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Abstract

This paper develops an approach for tracking medical eligibility for the Social Security
Administration’s (SSA’s) disability programs on the basis of self-reports from an ongoing
survey. Using a structural model of the disability determination process estimated on a sample
of applicants, we make out-of-sample predictions of eligibility for nonbeneficiariesin the general
population. Thiswork is based on the 1990 panel of the Survey of Income and Program
Participation. We use aternative methods of estimating the number of people who would be
found eligibleif they applied, considering the effects of sample selection adjustments, sample
restrictions, and several methods of estimating eligibility/ineligibility from a set of continuous
probabilities. The estimates cover a wide range, suggesting the importance of addressing
methodological issues. Interms of classification rates for applicants, our preferred measure
outperforms the conventional single variable model based on the “prevented” measure.

Under our preferred estimate, we find that 4.4 million peoplel] 2.9 percent of the nonbeneficiary
population aged 18-64[1 would meet SSA’s medical criteriafor disability. Of that group, about
one-third have average earnings above the substantial gainful activity limit. Those we classify as
medically eligible are similar to allowed applicants in terms of standard measures of activity
limitations.






|. Introduction

The purpose of this paper isto develop methodological tools needed to track potential
growth in the disability programs administered by the Social Security Administration (SSA).
Specifically, we ssmulate medical eligibility for disability benefits for members of the general
population who are not receiving such benefits, using data from the 1990 Survey of Income and
Program Participation (SIPP). Employing a structural model of the disability determination
process developed in Hu and others (1997), we estimate those who would qualify under SSA’s
definition of disability, asimplemented by state Disability Determination Service (DDS)
agencies. Eligibles are estimated on the basis of their SIPP responses to questions on health,
work, activity limitations, and socioeconomic characteristics. Using that approach, we estimate
that 2.9 percent of the general population aged 18-64—4.4 million people—were medically
eligible but were not receiving disability benefits as of early 1992.

Simulations of program eligibility are undertaken routinely for social insurance and
welfare programs that are not targeted toward the disabled. For example, a projection of the
number of people old enough to take Socia Security retirement benefits—a straightforward
simulation of the nonfinancial element of eligibility—frequently provides the intellectual
backdrop for discussions of Social Security reform. In general, eligibility criteriafor many
programs such as Supplemental Security Income for the Aged (SSI/Aged) and Aid to Families

with Dependent Children (AFDC) are based on income, assets, work behavior, and demographic
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characteristics—information reliably observed in national surveys. This permits estimates of the
pool of eligibles (see, for example, Blank and Ruggles 1996), giving policymakers a means of
evaluating implications of changesin eligibility policy.

Prospects for reliable estimates of disability eligibles have always been far less
promising, for two reasons. First, medical eigibility for disability programs depends on true
health status and ability to work, neither of which is directly observablein surveys. Infact, the
survey information that is collected is, in many instances, self-evaluative and subjective.
Second, the disability determination process, which compares the applicant’ s impairment
severity and functional capacity to program standards, is also somewhat judgmental. Due to
these limitations, it is difficult to assess medical eligibility among nonapplicants with precision.
This poses a handicap for policymakers because eligibility is the primary means by which they
control the size and targeting of any public program.

The dligibility ssmulation presented in this paper builds on our prior research (Hu and
others 1997). For that work we matched SSA records on disability applications to SIPP survey
information, thus identifying survey sample members who applied for disability around the time
of the survey and establishing whether their applications were allowed or denied. Using that
sample of applicants, we estimated a statistical model of SSA’s allow/deny decision based on
survey responses on self-reported health, activity limitations, work, and socioeconomic
characteristics. In the current study we apply areestimated version of that model to
nonbeneficiaries to predict whether they would be found medically eligibleif they were to apply
for benefits. We incorporate a sample selection correction to adjust for the fact that disabled

people who choose to apply for benefits may not be a random sample of the disabled in the
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genera population. In both studies, the matching of disability records to survey data has
permitted us to frame the estimation of medical eligibility as an empirical issue. In effect, this
approach represents an effort to interpret survey self-reports on health in the light of SSA’s
evaluations of respondents’ health.

This paper makes both methodological and policy contributions. Methodologically, it
represents the first attempt to estimate medical eligibility for SSA’s disability programs using
information from arecurring, nationally representative survey in conjunction with a statistical
model of SSA’s disability determination process. The three appendicesto this report explain our
methodology in detail to facilitate its use by other analysts. Our policy contributionsinclude
estimating the size of the eligible pool and providing a brief sketch of its characteristics. That
estimate suggests the potential for additional program growth as of the time of the survey; in
addition, it will serve as a baseline for future estimates. We note, however, that the estimates are
preliminary in several respects. The remaining sections of the paper provide some background

and a discussion of methodological issues, followed by results and conclusions.

Il. Background

SSA administers two disability programs that pay cash benefits to persons unable to work
due to a serious impairment, athough the programs have distinct policy objectives. Disability
Insurance (DI) isasocial insurance program. DI benefits are paid to workers who become
disabled and who meet the work requirements of the program. Supplemental Security Income
(SSI) employs the same medical criteriaas DI, but it is a means-tested program providing cash

benefits to those disabled or aged who have income and assets below defined thresholds. In
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contrast to DI recipients, SSI beneficiaries typically have limited work experience. In recent
years the programs have experienced substantial growth: total annual expenditures for the two
programs grew from $26 billion to $68 billion between 1985 and 1997—an increase of over 150
percent in current dollars.

Recent program growth can be understood in terms of changesin eligibility criteria,
changesin incentivesto apply, and interaction effects. Research has suggested numerous factors
that may affect applications. Application decisions are strongly related to the size of program
benefits. Also, program interactions likely play arole. For example, the increasing difficulty in
obtaining private health insurance, particularly for the disabled, makes disability benefits more
valuable because beneficiaries not only receive cash benefits, but also typically become eligible
for Medicare or Medicaid. Moreover, demographic trends have an impact on the size of the
applicant pool. For example, with the aging of the general population we expect to see
deteriorating health. In addition, the decision to apply for benefitsis related to general economic
conditions and the state of the labor market, as well as to circumstances within specific
households. Much of the literature to date has focused on such aspects of the individual’s
decision to apply for benefits (Benitez-Silva and others 1999; Bound and others 1995; Halpern
and Hausman 1986; Haveman, Wolfe, and Wallich 1988; Kreider 1998; Rupp and Stapleton
1995; Stapleton and others 1994; and Y elowitz 1998). By contrast, the government’ s decision
on eligibility has received much less attention, although eligibility has not only had arolein
recent program growth but also represents a direct means of controlling the size and targeting of

the programs.



Nonethel ess, research suggests that take-up rates for SSI and DI are less than 100 percent,
as with most social insurance and assistance programs.* The resulting pool of nonparticipating
eligibles represents the potential for program growth resulting from recessions or other
contingencies that might influence the application decision. Moreover, both changesin
eigibility rules and variation in the strictness or leniency with which the rules are applied can
also affect the number of potential eligibles. Monitoring changesin the pool of eligibles ensuing
from (rea or hypothetical) trends or policy initiatives would add much to our understanding of
the disability programs. Developing the tools to monitor such changesis the rationale for this
study. In the past, such estimates had not been feasible with respect to disability programs for
the following reason: surveys represent the main source of information on the health of the
genera population, yet the relationship between survey self-reports on health and SSA’s
disability definition had not been subjected to empirical analysis. However, Hu and others
(1997) and Lahiri, Vaughan, and Wixon (1995) have recently developed and tested a sequential
model of the complex and judgmental disability determination process. That work was based on
adata set for a sample of applicants that linked self-reports from the 1990 Survey of Income and
Program Participation with administrative data on SSA’s disability determination decisions.? We
use that model to simulate the pool of persons medically eligible for SSI or DI among
nonbeneficiariesin the general population.

There are five steps in establishing the medical eligibility of disability applicants, as

! The take-up rate, also called the participation rate, is the percentage of program eligibles who take benefits.
2 A major new data collection effort by SSAL the National Study of Health and Activity (NSHA)O will also
combine self-reports with medical examinations. Advantageous features of the NSHA are noted in the conclusions.



implemented by state Disability Determination Services (DDSs). Those steps areillustrated in
Chart 1. Steps 1 through 3 are screens: the first is on earnings and the next two are medical.
Applicants are denied benefits a step 1 if they earn more than the maximum substantial gainful
activity (SGA) amount—3$500 per month during the period represented by the data (late 1991 to
early 1992). Activities are considered “substantial” if they involve significant physical or mental
activitiesand “gainful” if done for pay or profit. In step 2, impairments are assessed to
determine whether they are severe. If not, the applicant isdenied. The severity test is based on
the ability to perform common work-related activities such as walking, lifting, seeing, speaking,
and understanding simple instructions. A duration test is also used, typically at step 2. The
duration test requires that impairments have lasted or are expected to last at least 12 months or
that the impairment is expected to result in death. Applicants are allowed on therolls at step 3 if
the impairment satisfies codified clinical criteriacalled the Listings of Impairments. Applicants
not allowed at step 3 are severely impaired, but their impairments do not “meet the listings.”
Such applicants are evaluated at the last two steps of the determination process, which involve an
assessment of their residual capacity to work. At step 4, those found able to perform their past
work are denied. After step 4, remaining applicants are alowed in step 5 if they are found
unable to do any work in the economy; otherwise, they are denied. For a more detailed
description of the process, see Lahiri, Vaughan, and Wixon (1995).

Because we are focusing on medical eligibility, we ignore the first step of the process and

model the last 4 steps, which, following convention, we refer to as steps 2 through 5 of the



determination process. In this paper we simulate neither step 1, the SGA test, nor the broader
financial criteriafor the programs, although eligibility associated with these criteriawill be
estimated in subsequent work. However, a more fundamental reason for not simulating the
SGA test as an integral step in the process is the contingent event of interest to policymakers.
More specifically, one policy objective isto estimate the potential program growth resulting
from economic or household events, such as loss of ajob by the sample member or a spouse. To
do that, one must estimate the medical and financial elements of eligibility independently, to
permit estimation of the number of working disabled who would be eligibleif they lost their
jobs.

The steps of the decision process have distinct criteria. For that reason, Hu and others
(1997) modeled each step separately and then linked them sequentially, reflecting the structure of
the administrative process. Health plays an important role in steps 2 and 3, while occupational
and demographic characteristics dominate later (conditional on having passed the health
screens). Lahiri, Vaughan, and Wixon (1995) and Hu and others (1997) showed that reduced
form models that evaluate the final allow/deny decision as a single decision are not as
informative in that they downplay the role of factors that demonstrably influence decisions at
particular steps. For example, variables such as activities of daily living (ADLS), mental
conditions, age, education, and skill level were found to be major factors in the four-step

structural model but not relevant in the one-equation reduced-form model. The reason appearsto

3 “Medically eigible,” as used here, refersto eligibility under steps 2 through 5 of the sequential determination
process, even though the process also involves vocational and demographic criteriain some steps. That is, the
phrase refers to the nonfinancial elements of eligibility.



be that they are important in certain steps of the process but not in others. Following Hu and
others (1997), we use the sequential model to estimate the factors that determine medical
eligibility for the pool of applicants. We use those estimates of conditional probabilities to

simulate eligibility at each step of the determination process for the general population.

[11.  Methodology
The Disability Determination Model
Hu and others (1997) modeled steps 2 through 5 of the disability determination process

using SSA administrative records on disability determinations matched to four waves of the 1990
SIPP. They estimated effects of such factors as health conditions, job characteristics and worker
skills, district office and state agency differences, and demographic traits at each step. We use
those estimates, derived on the basis of the actual experience of applicants, to ssmulate the
eligibility status of a sample of persons representing nonbeneficiaries in the general population.*
The four decision nodes of the determination process, shown in Chart 2, result in five outcomes,
asfollows:

d» = denial at step 2 based on nonseverity of medical impairment(s),

az = alowance at step 3 based on listed impairment(s),

ds = denial at step 4 based on residual capacity for past work,

as = alowance at step 5 based on residual incapacity for any work in the economy, and

* For the period represented by the data, approximately one-quarter of all allowances were based on appeals beyond
the DDSlevel. Our analysisis based on amodel of DDS decisions, including DDS reconsiderations; that is, the
estimates we report are those implied by DDS medical standards.



ds = denial at step 5 based on residual capacity for work in the economy.
Each outcome at nodes &, I, m, and n takes avalue of one if the favorable outcome from
the standpoint of the applicant isrealized, that is, an allowance or pass on to the next step. We

model the probability of a denial at the second step as follows:

Pr(d,) = Pio=1-F(a'w,),
where Pi=o isthe probability of denial at step 2 based on alogit regression, W, is the vector of
explanatory variables, and o is the parameter vector to be estimated.

Similarly,

Pr(as)= Py = Poyy P = F(B' X)F (@' W),
where P;-1y=1 IS the probability of allowance at step 3, conditional on not being denied at step 2
(node k), X; isthe vector of explanatory variablesfor step 3, and f is the parameter vector to be
estimated for step 3.
Likewise, we represent equations for the remaining decisions as follows:

Pr(ds)= Pu-o= Pu-op=11=0 P =op=1 [Pi=1
=[1-F( vy I1-F(B x)F(a'w,),

Pr(as) = P.1= Pa-tp-11-0m-1 P m-tk-11-0 Pr-op-1 [Pr-1
=F@'z)F('Y)1-F(B X)F(a'w,),

Pr(ds )= P,-0= Pu-op-11-0m-1 Pm-tp-11-0 Pr-op=1 LPs=1
=[1-F@©' zJIF( Y, )IA-F(B X )IF(a W),



where P,,=op=1,=0 IS the probability of denial at step 4 (node m) conditional on being passed on at
step 2 and at step 3. At step 4, y isthe parameter vector to be estimated, and Y, are the
explanatory variables. At thelast step (node n), P,=1y=1,-0=1 IS the probability of allowance
conditional on not being denied at step 2, not being alowed at step 3, and not being denied at
step 4. Here, o isthe parameter vector to be estimated and Z,, are the explanatory variables.
Analogously, P,=ox=1,=0,»=1 represents the probability of adenial at the last step (node n).
Individuals can be allowed at steps 3 or 5 so that the overall allowance probability using the

conditional probabilitiesis calculated with the following formula:

Pr(a;) +Pr(ag)= P, +P,,
=F(B'X)F(@W, )+ F'Z)F(Wy'Y)1-F(B'X)F(a'Ww,).

Parameter vectors, a, S, y, and 9, are estimated sequentially over surviving subsamples
using logit regressions. Those estimates are then used to simulate the number of eligiblesin our
sample of nonbeneficiaries. Each candidate is assigned conditional probabilities for surviving
each decision node as well as an overall unconditional probability.

A number of methodological issues arise when making predictions for the general
population. For example, should we simulate eligibility for all nonbeneficiaries or only for those

who report a health problem or work limitation? How much of a difference does it make to

° Estimates at each step are conditional on having survived the previous node; therefore, using these estimates
produces conditional probabilities. To determine the overall probability of allowance, we therefore calculate the
unconditional probability from the probabilities at each step of the process. See Hu and others (1997) for details.
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assume zero probabilities for those who report no health problems? Do we have a sample
selection concern because we are simulating probabilities of allowance for nonbeneficiaries
based on estimates for a group of applicants? Once we have a conditional probability of
allowance for everyone in our sample, how do we define a cutoff so as to estimate a popul ation

of eligible individuals? These issues and others regarding the data are addressed below.

The Data and the Sample

We use datafrom waves 2, 3, 6, and 7 of the 1990 SIPP panel to develop a sample
representing nonbeneficiaries in the general population. Our sample consists of 25,525 men and
women between the ages of 18 and 64 (during wave 7 of the 1990 panel) who responded in all
four waves and for whom there is a successful match to the SSA Summary Earnings Record
(78 percent of the wave 7 core public-use file for January-April, 1992).° The wave 3 and 6
interviews include modules covering work limitations, functional status, Activities of Daily
Living/Instrumental Activities of Daily Living (ADL/IADLS), and mental and physical health
conditions.

We have administrative records on disability determinations only for applicants. To use

estimates from Hu and others (1997), we need reliable, survey-based proxies for afew

® The earnings restriction was introduced to simplify both missing data problems and simulation applications. For
example, the restriction permits us to define a sample of persons whose fully insured status and disability insured
status can be estimated based on past earnings. However, the restriction might affect the representativeness of the
remaining sample. A probit of attrition (0/1 included in our sample or not) based on unweighted sample cases
suggests that the restricted sample per se may underrepresent persons with functional limitations. To consider that
possibility, we employed a public-use weight that was adjusted to closely reproduce the corresponding public-use
file population estimates by age. The resulting distributions by detailed health, work disability, and functional status
closely agree with SIPP-based estimates published by McNeil (1993) for approximately the same period. The
weights are adjusted to represent the civilian noninstitutional population as of early 1992.
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administrative variables used as independent variablesin that study, most of which are from the
SIPP (including all of the health variables). For the remaining variables, in many cases we use
substitutes in both our reestimation of the disability determination model and our eligibility
predictions for the nonbeneficiary population. In afew cases we dropped variables. Asaresult
of these changes, our parameter estimates are dightly different from those in Lahiri, Vaughan,
and Wixon (1995) and Hu and others (1997). The details of our choice of variables and reasons
for selecting them are described in Appendix A. The parameter estimates used for the prediction
appear in Appendix B.

Should we restrict the sample to persons most likely to be found medically eligible—to a
subpopulation we consider most “at-risk”? For example, we expect that the medically eligible
will be drawn from those with some kind of health problem. We aso expect that, if our model
performs well, only persons with health problems will be estimated to be eligible, permitting us
to use the full sample to make predictions, regardless of the health status of the respondents.
However, such model performance hinges on the ability to accurately assess disability using
survey data. Unfortunately, true health status is alatent variable and survey measures do not
perfectly reflect disability under SSA’s definition. Since health is the driving force in these
models, any weakness in the health measures will have a magjor impact on the model’s
performance. More specifically, because the survey data do not measure severity as accurately
aswe might like, differencesin functional capacity between nonapplicants and alowed
applicants may be underestimated.

In light of such concerns about survey health measures, we explicitly consider how well

the model performs with respect to people with no health problems by testing alternative
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approaches. We run the ssimulation on the full sample, and then, for the sake of comparison, on a
restricted sample. Under the full-sample approach, even if a survey respondent isnot likely to be
medically eligible, we permit the model to decide. We then compare those results with estimates
for arestricted sample. Under the restricted-sample approach, a probability of zero is assigned to
those respondents who report no health problems. If the model performs well, the results under
the full sample and the restricted sample should be similar.

Under our restricted-sample approach, we limit the sample to those who report at least
one health problem, because a sample defined in that way is likely to capture potential
applicants. We then estimate eligibility among sample members with health problems. This
raises a concern about how to restrict the sample, particularly since the restriction must be based
on the imperfectly measured health variables. We choose the least restrictive criterion] having

at least one health problem reported in any of the four waves.

Correcting for Selectivity

We use a sample of applicants who have gone through the disability determination
process between 1989 and 1993 to make predictions for nonbeneficiaries in the general
population.” However, those who apply for the programs may not be a random sample of the

disabled in the population. In other words, disabled candidates may self-select into the applicant

7 See Hu and others (1997) or Lahiri, Vaughan, and Wixon (1995) for a complete description of the administrative
data used in the analysis.
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pool based on their own knowledge of the severity of their disabilities which, in turn, informs
their expectations about the outcome of the decision process.

Moreover, such self-selection may occur in ways that are unobservabl e to the anayst.
For example, applicants with severe impairments may appear similar to nonapplicants with
milder limitations based on self-reports. If that isthe case, survey data may not permit usto
observe the true range of variation in severity. Our sample of applicantsC] for reasons
unobservable in the data—would therefore be more likely to be eligible than nonapplicants with
similar observed characteristics, causing us to overestimate nonapplicant eligibles. Fortunately,
we have information from SSA administrative records that identifies applicants and permits usto
adjust for selectivity.

While severity of impairment drives both application decisions and eligibility decisions,
opportunity costs also affect applications. It would take aless severe impairment to induce
someone with lower opportunity costs to apply, but self-reported health indicators may not pick
up such differencesin severity. If so, then some groups with higher incentives to apply may do
so with less severe impairments, but the severity differentials may not be fully observable. In
fact, Hu and others (1997) find socioeconomic factors influential in step 2 of the determination
process. Moreover, step 2 isthe only step at which such socioeconomic factors are observed to
have unexpected effects. Because step 2 isamedical screen intended to filter out persons with
less severe impairments, economic factors should not influence the determination outcome at
that step, although they would affect incentives to apply. This suggests that something
unobserved that is correlated with underlying economic status is left out. Controlling for these

economic factors by linking amodel of the disability decision with amodel of the decision to
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apply—even in a preliminary way—would pick up some of the unobserved differencesin

severity.

We model step 2 of the determination process and the decision to apply simultaneously as

follows:

1 if z,>0

Zin= ,BllXil-l_ & Y = {O otherwise

1 if z,>0

2= B Xt V= {0 otherwise

(gi1:£i2) ~BVN (0,0,1.1,/\)

where z;; = the propensity to be passed on at step 2 (latent),
X;1 = factorsthat determine eligibility at step 2,
vin = observed indicator of eligibility at step 2,
zip = the propensity to apply for disability (latent),
Xz = factors explaining the decision to apply,
vi2 = Observed indicator measuring the decision to apply,

BVN = the bivariate normal distribution, and

A = the correlation between the decision to apply and eligibility at step 2.

The equations are estimated simultaneously to allow for the presence of A, making the

estimates more efficient (than atwo-step sample-selection model). Without selection we would
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observe y;; and y;, for everyone, so that the log likelihood function would consist of four sets of
probabilities for the four possible outcomes.?
In the present analysis, because there is selection, we observe y; only if y, = 1. Thelog

likelihood for the bivariate probit model with selectionis:

log L =% ., 0 ®AB, X, B, X2, A1+ (allowed applicant)
2 im0 Pol- B X, By Xi2,-Al+  (denied applicant)
2,20 Pul- B, X2, (non - applicant)

where @; isabivariate standard normal cumulative density function (CDF) and @, isa

univariate standard normal CDF. These relationships account for whether or not the respondent
applies and how that decision factorsinto the initial medical screen of the determination process.
Our model controlling for sample selection uses this bivariate probit specification for step 2 and

univariate probits for the remaining three steps.

Defining a Pool of Eligibles: Alternative Methods

Policymakers are interested not only in the size of the eligible pool but aso its
characteristics. That is, they want to know which subpopulations are targeted by current (or
proposed alternative) program criteria. We considered severa techniques for counting and

identifying eligibles, given the probability of allowance estimated for each sample member.

8 The four outcomes are: allowed applicant (y,=1, y;=1), denied applicant (y,=1, y;=0), eligible nonapplicant (y,=0,
y1=1), and ineligible nonapplicant (y,=0, y;=0).

16



One technique is to sum the weighted probabilities predicted for sample respondents.
That method gives us a count but does not assign eligibility status to each individual and, hence,
does not result in a discrete pool of eligiblesthat could be conveniently described for
policymakers.” To assign individual eligibility status, we categorize respondents as eligible or
ineligibleintwo ways. First, we use the random number generator approach recommended by
Giannarelli and Young (1992). To determine eligibility we draw a number between zero and
one from the uniform distribution for each respondent. The respondent is eligible if the random
number is less than or equal to the respondent’ s eligibility probability; otherwise, he or sheis
ineligible. The expected number and composition of eligibles yielded by this approach are
designed to approximately reproduce results obtained by summing probabilities, except that it
allows usto categorize each individual as either eligible or ineligible.

Another common approach involves using 0.5 as a cutoff, designating an individual as
eligibleif hisor her predicted probability exceeds 0.5 and otherwise designating the individual as
ineligible. In many contexts, the use of a 0.5 cutoff makes sensein that a probability of 0.5
represents the point at which an event is equally likely to occur or not occur. In the present case,
however, the distribution of probabilitiesis not centered at 0.5, so arbitrarily picking 0.5 has no
empirical basis. Instead, we use information available from the distribution of applicants
allowance probabilities to determine the cutoff. We follow other researchers (Hosmer and
Lemeshow 1989; Lemeshow and others 1988) by using a weighted average of alowance

probabilities for both allowed and denied applicants as a cutoff. Cramer (1997) evaluates effects

® Technically, if probabilities can be summed to estimate the number of eligibles, then the probabilities can also be
used as weights and the pool can be described. However, this approach is somewhat complex for routine use.
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of that approach in dealing with an unbalanced sample.® Simulations using logits on unbalanced
samples tend to underestimate those in the nondominant group. In our case, that would imply a
dlight underestimate of eligibility because there are more denied applicants than allowed
applicants. We refer to this approach as a dynamic cutoff in that the cutoff varies with model
specification and sample. Since there is no established cutoff methodology, we produce several
estimates of the medically eligible pool, alowing tests for robustness among a range of

estimates.

IV. Classification Ratesfor the® Prevented” Measure: A Benchmark

Is acomplex, multivariate approach necessary? It might be instructive to consider how
well one can estimate medical eligibility by using a single question: “Does [your] health or
condition prevent [you] from working . . .?" For lack of an empirically estimated alternative, the
response to that question is sometimes used to estimate medical eligibility (Haveman and others,
1994; Benitez-Silvaand others 1999). Intuitively, it is reasonable to expect that being
“prevented from working” might be linked to the programmatic criterion of being work disabled.
Our framework, which involves a sample of individuals for whom we know both survey
responses and application outcomes, allows us to consider the extent to which this question

permits successful classification of applicants.™

19 Unbalanced samples are those that are classified into a 0/1 category with unequal groupings. For example, in our
sample of applicants, more are denied than allowed.

1 Associated with the “prevented” measure is a problem of endogeneity] a problem that limits the useful ness of the
measure. Even if the measure classifies applicants well, it would not be useful in identifying those in the general
population who, despite serious impairments, continue to work.
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We find that only 55.6 percent of applicants are correctly classified based on the
“prevented” measure.’**® These findings suggest the limits of the single-variable “ prevented”
measure. They also serve as a caution, we think, against relying on intuition in defining medical
eligibility based on survey self-reports. We use these findings as a benchmark in evaluating our

multivariate approach.

V. Results
Correcting for Sample Selectivity

As expected, applicants report more health problems, significantly worse general health,
less education, and lower earnings than nonapplicants (see Table 1). These results support our
expectation that applicants are substantially different from nonapplicants. However, Table 1 also
illustrates that a number of survey self-reports on health may have considerable explanatory
power in distinguishing people with serious impairments. That finding alleviates some of the
concern, discussed earlier, about using survey self-reports. Nonetheless, those reports may not
reflect the full extent of differencesin severity between applicants and nonapplicants.

The results of our simulations using the alternative methodol ogies appear in Table 2.
(See Appendix B for regression estimates used in the smulation.) We compare models with and
without sample selection, using both the full sample and a restricted sample (people reporting

health problems) and alternative cutoff procedures. The estimates of eligibility range from under

12 The classification success rates were well balanced between allowed applicants (53.0 percent) and denied
applicants (57.7 percent). The prevented measure used here is from wave 7 of the 1990 SIPP panel.

3 The success rate for the broader “limited” measurel based on whether the respondent’s health or condition limits
the kind or amount of work[] was lower (48.9 percent).
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1 percent of the nonbeneficiary population to 32 percent. We consider neither of those extreme
valuesto be credible, but they do allow usto evaluate alternative methodologies. For example,
given that the mean probability of allowance for applicants falls below 0.5, a cutoff at that value
seriously underestimates eligibility (0.6 percent). The celling of 32.2 percent is high because of
the problems associated with sample selection and measurement error in health variables.
Hence, a credible range of values would be much narrower, for reasons discussed below.

When we adjust for sample selection by modeling eligibility and application behavior
simultaneously, we find a strong correlation across equations, suggesting the presence of
selectivity bias. (See Appendix B for results from thisanalysis.) 1n comparing results from
Table 2 with and without selection controls, the dramatic differences suggest that the model with
no sample-selection control is exaggerating eligibility, qualifying many people for reasons other
than health.

Even the crude adjustment for selection used here has a substantial effect on this problem
(see Charts 3 and 4, in which allowance probabilities are plotted for the full sample by health
status for the models with and without sample selection). With sample-selection, as shown in
Chart 3, both distributions are centered on 0.2, but the distribution is wider for respondents with
work limitations. Only those with work limitations would have probabilities higher than an
illustrative cutoff value of 0.4, for example. By contrast, Chart 4 demonstrates that without
sample selection the probabilities are centered near 0.4 for both groups. That result is not

surprising because we expect exaggerated probabilities without sample-selection controls.*

¥ n fact, sample selection reduced the mean observed probability from .334 to .191 for the sample as awhole.
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Moreover, in the model with no sample-selection controls, the probabilities of many sample
members both with and without work limitations would exceed cutoff valuesin the middle of the
distribution] at 0.4, for example. For such cutoff values, sample-selection controls permit usto
distinguish much more effectively between people with work limitations and those without.

Charts 5 and 6 illustrate how sample selection alters the distribution of alowance
probabilities for the restricted sample. Again we see that the model with sample selection does a
better job of identifying people with severe health limitations. More specificaly, Chart 5 shows
that a probability cutoff of 0.4 would distinguish those with work limitations and high allowance
probabilities (those most severely impaired) from those with no work limitations. And, as with
the full sample, that distinction cannot be drawn as efficiently without sample-selection (see
Chart 6).

Note that the contrasts in the distributions are not as pronounced for members of the
restricted sample (Charts 5 and 6) as for members of the full sample (Charts3and 4). That is
because there is less variation in health among members of the restricted sample. till, the
presence of awork limitation seems to be more correl ated with alowance probabilities for the
model with sample selection than for the model without. Hence, the sample-sel ection model
performs consistently well across the two samples.

Table 3 makes asimilar point about the sample selection model; specifically, it offers
evidence on how well sample-selection estimates target by health status under our preferred
specification. As discussed below, our preferred method uses sample-sel ection correction, the
dynamic cutoff, and the full sample. Using that specification, we find that sample selection

performs better in identifying those with health problems as eligible. Furthermore, when we
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correct for selectivity, the differences in the frequency of health problems between eligibles and
ineligibles are substantial .

Table 4 reports classification success rates for models with and without sample selection.
That is, it reports how well our estimation methodologies classify a group of applicants by
comparing our eligible/ineligible estimates with the allow/deny findings of the DDS agencies.
We assume the DDS findings to be correct; that is, any discrepancies are assumed to result from
errorsin our estimates. Even our most accurate methodologies misclassify about 30 percent of
applicants.

What accounts for these errors? First, the process we simulate—DDS determinations—
involves considerable scope for judgment; in fact, many determinations are eventually
overturned. Second, the survey datainvolve errors of various types. Timing discrepancies may
explain inconsistencies between survey and administrative datain some cases. Also, because
survey questions on health often call for self-evauation, two respondents with identical
symptoms may characterize their health differently. For example, a small number of disability
applicants report no health problems in the survey. In addition, little is known about the survey
responses of those with mental impairments. An advantage of our approach is that we juxtapose
the survey responses and DDS findings for a group of applicants, permitting us to analyze how to
best interpret and use the survey information. Finaly, errorsin model specification will also
contribute to observed misclassifications. For example, future improvements in selection
controls would probably improve the estimates reported here.

Asindicated in Table 4, the sample-selection models are better able to identify the

eligibility status of applicants, with overall success rates from 60 percent to 68 percent, whereas
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models without selection controls predict less accurately under most methodologies. In
particular, the sample-selection model—when used with the full sample and the dynamic
cutoff—has the highest overall classification success rate (68.4 percent).™

We see other evidence that the sample-selection model does a better job of identifying
potential eligibles when we compare results for the full and the restricted samples. If the models
are performing well in identifying persons who meet SSA’ s criteria, there should be no
significant and unexplained differences in the estimates of eligibility when using the full sample,
as opposed to the restricted sample.®® As Table 2 illustrates, that is true only for the sample-
selection model and, furthermore, only for certain cutoff methods. Without selection, the results
differ considerably under all cutoff methods. For example, using a cutoff at the weighted mean
for applicants, 24.3 percent are eligible for the full-sample model, as opposed to 10.1 percent for
the restricted-sample model. In contrast, the same estimates are 2.9 percent and 2.7 percent,

respectively, for the model with sample selection.

Cutoff Methods

Having decided to rely on the sample-selection model, which cutoff procedureis
preferable? Both theory and empirical results factor into our decision. First, thereisa
theoretical justification for the use of cutoffs because there are thresholds implicit in the decision

process at each step of the disability determination. In step 2, for example, adjudicators establish

> The classification success rate is defined as the percentage of predicted outcomes (eligible/ineligible) that agree
with actual DDS decisions (allow/deny) for applicantsin our sample.

18 The estimates from models without sample selection should be similar for the full and restricted samples if the
model does a good job of assigning eligibility probabilities. The same should be true for sample-sel ection models.
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whether the impairment is severe and at step 3 they determine whether the impairment qualifies
under a more exacting standard, the listings.

Asshown in Table 2, the use of afull or restricted sample makes a considerable
difference in the estimates, but only under some cutoff methods. Two cutoff methods that use
sampl e sel ection—summing the probabilities and the random number generator cutoff—yield
quite different results between the full and restricted samples. By contrast, the two remaining
cutoff methodsl] the dynamic cutoff and the 0.5 cutoff(J show almost no difference between
sample-selection estimates under the full and restricted samples. What accounts for these
differences in performance under alternative cutoff methods?

Our disability determination model assigns low probabilities of allowance to some
sample members, such as those with impairments of marginal severity. Low probabilities may
also be assigned to sample members who are healthy, relative to other members, but who have
key demographic characteristics. The aternative cutoff methods differ in their treatment of
sample members with low probabilities. For two methods] summing the probabilities or using
the random number cutoffJ the distribution of medical eligibles by health replicates the
distribution of the underlying probabilities. Under these two methods, some sample members
with low probabilities are estimated as eligible. But summing low probabilities for many people
can make a substantial difference in the estimates. Likewise, drawing randomly from auniform
distribution causes some respondents with low probabilities to be eli