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Abstract—This paper addresses the issue of statistical selec-
tion bias in multivariate models of functional gain estimated
from observational data. Stroke patients from 20 high-volume
Veterans Affairs Medical Centers (VAMCs) with acute and
subacute inpatient rehabilitation treatment units were observed.
Their gains in overall, motor, and cognitive functional status
were measured with the use of the Functional Independence
Measure (FIM). In estimating multivariate models of FIM gain
during rehabilitation using these observational data, we found
statistically significant evidence of selection bias, along with
considerable differences in inferences between standard muilti-
variate analyses and our selectivity-corrected models. Our
results demonstrate the importance of detecting and correcting
for statistical selection bias when one uses nonexperimental
datato study gainsin functional status.
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INTRODUCTION

Numerous observational studies have examined the
determinants of functional gain following stroke. They
have also demonstrated that a significant proportion of
improvements in functioning are determined by factors
such as the patient’s initia functional status, type of
stroke, length of stay in rehabilitation, time since onset,
and level of comorbidities [1-5]. A potential problem
with such observationa studies, however, is that stroke
patients selected for rehabilitation are not a random sam-
pleof all stroke patients. Rather, clinical judgment is used
to identify patients who are most likely to benefit from
formal rehabilitative services. Such clinical judgment
may be based on factors that are difficult to measure, such
as the patient’s cooperativeness, level of support at home,
and mativation to recover. Because such patient selection
is influenced by factors that are not measured and hence
not included in a standard statistical model, bias can be
introduced into models designed to explain functional
gain for patients selected for rehabilitation.

Under such circumstances, standard statistical tech-
niques applied to observational data on functional out-
comes for stroke patients may produce incorrect or
misleading inferences about those factors that determine
functional gain. For example, patients selected for formal
rehabilitative services may include those who are most
likely to improvein their functional status. These patients
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may improve with or without rehabilitation treatment. If
standard statistical techniques are used, the results may
overestimate the gains from rehabilitation programs. By
contrast, if patients selected for formal rehabilitation ser-
vices are those who in some unmeasured way are more
difficult to rehabilitate, standard statistical techniques
may understate the gains from rehabilitation by failing to
account for the greater challenges posed by such patients.
Randomized clinical trials avoid selection effects by ran-
domly assigning patients to treatment and control groups
before treatment. When researchers use secondary data-
bases, randomization is not feasible, and hence, they
must use other approaches to deal with potential biases
stemming from selection effects.

The primary objective of this paper isto demonstrate
the substantial impact of gatistical selection biasin eval-
uating functional gain in stroke patients when observa-
tional data are used. We do this by comparing standard
multivariate statistical analyses of functional gain to mul-
tivariate statistical analyses designed to detect and correct
for selection bias. In this comparison, we demonstrate
substantial differences in inferences between the two
approaches.

It is important to understand that the term “ selection
bias’ as used here isa purely statistical term. In this con-
text, selection bias likely results from sound clinical deci-
sions designed to target rehabilitation resources to those
patients most in need. The term “selection bias’ merely
describes the nonrandom process that generates the data
and is not a pejorative description of the quality of reha
bilitative services or the ways in which rehabilitative ser-
vices are distributed within the Veterans Affairs (VA).

It is also important to understand the population
about which we seek to make inferences. Throughout this
paper, we are seeking to model functional gain for those
patients selected for rehabilitation on inpatient rehabilita-
tion units. We are not seeking to extrapolate from the
selected population to the general stroke population. We
only study the selection process to gain insight into the
process that generated the observational data. As we
demonstrate later, accounting for the process that gener-
ated the observed data is critical in specifying a correct
statistical model of rehabilitation outcomes for patients
seen on VA inpatient rehabilitation units.

The remainder of the paper is divided into three
major sections. The “Methods’ section describes the
VA's Functional Status Outcomes Database (FSOD), a
key source of the sample for this research. This section

also discusses the Functiona Independence Measure
(FIM) used as the measure of functional status [6]. Next,
the statistical methods used to detect and correct for
selection bias are presented. The “Results’ section pre-
sents basic descriptive statistics, comparing those stroke
patients who have received inpatient rehabilitation on
acute and subacute rehabilitation units within the VA to
those stroke patients in the VA who have not received
rehabilitation on such units. Standard ordinary least
squares (OLS) estimates of amultivariate model are then
used to explore variations in the gainsin functional status
among patients admitted to inpatient rehabilitation units.
These OLS results are then compared with results
obtained after correcting for selection bias. The “Discus-
sion” section reviews these results, discusses the limita
tions of our analyses, and presents the implications of
this research for future rehabilitation research using the
observational data

METHODS

Sample

Considerable variation exists across different organi-
zations and different studies in the diagnostic definition
of stroke. In particular, different studies use different
International Classification of Disease, 9th Revision,
Clinical Maodification (ICD-9-CM) codes to specify a
diagnosis of stroke. Perhaps the most commonly used
diagnostic criterion for a stroke involves ICD-9-CM
codes 430 to 438 inclusive. Numerous studies, however,
have suggested that such a broad definition may yield a
significant overestimate of stroke incidence [7-9]. To
avoid such overcounting, we used a definition of stroke
developed by Reker et al. based on VA data and designed
to achieve high sensitivity, while limiting the degradation
of specificity [10]. Reker’'s stroke definition includes
patients who have (1) admission or discharge diagnoses
430.xx to 432.xX, 434.xX, or 436xx (2) admission or dis-
charge diagnoses V57.xx, and any secondary diagnosis
from among 342.xx, 430.xx to 438.xx or (3) admission or
discharge diagnoses 433.xx or 435.xx and any secondary
diagnoses from among 342.xx, 430.xx to 432.xx, 434.xX,
or 436.xX.

Data on al stroke patients within the VA come from
the VA's discharge abstract system, the Patient Treat-
ment File (PTF) for federal fiscal year 1998 (FY 98). We
obtained additional data for the same time period from
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the VA's FSOD, a joint database effort by the VA and
the Uniform Data System for Medical Rehabilitation
(UDSyR) [11]. Each of the VA's approximately 60 acute
and subacute rehabilitation units nationwide is required
to submit periodic functional assessments along with
common discharge abstract data elements to the FSOD.
Consequently, the FSOD contains information on all
2,000-plus patients who have undergone inpatient reha-
bilitation on VA acute and subacute rehabilitation units
annually.

Only 615 (or 12.8 percent) of 4,823 VA patients who
met our definition of stroke during FY 98 received inpa
tient rehabilitation on an acute or subacute rehabilitation
unit. Because we are interested in detecting and correct-
ing for selection bias, we limited our sample to those
facilities that had either an acute or subacute rehabilita-
tion unit. In this way, we could observe stroke patients
who had an opportunity to receive rehabilitation on a spe-
cialized inpatient rehabilitation treatment unit. We fur-
ther limited our sample by including only those facilities
that had at least 15 stroke patients discharged from their
acute or subacute rehabilitation unit during FY 98. This
was done to ensure that each unit included in our sample
had sufficient volume and expertise in rehabilitating
stroke patients. Finally, we only included patients whose
onset of stroke occurred within the past year. Because of
these edits, our final sample consisted of 2,263 stroke
patients, 439 (19.4 percent) of whom were treated on
either an acute or subacute inpatient rehabilitation unit.

Because functional assessment data are only avail-
able on patients treated on inpatient rehabilitation units,
we are unable to study functional gain in those stroke
patients who were not seen on an acute or subacute reha-
bilitation unit. We know, however, that many of these
patients had received rehabilitation services during their
stays on general inpatient medical units within VA facili-
ties. Consequently, while stroke patients found in the
FSOD are known to have received formal rehabilitation
services, those found in the PTF but not in the FSOD are
a mixture of patients—some have received formal reha-
bilitation services and some have not.

This mixture of rehabilitation and nonrehabilitation
patients would pose significant problems if we sought to
evaluate the impact of rehabilitation by comparing non-
FSOD patients to FSOD patients. However, this is not
our purpose. Rather, we seek to discover whether the pro-
cess whereby patients are chosen for rehabilitation on
inpatient rehabilitation units introduces statistical bias
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into multivariate models of functional gain estimated on
such a selected sample and designed to make inferences
about the selected population. This issue is of significant
practical importance, since we only observe FIM scores
for patientsin the FSOD.

Measures

The FIM is an 18-item, 7-level scale of independent
performance in self-care, sphincter control, transfers,
locomotion, communication, and social cognition [12].
Because scores on each item range from 1 to 7, the overall
FIM score ranges from 18 (the lowest level of function-
ing) to 126 (the highest level of functioning). In addition
to the overal FIM score, separate motor (13 items) and
cognitive (5 items) subscales are commonly examined.
The overall, motor, and cognitive FIM scales have been
validated and tested for reliability and have been exten-
sively used in observational studies of functiona status
[13-16].

Before being allowed to submit data to the FSOD,
VA clinicians are required to pass atest of mastery of the
FIM assessment tool. In addition, the data submitted to
the FSOD are subjected to technical review for compl ete-
ness, errors, and outlier values by the UDS) .

Satistical Analyses

How can we detect and control for unobserved
patient selection effects and thereby remove this potential
source of bias from our analysis? We have chosen to use
a method developed by Heckman that has gained wide
acceptance in the economics, health services research,
and program evaluation literatures [17-20]. Heckman's
method involves estimating two equations: (1) a probit
selection equation that models the selection process of
subjects and (2) a main regression equation that models
the dependent variable of interest (in our case, thegain in
FIM score during inpatient rehabilitation). The following
is an explanation of Heckman’'s model for correcting for
selection bias.

L et the regression equation of primary interest be

y=[Bx+e¢. (N

Here, y is the relevant continuous dependent variable (in
the present context, the FIM gain) and x is a column vec-
tor of independent variables. Let whether the subject
“selected” for rehabilitation on an acute or subacute reha-
bilitation unit be represented by z*, a latent continuous
variable that is greater than zero when the individual
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“selects.” Let the vector w represent the independent
variables that might influence z*. We then have

Z = yw+u. 2

We only observe the FIM gain when the patient is on an
acute or subacute rehabilitation unit. In algebraic terms,
we only observey when z* is greater than zero. The con-
ditional expectation of y given that y is observed is

E[y|yisobserved] = E[y|Z* > 0]
= E[y|u-y'w] 3
= fx+E[ejlu-y'w] .

If £and u have abivariate normal distribution with means
U and 4, standard deviations g, and gy, and correlation
p, then

Eleju>a] = u.+poAa,) . (4)
where
a, = il
UU
__#a)
Aa,) = 1-d(ay

and g is the standard normal density, and @ is the cumu-
lative standard normal distribution.

Substituting Equation (4) into Equation (3) yields
E[y|yisobserved] = B x+ pa.A(a,)

= Bx+pBA(a,) ,
where
_-y'w _ ply'w/g,)
% g, Alay) d(y'wl/oy)

The selectivity-corrected regression equation thereforeis

y|Z'>0= Bx+ BN (a,) +V. (5

The selectivity-corrected regression equation differs
from the standard regression equation by the inclusion of
A among the regressors. 3, the regression coefficient for
A, isthe product of p and o, and consequently will be the
same sign as p, the correlation between £and u.

The type of selectivity is reflected by p, since it rep-
resents the correlation between the disturbance in the
selectivity equation and the disturbance in the primary

equation. When the disturbances in the selectivity equa
tion and the primary equation are positively correlated,
those with greater likelihood of selection will have higher
y values. Similarly, those with lesser likelihood of selec-
tion will have lower y values. The situation for negatively
correlated disturbances (as evidenced by a negative 3,) is
anaogous.

Equation (5) is the correct way to model FIM gain
for patients seen on inpatient rehabilitation units. Equa-
tion (5) states that the FIM gain given selection into a
rehabilitation bed unit is dependent upon the x variables
and avariable (1) that accounts for selection. By contragt,
the OLS approach represented by Equation (1) alone
states that the unconditional FIM gain is dependent upon
the x variables aone. Clearly, Equation (5) is a richer
formulation that accounts for the process by which
patients are selected into rehabilitation bed units. Further-
more, use of OLS in place of Heckman's method is
equivalent to omitting a relevant explanatory variable (A)
from the model. Under such circumstances, the OLS esti-
mator may be biased and inconsistent.

Intuitively, one might expect that building a standard
OL S multiple regression model based on patients seen in
inpatient rehabilitation units would yield reasonable
inferences about such patients. Heckman's method points
out amajor flaw in such intuition. In particular, failure to
account for the process that generated the observed data
can lead to biased and inconsistent results even when the
population of interest is limited to the selected
population.

It isaso worthwhile to note that Heckman's method is
a generalization of the OLS estimation. In particular,
Heckman's method subsumes the OLS model as a special
case. When no selection bias is present, i.e., when p = 0,
Heckman's method reduces to the OLS model (since S, =
po. =0insuch acase). In this sense, one does not have to
choose between Heckman's method and OLS. Running
Heckman's method on the observational data tells us
whether selection bias (as defined in Heckman's approach)
is an issue. If no selection bias is present (o = 0), Heck-
man's method will produce the same regression coeffi-
cientsas OLS.

It is important to be clear about what correcting for
selection bias does and does not do. In correcting for
selection bias, we are not imputing values for functional
gain for the overal stroke population. Nor are we
attempting to extrapolate our results to the overall stroke
population based on a sample of inpatient rehabilitation
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patients. Rather, we are accounting for the way in which
the observational data were generated to make correct
inferences about the selected population (i.e., patients
seen in VA rehabilitation units).

Since the continuous z* is unobservable, we estimate
a probit equation for z that equals 1 when the individual
exhibits selection (i.e., in the context of this study, is in
the FSOD) and zero otherwise. Based on this probit
equation, we calculated A for each observation and used
it as an additional regressor in the primary regression,
where FIM gain is the dependent variable. The estimated
coefficient for A and its associated standard error provide
information on the direction and significance of any
selectivity bias.

While Heckman's original procedure estimated the
probit and main regressions sequentially, we have chosen
to estimate the two equations jointly using maximum
likelihood estimation (MLE) to improve efficiency [21].
In the results section of this paper, we compare OL S esti-
mates of the overall, motor, and cognitive FIM gain mod-
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els to the estimates from Heckman's correction for
selection bias. By examining the statistical significance,
sign, and magnitude of p (the correlation between the dis-
turbance terms in the selection and main equations), we
can assess whether selection bias exists and the nature of
its influence. Should selection bias be detected, we can
determine the consequences of selection effects in reha
bilitation by comparing the signs and significance of
coefficients across the OL S and Heckman models.

RESULTS

Descriptive Results

Table 1 presents the descriptive statistics for our
overall sample along with the statistics for the FSOD and
non-FSOD subsamples. The FSOD subsample contains
those stroke patients admitted to acute or subacute reha
bilitation units while the non-FSOD subsample contains
those stroke patients who were treated solely on regular

Table 1.
Descriptive statisticsfor VA stroke patientsin FY 98. Overall, FSOD, and non-FSOD patients.

. Overall FSOD Non-FSOD
Variables (SD) (SD) (SD)
Gain in Overall FIM _ (ﬁ-ggs) _
Gain in Motor FIM _ (13'24213) _
Gain in Cognitive FIM — (2%27) —
Admission Overall FIM — (;421.3%)7) _
Admission Motor FIM — (ig'g;) —
Admission Cognitive FIM — z(gggg) —

. 67.49 66.95 67.618
Patient Age (yr) (11.134) (10.906) (11.188)
Time Since Onset (days) — (53.45132) —
Rehab Length of Stay (days) — (i?%g) —
Rehab Length of Stay? — (1232'50) —

+ 2.02 2.3622 1.9413
Charlson Index (1927) (15015) (2.0083)
|CD-9 Code 430* 0.016 0.005 0.019
ICD-9 Code 431" 0.078 0.052 0.084
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Table 1.
Descriptive statistics for VA stroke patientsin FY 98. Overall, FSOD, and non-FSOD patients. (Continued).

Overall FSOD Non-FSOD
Variables (SD) (SD) (SD)
ICD-9 Code 4327 0.038 0.011 0.044
ICD-9 Code 433 0.032 0.027 0.033
ICD-9 Code 434" 0.576 0.629 0.564
ICD-9 Code 435 0.021 0.009 0.024
ICD-9 Code 436" 0.216 0.253 0.207
Other Stroke Diagnoses 0.023 0.014 0.025
Source of Adm. Nurs. Hm. 0.020 0.009 0.023
Source of Adm. Outpatient 0.310 0.280 0.317
Source of Adm. Hospital T 0.075 0.112 0.066
Source of Adm. Direct 0.588 0.592 0.587
Charlson Index = OF 0.230 0.134 0.253
Charlson Index =1 or 2 0.430 0.417 0.433
Charlson Index = 3 or 41 0.265 0.374 0.239
Charlson Index = 5 0.076 0.075 0.076
Married' 0.508 0.431 0.526
Divorced” 0.233 0.276 0.223
Widowed 0.128 0.139 0.126
Never Married 0.075 0.089 0.071
Separated 0.057 0.066 0.055
VAMC Augusta 0.037 0.039 0.037
VAMC Baltimore 0.070 0.084 0.066
VAMC Bay Pines 0.051 0.034 0.055
VAMC Columbia 0.044 0.036 0.046
VAMC Danvillef 0.014 0.034 0.009
VAMC Gulf Coast® 0.022 0.034 0.019
VAMC Hines 0.051 0.055 0.050
VAMC Houston 0.113 0.137 0.108
VAMC Indianapolis 0.042 0.052 0.040
VAMC Lexington 0.047 0.039 0.049
VAMC Little Rock 0.061 0.080 0.056
VAMC Minneapolis 0.041 0.052 0.038
VAMC Milwaukee' 0.026 0.048 0.020
VAMC New Mexico 0.033 0.034 0.032
VAMC Oklahoma City* 0.053 0.034 0.058
VAMC Portland 0.053 0.039 0.056
VAMC <. Louis 0.049 0.034 0.053
VAMC San Juan' 0.098 0.059 0.108
VAMC Tampa 0.042 0.041 0.042
VAMC Washington” 0.054 0.034 0.059
N 2263 439 1824

*Differences between FSOD and non-FSOD statisticaly significant at a = 0.05.
Differences between FSOD and non-FSOD statistically significant at a= 0.01.

SD = standard deviations.
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inpatient units. Stroke patients admitted to acute or sub-
acute rehabilitation units in the VA have higher levels of
comorbidities (mean Charlson index = 2.36) compared to
other VA stroke patients (mean Charlson index = 1.94).
Also, some diagnostic differences between stroke
patients admitted to VA rehabilitation units and those
treated outside such units exist. For example, while 62.9
percent of FSOD patients were in 1CD-9 code 434
(occlusion of the cerebral arteries), only 56.4 percent of
non-FSOD patients had that diagnostic code. Similarly,
25.3 percent of FSOD patients fell into ICD-9 code 436
(acute ill-defined cerebrovascular disease), while only
20.7 percent of non-FSOD patients fell into the same cat-
egory. By contrast, the FSOD contained a lower percent-
age of patients in ICD-9 codes 430 (subarachnoid
hemorrhage), 431 (intracerebral hemorrhage), and 432
(other and unspecified intracranial hemorrhage).

We also observed considerable differences in the
distribution of patients across facilities. For example,
Veterans Affairs Medical Center (VAMC) San Juan con-
tributes 5.9 percent of all FSOD patients and 10.8 percent
of non-FSOD patients, indicating the VAMC San Juan
sends a relatively small percentage of its stroke patients
to its inpatient rehabilitation unit. Also, differences in
marital status exist between the FSOD and non-FSOD
subsamples, with 52.6 percent of the non-FSOD sample
being married versus only 43.1 percent of the FSOD
sample.

Finally, we observed a difference in the sources of
admission to the hospital between FSOD and non-FSOD
patients. The FSOD had a higher percentage of patients
admitted from another hospital than did the non-FSOD.

Table 1 summarizes the differences between the
FSOD and non-FSOD samples. A possibility remains,
however, that unobservable (or imperfectly observed)
differences exist between the samples that could bias our
analyses. To address this issue, we turn to our multivari-
ate analyses, where we compare the results from standard
analyses to results corrected for selection bias.

Multivariate Results
Based on the literature, we modeled FIM gain as
dependent upon—

e Initia functiona status (as measured by the admis-
sion motor and cognitive FIM scores).

* Age.
 Time since stroke onset.
* Length of stay in rehabilitation (and its square).
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* Diagnosis (as measured by three-digit ICD-9-CM
categories).

» Comorbidities (as measured by categories of the
Charlson index).

* Facility (as measured by dummy variables represent-
ing those VA medical centers in our sample, with
VAMC Houston as the reference group).

To explore the existence and impact of selection bias, we
compared standard models of OLS to models using
Heckman'’s correction for overal, motor, and cognitive
FIM gain. For the first stage probit selection model in
Heckman's correction, we used the following variables
as regressors: patient age, diagnosis, facility, source of
admission (nursing home, outpatient, and hospital; direct
admission as the reference group), and comorbidities.
Both OLS and MLE selection (Heckman's) results are
presented in Tables 2—4.

For the selection models, we find strong statistically
significant selection effects for overall and motor FIM
gains. The correlation between the disturbances in the
first-stage probit and second-stage FIM gain regressions,
P, is—0.96 for overall FIM gain and —0.95 for motor FIM
gain. These strong negative correlations indicate that
individuals who are more likely to be in the FSOD (i.e.,
who are more likely to receive rehabilitation on inpatient
rehabilitation units) are more likely to have lower overall
and motor FIM gains. Conversely, patients who are less
likely to be treated on inpatient rehabilitation units are
more likely to have higher overall and motor FIM gains.

The negative correlation between selection into inpa-
tient rehabilitation units and the overall and motor FIM
gains suggests that acute and subacute rehabilitation units
in the VA are subject to adverse selection. In other
words, the patients being selected for acute and subacute
rehabilitation are more difficult to rehabilitate, as
reflected by their lower FIM gains. Thiswould be consis-
tent with the notion that acute and subacute rehabilitation
unitsin the VA are being used for the “tougher” patients.

Does the existence of this selection bias have impli-
cations for our multivariate models? In other words, hav-
ing detected strong selection bias, does this selection bias
change our conclusions regarding those factors that influ-
ence FIM gain? We now turn our attention to answering
these questions by comparing the results from our selec-
tivity models with standard OL S resullts.

Previous research has demonstrated that higher FIM
scores of patients upon admission to rehabilitation are associ-
ated with lower gain in FIM scores during rehabilitation [7].
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Table 2.

Regression results for gain in overall functional independence measure (FIM).

Independent Variables

Ordinary Least Squares

MLE Selection Correction

(SE) (SE)
Admission Cognitive FIM (83323%8; (882%20)
Admission Motor FIM oasls Ossa0ns
Patient Age (y1) Py (0071524)
Time Since Onset (days) _(88%?8‘21; zgg%ggg
Rehab Length of Sy (day9) ey o)
Rehab Length of Siay” Py P
1CD-9 Code 430 ~(9:298962) (100041)
ICD-9 Code 431 _(gﬁ%g%g) (ggggg%
1CD-9 Code 432 (3957256 s
1CD-9 Code 433 (376866 AT
1CD-9 Code 435 (Baur19) (7061086
1CD-9 Code 436 W 54259) L ob565)
Other Stroke Diagnoses (ggggill% 1(%1%8%*5)
VAMC Baltimore (2.854080) G
VAMC Little Rock (gﬁgg%gi) _(sé'.%;?sggzz)
VAMC Sen Juan I et
VAMC Hines (3067766 (3:304341)
VAMC Indianzpolis T e
VAMC Minnezpolis Erton o,
VAMC Milwatikee (3 248704 (@a14755)
VAMC Portland Ry e
VAMC Tampa (gﬁﬁggggg) (23%222%
B i
s s,
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Table 2.
Regression results for gain in overall functiona independence measure (FIM). (Continued).

Ordinary Least Squares

Independent Variables MLE Seection Correction

(SE) (SE)
. 8.154348 10.26314
VAMC Columbia (3.636208) (4.316598)
: 10.02327" 1.823794
VAMC Danville (4.005261) (5.421722)
3.865084 —0.77046
VAMC Gulf Coast HCS (3.958948) (5.277729)
. 6.635006 15.60998"
VAMC St. Louis (3.617581) (4.601961)
: 15.9907" 21.1286"
VAMC Bay Pines (3.660603) (4.374662)
. 12.06868" 11.02179"
VAMC New Mexico HCS (3.824153) (4.72072)
. -3.32038 5.078876
VAMC Oklahoma City (3.674273) (4.815009)
: -0.1792 10.46125"
VAMC Washington (3.758133) (4.753265)
_ 1.349956 —6.083499°
Charlson Index =1 or 2 (1.951137) (2.526383)
_ —2.400145 —14.54427"
Charlson Index =3 or 4 (2.080995) (2.904379)
3.783069 —4.189065
Charlson Index = 5 (2.914275) (3.744788)
26.3507" 67.82736"
Constant (5.883751) (8.897517)
-0.9604402"
Rho — (0.0194282)
wald x?2 — 251.03"
F statistic 5.347 -
Adj. R2 0.2576 —
N selected 439 439
N total — 2263

*Statistically significant at a = 0.05

tStatistically significant at a = 0.01

SE = standard errors

Thisis confirmed in our findingsin the sense that higher ini-
tidl motor FIM scores are associated with lower overall and
motor FIM gain. However, compared to the conventional
approach, we found a much larger absolute effect after cor-
recting for selection bias. For the overdl FIM gain, the OLS
analysis suggedted that a one-point increase in motor FIM
score of patients at admission is associated with adecreasein
expected overal FIM gain of gpproximately 0.22. By con-
trast, after correcting for selection bias, we found that a one-
point increase in motor FIM score at admission is associated
with a decrease in expected overal FIM gain of approxi-
mately 0.35, a 59 percent change from the OLS egtimate.

Similarly, after correcting for selection bias, we found that a
one-point increase in admission motor FIM score is associ-
ated with a 0.38 decrease in expected motor FIM gain. This
contragts sharply with the 0.26 decrease estimated by the
conventional OL S approach.

Previous research has also found that length of stay
in rehabilitation is positively related to overal, motor,
and cognitive FIM gains. Our results are consistent with
the literature. The coefficients for both length of stay and
length-of -stay squared were statistically significant in
both the OLS and selectivity-corrected models and sug-
gest an approximately linear relationship between overall
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Table 3.

Regression results for gain in motor functional independence measure (FIM).

Independent Variables

Ordinary L east Squares

ML E Selection Correction

(SE) (SE)

Admission Cognitive FIM (88283?13; (88%1(73471;
Admission Motor FIM fg;ég?ggg 28..8%411%*
Patient Age (yr) fgfégggg; ?33383333
Time Since Onset (days) 28822583; 28 8%%8;
Rehab Length of Stay (days) (883%18; (88&2&1&
Rehab Length of Stay? 2888838?; 28888%25;
ICD-9 Code 430 ‘%3.‘8%3535) Zg.' ;é%ggi)
ICD-9 Code 431 é _'2854032) (g:ggggg%
|CD-9 Code 432 (5;851882) %2;3%3332)
ICD-9 Code 433 (5;22223% é‘.é%éﬁ%?

ICD-9 Code 435 ;?,;E’SSSS% (gﬁgggggé)
ICD-9 Code 436 ﬁ ;332;‘35) é ééggg%
Other Stroke Diagnoses (222222% %%23%*5)
VAMC Baltimore é;iﬁ;lg) (2382353;)
VAMC Little Rock (%2;2%% 23:8333‘512)
VAMC San Juan (3;232832; %gfgggg%;)
VAMC Hines (2;222%22) (gﬁggggig)
VAMC Indianapolis %;;g%g}é; %3;383;8)
VAMC Minneapolis (%%S?%T (g%gggg;
VAMC Milwaukee (2;%2233) é?g?gs)
VAMC Portland (3'_339535 (3;3322822;
VAMC Tampa é ;892332) (g.' %2222)
VAMC Augusta é‘_éﬁ%{f (52%13‘5%



Table 3.

Regression results for gain in motor functional independence measure (FIM). (Continued).
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Independent Variables

Ordinary L east Squares

MLE Selection Correction

(SE) (SE)
. 0.522747 14.151237
VAMC Lexington (3.15541) (3.778323)
: 6.164438" 8.461983"
VAMC Columbia (3.132429) (3.672306)
. 7.997694" 1.020354
VAMC Danville (3.450351) (4.598998)
3.947563 0.200641
VAMC Gulf Coast HCS (3.410454) (4.414806)
: 4.239491 11.23054"
VAMC St. Louis (3.116382) (3.862993)
, 12913397 17.442427
VAMC Bay Pines (3.153444) (3.749876)
, 9.31731" 8.832106"
VAMC New Mexico HCS (3.294335) (3.992091)
. -3.90422 1.972118
VAMC Oklahoma City (3.16522) (3.99375)
. -0.30318 8.699091"
VAMC Washington (3.237462) (4.100867)
- 0.863608 -4.822897°
Charlson Index = 1 or 2 (1.680816) (2.124423)
_ —2.668016 -12.28332"
Charlson Index = 3 or 4 (1.792683) (2.466681)
2.941754 —3.009804
Charlson Index = 5 (2.510516) (3.14776)
21.32134" 53.98579"
Constant (5.068585) (7.652042)
-0.9506704"
Rho — (0.0235457)
Wwald x? — 267.15"
F statistic 5.8100" —
Adj. R? 0.2775 —
N selected 439 439
N total — 2263
*Statistically significant at a = 0.05 TStatistically significant at a = 0.01 SE = standard errors
FIM gain and length of stay. However, correcting for the reference group (ICD-9-CM code 434) in the
selection bias had little effect on the relationship between selectivity model. The coefficients for these variables

length of stay and overall FIM gain.

Numerous patient and facility variables that were not
statistically significant in the OLS models became statis-
ticaly significant in the selectivity-corrected models:

1. In the selectivity-corrected models, we were able to

were not gatistically significant in the OLS model.

2. For the overall and motor FIM gain models, we discov-
ered statistically significant effects of comorbidities
only after correcting for selection bias. For our overall

detect differences in overall FIM gain across diagnos-
tic categories. For example, ICD-9-CM codes 432 and
433 were seen to have higher overall FIM gain than

and motor FIM gain results, higher levels of comor-
bidties were associated with lower FIM gain (refer-
ence group: Charlson index = 0).
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Table 4.

Regression results for gain in cognitive functional independence measure (FIM).

Independent Variables

Ordinary L east Squares

ML E Selection Correction

(SE) (SE)

Admission Cognitive FIM zggggggg Zggg%gg
Admission Motor FIM (8838215 (88885(732;
patient Age () (0014041 (0013867)
Time Since Onset (days) _(888(73822) _(888228%
Rehab Length of Stay (days) (ggggggg (8822322;
Rehab Length of Stay? _(8:88822% _(8:888%;;
ICD-9 Code 430 ;3;2322%% ‘(31233238)
|CD-9 Code 431 (83223223) (8222234712)
ICD-9 Code 432 (igggiég; (izgig%
ICD-9 Code 433 ((%8%2%) (33333216)
ICD-9 Code 435 (8;222382) (igggggl)
ICD-9 Code 436 (8;2%223 (82%;33)
Other Stroke Diagnoses (8%%3) (gggg;gi)
VAMC Baltimore (S;S%égé) (822@3%3)
VAMC Little Rock (8;28,2%2) (822%3?1

VAMC San Juan (33%323% (éﬁ%gg?;)
VAMC Hines (8_%222% (82%%23)
VAMC Indianapolis (3;322385)* (3:%?,?2;)
VAMC Minneapolis (ggzggig (3;12222(73;
VAMC Milwaukee (3;53‘7%;2; (3:8?82‘1‘3;
VAMC Portland (33835‘7122; (S:g%ggg;
VAMC Tampa (0.827009) (0.8064%)
VAMC Augusta (8132?22%* (333%252;



Table 4.

Regression results for gain in cognitive functional independence measure (FIM). (Continued).
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Independent Variables

Ordinary L east Squares

MLE Selection Correction

(SE) (SE)
: 25168561 2.6405797
VAMC Lexington (0.87709) (0.862831)
: 1.98991" 2.099503"
VAMC Columbia (0.870702) (0.850003)
. 2.025579" 1.495812
VAMC Dawille (0.959073) (1.023429)
-0.08248 ~0.39997
VAMC Gulf Cozst HCS (0.947983) (0.956637)
, 2.395515" 2.6689671
VAMC &. Louis (0.866242) (0.872176)
. 3.077305" 3.3514997
VAMC Bay Pines (0.876544) (0.877211)
. 27513711 2587917
VAMC New Mexico HCS (0.915706) (0.899715)
: 0.583835 0.832941
VAMC Oklahoma City (0.879817) (0.88136)
. 0.123986 0.490563
VAMC Washington (0.899897) (0.918206)
_ 0.486347 0.179628
Charlson Index =1 or 2 (0.467206) (0.515636)
_ 0.267871 0310697
Charlson Index = 3 or 4 (0.498301) (0.662550)
0.841315 0.519794
Charlson Index = 5 (0.697832) (0.726771)
5.029356" 6.667099"
Constant (1.408884) (1.890271)
—0.3774575
Rho _ (0.2584083)
wald x? — 277.79"
F statistic 7.44% —
Adj. R? 0.3396 —
N selected 439 439
N total — 2263
*Statistically significant at a = 0.05 tStatistically significant at a = 0.01 SE = standard errors
3. After other covariates were controlled, the facility ¢. VAMC San Juan had higher cognitive FIM gains.
variables in the overall, motor, and cognitive FIM The selectivity-corrected results did not support sev-

gain equations when compared to VAMC Houston,  eral statistically significant findings from the OLS mod-

the reference facility, showed that— els. In particular, the OLS results suggested that a higher

: : : initial cognitive FIM score was associated with higher

a VAMCS Baltimore, Stj Louis, and Washington had overall FIM gain. Also, the OLS results suggested that

higher overall FIM gains. increasing patient age is associated with reduced overall

b. VAMCs Portland, St. Louis, and Washington had and motor FIM gain. Neither of these findings, however,
higher motor FIM gains. appeared in the selectivity-corrected results.
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Finally, Table 5 presents the results for the first-
stage probit selection models that explain variations
in the probability of receiving services on an acute or
subacute rehabilitation unit. Because we estimated the
probit selection equation and the FIM gain eguation
using a joint maximum likelihood approach, the results
differ slightly across the overall, motor, and cognitive
FIM gain analyses. All three analyses yielded consistent
findings, however:

1. Patients in ICD-9-CM codes 430, 431, 432, 435, and
“other stroke diagnoses’ were less likely than patients
in 1ICD-9 code 434 (the reference group) to be admit-
ted to acute or subacute rehabilitation units (i.e., to
appear in the FSOD).

Table 5.

2.

3.

4,

Stroke patients admitted to a medical center from a
nursing home were less likely than direct admissions
(the reference group) to be treated on an acute or sub-
acute rehabilitation unit.

Patients who were not married (i.e., who were
divorced, widowed, never married, or separated) were
more likely than married patients to be treated on an
acute or subacute rehabilitation unit.

Patients with higher levels of comorbidities (as mea
sured by categories of the Charlson index) were more
likely to be treated on an acute or subacute rehabilita-
tion unit.

Selection regression results for inclusion in the functiond status outcomes database.

Overall FIM Gain

Motor FIM Gain Cognitive FIM Gain

Variable (SE) () (<6)
g i =
ICD-9 Code 430 ?852??23) —(8%%% _(822%2%)
ICD-9 Code 431 zgfggig% —(8%282%) —(%%igg
ICD-9 Code 432 ?82%%%%%; —(8;2836238; _(8;23312%
o s s
ICD-9 Code 435 zg_;égzgg —(g;ggé%% _(82 g;gig;;
ICD-9 Code 436 4(8%%51‘;3{;%) gzgéﬁgg) (818%3%)
Other Stroke Diagnoses _(%gmg —(82222%; —(8 gigggg
VAMC Baltimore (8:%6‘8%‘) (8%828% _(%-%%37)
VAMC Little Rock 8%%3% (8%%%8) (81%2411?133)
e i, e e
s e, a,
VAMC Indianapolis (8:2%%3 (8-257922‘218) (8%%2%
VAMC Minneapolis (8332% 8 (8 igi?%) (82%2122)
VAMC Milwaukee (8-_%%25%; (%iggifﬁ; (%gggg?)
VAMC Portland _(8'.?%84) _(82?%92) —(%i%%? )
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-gealbelcii%n regression results for inclusion in the functional status outcomes database. (Continued).
Variable Overall FIM Gain Motor FIM Gain Cognitive FIM Gain
(SE) (SE) (SE)

T pe =, i
VAMC Augusta (0187629 05000 e
VAMC Lexington _(82%825) 82%226) zgggggi%)
VAMC Columbia —(8:5983%2) —(g&;g%gn —(&igg&)
VAMC Danville (8-_%%321 (8522222; (g:ggggﬁ;
VAMC Gulf Coast HCS (8:%‘;3) (83%23% (8%22%%
G ez, e,
VAMC Bay Pines —(8-_%‘8%%7) —(8%48%82) —(8:41132%21)
VAMC New Mexico HCS (8:28%%) (8: %89%;3 (82%8%%2%
VAMC Oklahoma City _(8?2%2) —(8: ?2928) —(8%?2;81)
VAMC Washington ‘(8-_‘1‘?223;) —(%ggg%) —(8:%%%;)
Admitted from Nursing Home zg;gzgggg —(8 gg;%g —(8%2%82;
Admitted from Outpatient _(8822%2%) —(ggggégg) —(88%2;91)
Admitted from Hospital (8%)3%22% (8: égggéé) (gi?%gg;
o s s T
e 6% Sy ]
s o T 8
Sepaed (Qosei) (0101768 (0135303
Charlson Index = 1 or 2 (883&23%; (885%2?3; (8%3%23;
Charlson Index = 3 or 4 (888238623; (888?222; (gggéggg
Charlson Index > 5 Sz Qa2 o401
corsan e N [

Note: These probit models were estimated jointly with FIM gain equations with use of maximum likdihood methods. Consequently, Wald y?and sample sizes for
respective MLE selection equationsin previous tables also apply to these results.
*Statistically significant at a = 0.05
Ttatistically significant a o = 0.01
SE = standard errors
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DISCUSSION

The results just presented demonstrate the impor-
tance of detecting and correcting for selection bias when
one uses observational data, where clinical judgment and
patient preferences determine treatment patterns. We
found evidence of (1) strong selection bias in those
patients who have received rehabilitation in acute or sub-
acute rehabilitation units in the VA and (2) significant
effects of such selection bias on the results obtained from
standard OL S multiple regressions. Moreover, falure to
correct for selection bias can obscure important influ-
ences and lead to incorrect conclusions about those fac-
tors that exert a statistically significant influence on gains
in functional status. (We emphasize again that the models
presented in Tables 2 to 4 refer to those patients seen on
VA inpatient rehabilitation units. They do not represent
an attempt to extrapolate beyond this selected population
to the general stroke population.)

We should a so note that Heckman's approach to cor-
recting for selection bias is not without shortcomings.
For example, some research has shown that Heckman's
approach is senditive to departures from the assumption
of joint normality among the disturbances, although some
simulation studies have found small departures from nor-
mality to be relatively benign [22,23]. In addition, some
researchers have criticized the uncritical use of Heck-
man’s sequential selectivity approach when many selec-
tivity contexts involve the joint determination of z* and y
[24]. Finally, Heckman's approach models a simple
dichotomous selection process (in this case, treatment on
a rehabilitation unit versus no treatment on a rehabilita-
tion unit) when the actual selection process extends over
multiple levels (e.g., VA versus non-VA care, rehabilita-
tion versus no rehabilitation, rehabilitation in arehabilita
tion unit versus rehabilitation elsewhere). For our
purposes, we have chosen to use Heckman's approach
because of (1) its widespread acceptance and numerous
applications in other areas and (2) the exploratory nature
of our study of how selectivity may influence rehabilita
tion outcomes. We hope that our work will spawn the
development and application of statistica methods
designed to accommaodate the particular characteristics of
the rehabilitation environment.

Finally, it should be noted that our findings on selec-
tion bias are largely irrelevant in randomized clinical tri-
als. Only when (1) independent clinical judgment and/or
patient preferences result in a nonrandom distribution of

patients across treatment regimes, (2) the factors underly-
ing such distribution are either unmeasured or imper-
fectly measured, and (3) those factors have a significant
influence on the outcome of interest, does correcting for
selection bias become an important consideration.

CONCLUSIONS

The major conclusions of our research are asfollows:

1. Multivariate models of rehabilitation outcomes with
the use of the VA’s Functional Status Outcomes Data-
base are subject to statistical selection bias.

2. This selection bias has a major impact on the conclu-
sions derived from multivariate models of functional
gain.

3. Failure to correct for such selection bias can lead to
erroneous conclusions about—

a. Which factors influence functional gain.
b. The magnitudes of those influences.

Although this study was limited to a single database,
we believe that researchers should be cautious whenever
they use observational data to study rehabilitation out-
comes. The kinds of clinical decisions that generated the
selection bias observed in this research are likely similar
to the kinds of clinical decisions routinely made about
poststroke rehabilitation. Given our documentation of the
influence of selection bias on multivariate studies of
rehabilitation outcomes, we believe that the issue of
selection bias should be addressed in al multivariate
studies of rehabilitation outcomes where observational
data and lack of random assignment are present. Fortu-
nately, general statistical software packages such as SAS
and Stata (as well as more specialized packages such as
LIMDEP) now provide procedures that enable research-
ersto explore Heckman's method as a matter of course.
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