older and appear to have less severe conditions (e.g., shorter
length of stay). Adjustment for these factors may alter the disparity magnitude.

For illustration, Table 2 presents the results of the mixed effects logistic
model for institutional PARC for joint replacement patients (white and black
only). Covariates include a race indicator and other covariates hypothesized
to influence utilization. Regression coefficients are presented as odds ratios,
and the variation in the hospital-specific random intercept is presented as a
median odds ratio (MOR) (Larsen and Merlo 2005). Larger MORs indicate
greater variance in the random hospital-specific intercepts. For simplicity,
coefficient estimates for some variables, such as comorbidities and hospital
characteristics, are not shown.

Table 1: Rates of PARC Use: Institution versus Home and SNF versus IRF
Care, by Race/Ethnicity and Condition

White African American Hispanic Total

Joint replacement (N = 164,875)
% Institutional care (versus home) 44.48 60.68 52.98 45.63
% SNF care (versus IRF) 65.65 59.63* 57.65* 64.88
Mean age 68.4 63.8 66.3 68.1
Percent with acute LOS>6 4.9% 9.4% 7.8% 5.3%

Stroke (N = 187,188)
% Institutional care (versus home) 27.93 33.37 23.20 28.12
% SNF care (versus IRF) 69.69 67.84 62.54 68.94
Mean age 73.7 67.1 70.3 72.6
Percent with acute LOS>6 16.5% 27.4% 23.6% 18.4%

Hip fracture (N = 71,481)
% Institutional care (versus home) 86.84 81.00 76.72 86.05
% SNF care (versus IRF) 80.18* 81.87* 72.28 79.84
Mean age 80.4 75.2 78.4 80.1
Percent with acute LOS>6 29.4% 41.7% 40.2% 30.4%

Note. All variables are statistically significant (1%) between race/ethnicities except for those
marked.
*African American/Hispanic use of SNF versus IRF for joint replacement and white/African
American use of SNF versus IRF for hip fracture.
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Table 2: Black–White Decomposition for Institution, Joint Replacement

Mixed Logistic Decomposition Estimates

OR CI
Absolute

Difference, %
Relative

Proportion, %

Black 1.59† 1.49, 1.69 N/A
Female 2.03† 1.98, 2.08 1.32 8.14
Age/10 2.44† 2.41, 2.48 �6.17 �38.14
Socioeconomic factors (sum) 1.13 6.99

Uninsured 0.35† 0.29, 0.42 �0.13
Medicaid 1.58† 1.41, 1.77 0.31
Medicare/private 1.00
income: lowest quartile 1.33† 1.27, 1.40 1.28

Income: 2nd lowest quartile 1.21† 1.16, 1.26 �0.12
Income: 3rd lowest quartile 1.11† 1.07, 1.16 �0.21
Income: highest quartile 1.00

Geographic factors (sum) 7.72 47.67
Largemetro 1.26† 1.17, 1.37 0.80
Mediummetro 1.05 0.98, 1.13 �0.09
Small metro 1.00
State: AZ 1.14 0.78, 1.66 �0.22
State: FL 2.18† 1.60, 2.97 1.22
State: NJ 15.29† 10.83, 21.59 6.01
State:WI 1.00

Hospital characteristics‡ (sum) 1.52 9.37
PARC supply (sum) 0.37 2.29
PTandOT/county
population

1.02† 1.01, 1.02 0.10

Home health/county pop 1.00 0.99, 1.01 0.00
SNF beds/county elderly 1.05† 1.03, 1.07 0.27
IRFs in county 1.00 1.00, 1.01 0.00

Clinical factors§ (sum) 1.59 9.83
Hospital-specific
intercept

2.27† 2.13, 2.43 1.53 9.43

Total explained 9.00 9.00 55.58
Unexplained 7.19 7.19 44.42
Total difference¶ 16.19 16.19 100.00

†Statistically different from 1 at 1%.
‡“Hospital characteristics (sum)” is the aggregation of all hospital-level variables: PTs per admis-
sion, OTs per admission, annual number of joint replacement procedures, and indicators for
whether hospital was a teaching hospital, was a for-profit hospital, had a hospital-based rehab unit,
had a SNF, and had a home health agency.
§“Clinical factors (sum)” is the aggregation of all clinical variables: indicators for a revision, knee
(versus hip), severity level, routine/elective (versus emergent), length of stay (4–6 days, >6), and
comorbidities.
¶Difference between unadjusted black and white rates of institutional use.
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Consistent with the unadjusted results, blacks have a higher odds of insti-
tutional use. Other factors known to be associated with institutional use, such
as female and older age, have the expected signs. The right panel of Table 2
presents the decomposition results, in both absolute (difference in utilization
rates) and relative (proportion of the unadjusted difference explained by the
characteristics) terms. The final row presents the differences in the unadjusted
rate of institutional use between blacks and whites (60.68–44.48 from
Table 1).

The absolute difference is interpreted as the change in the average prob-
ability of institutional use among whites if they had the same covariates as
blacks. For example, because blacks were more likely to be female in the data
(71 versus 59 percent) and females were more likely to receive institutional
care (OR of 2.03 in Table 2), if whites had a similar gender distribution as
blacks, the average probability of institutional use would increase by 1.32 per-
centage points. This increase represents a change equal to 8.14 percent (rela-
tive difference) of the difference in unadjusted utilization rates between blacks
and whites. In other words, after adjusting for gender, the black–white dispar-
ity in institutional use decreases.

Institution versus Home

Table 3 presents the estimated decomposition effects (absolute differences)
along with 95 percent bootstrapped confidence intervals for the institution
versus home outcome. The top portion of the table contains the estimated
absolute decomposition effects. The row “total explained” is the sum of the
effects, and “total difference” refers to the unadjusted difference. The second
portion of the table presents the observed rates for the racial/ethnic minority,
the predicted rates for whites based on the distribution of the covariates of the
minority group, and the observed rate for whites. The difference between the
“predicted rate” and the “observed white” is the explained difference; the dif-
ference between the “observed minority” and the “predicted rate” is the unex-
plained difference. Finally, the relative percent of unadjusted disparity
explained and unexplained is presented.

For all six models, the clinical effect is statistically significant. Although
it only explains 5 percent of the white-Hispanic disparity (0.004/0.085) and 10
percent of the white–black disparity (0.016/0.162) for joint replacement, it
explains much more of the disparity for stroke and hip fracture, particularly in
regard to the white–black disparity. Age is another important contributor to
the racial/ethnic differences seen in all models, allocating the ages of blacks or
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Hispanics to whites lowers the probability of institutional use. In some models
where whites have a lower observed rate of institutional use (e.g., joint replace-
ment), this adjustment exacerbates the difference. Although often statistically
significant, differences in gender explain 1.3 percentage points or less of the
white-minority disparities. These effects are also small on a relative basis, less
than 10 percent of the total difference in unadjusted rates. Geography (state
and metropolitan status) is an important explanatory factor in the joint
replacement models, contributing the greatest percentage change, but is less
important for stroke and hip fracture. Generally, observable acute hospital
characteristics have little effect on the disparities, but differences in the other-
wise unobserved tendency of the hospital to discharge to institution are impor-
tant; whites tend to be discharged from acute hospitals that have an otherwise
lower unobserved tendency to discharge to institution. For Hispanics, this dif-
ference is particularly important, explaining 30 percent of the relative differ-
ences for joint replacement (i.e., 0.027/0.085) and 23 and 17 percent,
respectively, for stroke and hip fracture. The supply of PARC resources in the
community and socioeconomics is statistically significant in half the models,
but relatively small in importance, explaining less than 10 percent of the differ-
ences. With the exception of the white–black model for hip fracture (68 per-
cent) and stroke (29 percent), the set of observed characteristics explains
roughly 50 percent of the difference between institutional care use by whites
and racial and ethnic minorities.

Figures 1–3 (Appendix SA3) outline the cumulative effect of these vari-
ous adjustments for the three diagnoses. The left x-axis is the unadjusted rate
of institutional use. Moving right along the x-axis, the estimated probability of
institutional use for whites changes as the characteristics of blacks (dotted line)
and Hispanics (dashed line) are allocated to whites. The joint replacement and
stroke figures demonstrate that the net effect of adjustment for the characteris-
tics narrows the unexplained racial and ethnic differences. For hip fracture,
the adjustment narrows the unexplained white-Hispanic difference, but it
widens the white-African American difference. The figures underscore the rel-
ative contributions of the various factors. For example, in the joint replace-
ment model, clinical factors make a small contribution with larger effects for
age and geography.

SNF versus IRF Care

The decomposition results show a different pattern for the SNF versus
IRF care models (Table 4). Clinical factors do not explain the disparities
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for joint replacement and stroke (although they are important for hip frac-
ture, especially for blacks). Age is significant in all models and is particu-
larly important in explaining differences in whites versus blacks rate of
SNF care use for stroke and hip fracture. Gender is significant in many
models, but it makes a relatively small contribution to differences in use
of SNF care.

Geography is significant in the white–black comparison for joint
replacement, having a large effect of 6 percentage points (although statisti-
cally significant for hip fracture, the effect size is small). The hospital ran-
dom effect is also generally large in these models, with some at 5–10
percentage points. Hospital characteristics and random effects were signifi-
cant contributors in explaining the white-Hispanic disparity in all three
models. For joint replacement, the net effect of the acute hospital (i.e.,
characteristics and random intercept) for Hispanics was to increase the
probability of SNF use by 10.9 percentage points, 36 percent of the total
unadjusted effect. Socioeconomic factors were significant in all models but
had minimal effect, with the exception of the stroke models, where its
effect was modest. PARC supply was significant in two of the six models
but only minimally explained differences.

Figures 4–6 (Appendix SA3) present the decomposition results for
SNF versus IRF care in a graphical format. Contrary to the results of insti-
tutional care (versus home), the bulk of the difference is attributable to
three factors: hospital random effects (for blacks receiving joint replace-
ment and Hispanics for all three conditions), hospital characteristics (for
Hispanics for all three conditions), and geography (for blacks receiving
joint replacement). With the exception of the white-Hispanic comparison
for stroke and white–black comparison for hip fracture, the net effect of the
adjustments is a reversal in the differences—although whites were more
likely to be discharged to SNF than the other groups in the unadjusted
results, after adjustment they are less likely. Because of these reversals,
greater than 100 percent of the unadjusted disparities for these four models
are explained. While whites were slightly less likely to be discharged to a
SNF after hip fracture, the net effect of the adjustment is a large decrease
in the likelihood of whites to use SNF care. Thus, the conclusion for the
SNF versus IRF models is that racial and ethnic minorities are more likely
(not less likely) to be discharged to SNFs and whites are more likely to
receive IRF care. With the exception of age in the white–black comparison
for stroke, clinical factors, age, gender, and PARC supply explained little
of the disparities.
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Comparison of Techniques

Table 5 presents differences in results between the presented results and two
alternative techniques: both use logistic regression (ignoring the hospital ran-
dom effect) and one does not account for the variance in the parameter esti-
mates. Results are presented for the “Institution versus Home, Joint
replacement”model. Overall, the results are largely consistent across the three
models. Notably, the addition of the sampling variance adds little to the confi-
dence intervals, likely due to the large sample in our specific application.

Comparing the multilevel decomposition with the logistic O-B model,
the conclusions for the African American sample are largely consistent.
Although the estimated decomposed effect due to clinical, for example, is 25
percent higher in the logistic model, the qualitative conclusions are identical
between the two models. Only the multilevel model allows the identification
of the role of the hospital intercept, an important element in this application,
but conclusions are similar between the twomodels.

The Hispanic population yields much different effects. First, some fac-
tors are insignificant in the logit yet significant in the multilevel (e.g., clinical
factors and PARC supply), while the converse is also true (hospital characteris-
tics). Despite having similar sample sizes (7,793 versus 7,335), the relative
comparability of the decomposition varies between the two populations.

DISCUSSION

The decomposition approach used here demonstrated a number of important
findings. First, one-quarter to two-thirds of the racial/ethnic differences in
institutional PARC use were explained by differences in observed (including
hospital-specific random intercepts) characteristics. Racial and ethnic dispari-
ties in institutional PARC use due to unexplainable factors, therefore, remain
for these conditions. For the SNF versus IRF models the explained portion
was much larger and in most instances led to a widening of the disparity. For
example, the unadjusted rate of SNF use for whites with joint replacement was
65.65 percent, higher than the rate of SNF use for blacks (59.63), suggesting
blacks are less likely to be discharged to SNF. But after adjusting for the differ-
ence in observed characteristics, the disparity is increased—blacks have an
unexplained increased tendency to use SNF care (actual 59.63 versus predicted
56.65). These findings were fairly consistent in all of the SNF-IRF models
and, in most instances, were driven by hospital factors (both observed

1172 HSR: Health Services Research 47:3, Part I (June 2012)



Ta
bl
e
5:

C
om

pa
ri
so
n
of

R
es
ul
ts
ac
ro
ss
M
et
ho

ds
fo
rI
ns
tit
ut
io
n
ve
rs
us

H
om

e,
Jo
in
tR

ep
la
ce
m
en

t

Lo
gi
t,
N
o
V-
C
O
V

Lo
gi
t,
w
ith

V-
C
O
V

M
ul
til
ev
el

B
la
ck C
lin

ic
al

0.
02

0*
(0
.0
12
,0
.0
29

)
0.
02

0*
(0
.0
12
,0
.0
29

)
0.
01
6*

(0
.0
11
,0
.0
20

)
A
ge

�0
.0
61

*
(�

0.
08

1,
�0

.0
41
)

�0
.0
61
*
(�

0.
08

1,
�0

.0
40

)
�0

.0
62

*
(�

0.
08

2,
�0

.0
42

)
G
en

de
r

0.
01
4*

(0
.0
10
,0
.0
22

)
0.
01
4*

(0
.0
10
,0
.0
22

)
0.
01
3*

(0
.0
10
,0
.0
16

)
G
eo

gr
ap

hy
0.
08

0*
(0
.0
58

,0
.1
03

)
0.
08

0*
(0
.0
58

,0
.1
02

)
0.
07
7*

(0
.0
52

,0
.1
02

)
H
os
pi
ta
l

0.
01
8*

(0
.0
14
,0
.0
27

)
0.
01
8*

(0
.0
14
,0
.0
27

)
0.
01
5*

(0
.0
06

,0
.0
25

)
H
os
pi
ta
lR

E
–

–
0.
01
5*

(0
.0
02

,0
.0
28

)
PA

R
C
su
pp

ly
0.
00

4*
(0
.0
02

,0
.0
11
)

0.
00

4*
(0
.0
02

,0
.0
11
)

0.
00

4*
(0
.0
02

,0
.0
06

)
So

ci
oe

co
no

m
ic
s

0.
01
1*

(0
.0
09

,0
.0
18
)

0.
01
1*

(0
.0
09

,0
.0
18
)

0.
01
1*

(0
.0
09

,0
.0
14
)

To
ta
l

0.
08

6*
(0
.0
80

,0
.0
92

)
0.
08

6*
(0
.0
79

,0
.0
92

)
0.
09

0*
(0
.0
78

,0
.1
03

)
H
is
pa

ni
c

C
lin

ic
al

0.
00

5
(�

0.
00

2,
0.
01
3)

0.
00

5
(�

0.
00

2,
0.
01
4)

0.
00

4*
(0
.0
00

,0
.0
09

)
A
ge

�0
.0
27

*
(�

0.
04

2,
�0

.0
14
)

�0
.0
27

*
(�

0.
04

2,
�0

.0
14
)

�0
.0
26

*
(�

0.
04

3,
�0

.0
09

)
G
en

de
r

0.
00

6*
(0
.0
02

,0
.0
14
)

0.
00

6*
(0
.0
02

,0
.0
14
)

0.
00

6*
(0
.0
02

,0
.0
10

)
G
eo

gr
ap

hy
0.
02

6*
(0
.0
09

,0
.0
45

)
0.
02

6*
(0
.0
08

,0
.0
45

)
0.
03

1*
(0
.0
06

,0
.0
56

)
H
os
pi
ta
l

0.
00

9*
(0
.0
04

,0
.0
17
)

0.
00

9*
(0
.0
04

,0
.0
17
)

0.
00

3
(�

0.
00

5,
0.
01
1)

H
os
pi
ta
lR

E
–

–
0.
02

7*
(0
.0
12
,0
.0
41

)
PA

R
C
su
pp

ly
0.
00

0
(�

0.
00
1,
0.
00

7)
0.
00

0
(�

0.
00

3,
0.
00

8)
�0

.0
05

*
(�

0.
00

9,
�0

.0
01

)
So

ci
oe

co
no

m
ic
s

0.
00

9*
(0
.0
07

,0
.0
17
)

0.
00

9*
(0
.0
06

,0
.0
17
)

0.
01
0*

(0
.0
07

,0
.0
12

)
To

ta
l

0.
02

9*
(0
.0
23

,0
.0
35

)
0.
02

9*
(0
.0
22

,0
.0
36

)
0.
05

0*
(0
.0
37

,0
.0
64

)

N
ot
e.

C
el
ls
co
nt
ai
n
m
ea
n
ab

so
lu
te

di
ffe

re
nc
es

in
pr
ob

ab
ili
ty

du
e
to

th
e
gi
ve
n
se
t
of

ch
ar
ac
te
ri
st
ic
s,
w
ith

95
pe

rc
en

t
co
nfi

de
nc
e
in
te
rv
al
.“

L
og

it-
N
o

V
-C

O
V
”
us
es

th
e
Fa

ir
lie

m
od

el
w
ith

ou
ta

cc
ou

nt
in
g
fo
r
th
e
im

pr
ec
is
io
n
in

th
e
un

de
rl
yi
ng

lo
gi
st
ic
m
od

el
,“
L
og

it-
W
ith

V
-C

O
V
”
us
es

th
e
Fa

ir
lie

m
od

el
an

d
ac
co
un

ts
fo
r
th
e
im

pr
ec
is
io
n
in

th
e
un

de
rl
yi
ng

lo
gi
st
ic

m
od

el
by

bo
ot
st
ra
pp

in
g,

an
d
M
ul
til
ev
el

is
th
e
m
od

el
sp
ec
ifi
ed

in
eq

ua
tio

n
(2
)
an

d
us
ed

th
ro
ug

ho
ut

th
e
m
an

us
cr
ip
t.

*S
ta
tis
tic

al
ly
di
ffe

re
nt

fr
om

0
at
5%

.

Decomposing Racial and Ethnic Disparities 1173



characteristics and random intercepts). This contributes to the existing litera-
ture by identifying the relative importance of various characteristics in differ-
ences in PARC use. Understanding the source of the disparities can lead to
more effective efforts to decrease them. For example, identifying the impor-
tance of the acute hospital suggests interventions targeted there may be more
fruitful than examining the role of PARC supply in the community (which had
little effect in most models). The estimated effects of geography suggest that
local/regional efforts to decrease disparities may be most useful. One limita-
tion of most decomposition research is that the source of the remaining “unex-
plained” difference cannot be identified. Such findings are, nevertheless,
important particularly if the proportion of the disparity that is unexplained is
large. The unexplained differences in our models could be due to cultural dif-
ference in preferences for care, unobserved social differences (e.g., social sup-
port enabling discharge to home), differences in condition severity not
captured by our measures, or discrimination. These factors should be consid-
ered in future research.

Second, although certain characteristics that explained the differences
may drive indicated variation in the use of PARC, the clinical justification for
other characteristics is not clear. For example, the variation due to geography
while controlling for PARC resources in the community is difficult to under-
stand. Geography—primarily resulting from metro status for hip and joint
and state for stroke (not shown)—was important in explaining racial/ethnic
differences in use of institutional care for all three conditions, and use of SNF
care for joint replacement. The source of the interstate variability is unknown
—is it legal or regulatory (such as incentives inherent in certificate of need
laws), cultural (such as the availability of informal care), market-driven (such
as reimbursement policies in the commercial insurance market), provider-dri-
ven (such as practice patterns), or something else entirely?

Third, there were general findings that tended to hold across conditions,
despite the differences in their “planned” nature and care guidelines. For
example, clinical factors, age, and geography were important characteristics
for some of the racial/ethnic differences in use of institutional PARC; hospital
random effects and/or characteristics were important in explaining some of
the racial/ethnic differences in use of SNF care. Overall, observable character-
istics tended to explain less of the racial variation in PARC use for stroke, but
the unadjusted differences were smaller as well. The source of the inter-condi-
tion variation is unknown and could reflect the differences in the nature of the
conditions (i.e., joint replacement being elective, while stroke and hip fracture
are more urgent). We generally found that adjusting for comorbidities, age,
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and gender had a small effect on the disparity among patients with joint
replacement, but larger effects for stroke or hip fracture. These findings sug-
gest that the inter-racial/ethnic variation in health among joint replacement
patients may be smaller than among stroke or hip fracture patients. Further
study on the causal pathways behind the differences across conditions would
be useful.

Finally, in contrast to our expectations, socioeconomic factors and
PARC supply were, in most cases, only modest explanations of the racial/
ethnic disparities. The Institute of Medicine definition of a racial disparity
is any difference not explained by clinical factors or patient preferences
(Smedley et al. 2003). Given that definition, PARC disparities are quite
pronounced.

Limitations of the study include the selection of specific states. New
Jersey, in particular, had a higher referral rate to institutions and IRFs than
the other three states; if New Jersey is an outlier, this may limit the general-
izability of the findings. We performed sensitivity analyses by omitting New
Jersey; results were qualitatively similar. The data contained only limited
information on functional status, which is an important determinant of
PARC; “length of stay” may be confounded by condition severity or reflect
time waiting for institutional PARC. Some variables were measured with
error (e.g., therapist supply in the hospital was standardized by admission,
not by patients with a “rehab” condition). Future work should exploit the
spatial nature of the data, specifically in the spatial autocorrelation that may
be present (although mixed logistic models with spatial autocorrelation rep-
resents a methodological frontier). Finally, our measures of PARC supply
were somewhat crude.

CONCLUSION

Adjustment for characteristics influencing PARC use both mitigated and exac-
erbated racial/ethnic disparities in use. The degree to which the characteristics
explained the disparity varied across conditions and outcomes. Generally,
patient-level factors (clinical factors and age) were more explanatory of dispar-
ities in use of institutional PARC, whereas hospital-level factors were more
explanatory of SNF versus IRF care. Geography was an important factor in
the joint replacement models for both use of institutional PARC and SNF ver-
sus IRF care. A better understanding of the sources of hospital and geographic
variation in PARC use are topics for future research.
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NOTE
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