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Abstract

This paper presents an “audit” of the multistage applicetiod appeal process that the U.S. Social
Security Administration (SSA) uses to determine eligipifior disability benefits from the Disability
Insurance (DI) and Supplemental Security Income (SSI) ranmg. We study a subset of individuals
from the Health and Retirement Study (HRS) who applied fooEBS| benefits between 1992 and 1996.
We compare the SSA's ultimate award deciszofn€. after allowing for appeals) to the applicant’s self-
reported disability status. We use these data to estimate classification error ratesy timel hypothesis
that applicants’ self-reported disability statdisnd the SSA's ultimate award decisiarafe noisy but
unbiased indicators df, a latent “true disability status” indicator. We find thatpapximately 20%

of SSI/DI applicants who are ultimately awarded benefitsratedisabled, and that 60% of applicants
who were denied benefits are disabled. Our analysis alstsjiie$ights into the patterns of self-selection
induced by varying delays and award probabilities at varleuels of the application and appeal process.
We construct an optimal statistical screening rule usinglsst of objective health indicators that the
SSA uses in making award decisions that results in significkower classification error rates than does
SSA's current award process. This suggests that there melydagper, faster, and more accurate ways to
make disability determinations than the SSA's currentlulgg award process.
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1 Introduction

This paper provides an “audit” of the multistage applicatmd appeal process that the U.S. Social Security
Administration (SSA) uses to determine eligibility for dislity benefits under the Disability Insurance (DI)
and Supplemental Security Income (SSI) programdle seek to quantify the magnitude dhssification
errors in the award process, that is, what fraction of applicant® wie awarded benefits are not really
disabled, and what fraction of applicants who are deniedtfitsnare really disabled? This is a difficult
task since it would appear to require an objective definitbftrue disability” as well as an independent,
verifiable procedure for reviewing SSA's award decisionddtermine which applicants are truly disabled.
Ever since the inception of the DI program in 1956 and theegpsnt introduction of SSIin 1974, SSA

has made disability determinations according to the sarsie bafinition of “disability”, namely

The inability to engage in any substantial gainful actii§GA) by reason of any medically
determinable physical or mental impairment, which can lpeeted to result in death, or which
has lasted, or can be expected to last, for a continuous geri@t least 12 month&.

While this appears to be a reasonably objective definitiodigdbility, in practice it is very difficult to
determine whether or not a particular individual is capalflsubstantial gainful activity. For example,
there are hundreds of objectively verifiable medical coondd, cataloged in the SSA’s “Blue Book”, that are
regarded as sufficiently severe to automatically qualifggplicant for benefits without further consideration
of their residual functional capacity, or the possibility accommodations that could enable the person
to continue working in their current job or some other lesmdeding jobs. Examples of these “listing
conditions” include blindness, multiple sclerosis, and 3MHowever, it is easy to cite examples of people
who suffer from these conditions who can, and indeed do, Warkus, even the most obvious objectively
verifiable disabling conditions do not seem to admit any abje, error-free procedure that determines
whether specific individuals suffering from these conditicare capable of working. There appears to be
intangible, difficult to measure characteristics such &ligence, maotivation, and determination that enable
certain people to work in spite of severe handicaps.

In addition to the inherent difficulties in making disahjlileterminations on a case by case basis, an

analysis of time series and state level data on SSA disahilvard rates makes it hard to escape the conclu-

1 Although the DI and SSI programs serve different target patfmns both programs use the same disability determinatio
process and the same underlying definition of disabilityl iIS& means-tested social assistance program that paystefiefit,
whereas Dl is an insurance program for workers that paysfitenelated to average earnings.

2 DI recipients can work without loss of benefits provided thair earnings do not exceed a limit known as the “SGA thresho
During the period of our study (1992-1996) the SGA threshadd $500 per month. This amount was increased to $800 onrjanua
1, 2003, and will increase in the future to keep up with théomatl average wage index.

3 Examples include economists Roberto Serrano, Walter @iCantis Taylor (who are blind) and physicist Stephen Hagkin
(who has AMS).



sion that the implementation of its definition of disabilisysubject to political and social influences that can
cause disability award rates to vary widely over time, andsgstates at a given point in time. For example,
aggregate disability award rates (the fraction of awards year divided by the number of applications in
that year) have ranged from a low of 29% in 1982 under the Reagmninistration to a high of 52% in
1998 under the Clinton Administration. It is unlikely thatese wide swings in acceptance rates are due to
changes in the characteristics of the applicant pool.

Initial disability determinations, made by state-levetdaucracies known as “Disability Determination
Services” (DDS), also vary widely across states at a givémt potime, again in a manner that is difficult to
ascribe entirely to differences in the characteristichefapplicant pool. For example, in 2000, DDS award
rates for DI applicants ranged from a high of 65% in New Hanrpsto a low of 31% in Texas, and award
rates for SSI applicants ranged from a high of 59% in New Hdninpgo a low of 27% in West Virgini4.

The variability in the implementation of the SSA's basic deion of disability over time and across
states creates additional difficulties for our evaluatibthe accuracy of the award process. We do not want
our analysis to be clouded by subjective political judgreertout whether the SSA's standards for awarding
disability benefits are “too lenient” or “too tough” at a peuiar point in time. Fortunately, it is possible to
separate the question of thecuracyof the disability award process from the question ofétiencyunder
whatever socio-political “regime” is in place at a parteupoint in time.

Our approach for estimating the classification errors inSB& disability award process is simplee
compare the SSA's award decisions to the self-reportedbifityastatus of a sample of applicants who,
we believe, have provided truthful and accurate reportsheirtdisability status. We study a subset of
individuals from the Health and Retirement Study (HRS) whplied for DI or SSI benefits between 1992
and 1996. We compare the SSA’s ultimate award dec&i@®.; after allowing for the possibility of appeal)
to the individual's self-reported disability statrfs(recorded at the closest HRS interview to the time of
application)®> The latter is a binary indicator that is set to 1 if the HRS cesfent reports that they have
an “impairment or health condition that prevents them froorking entirely”, and 0 otherwise. This is
essentially the same as the SSA's definition of disabilityaasinability to engage in substantial gainful

activity”. Although there are semantic differences betwélee SSA's definition of “disability” and the

4 The effect of political influences on disability determioas is clearly evident in the SSA's treatment of alcoholmd drug
addiction. Prior to 1996 these conditions were considesadhlid “impairments” that could enable applicants to dydior DI or
SSI benefits. However, in 1996, the law was amended to spabifiexclude drug and alcohol addiction as disabling cood,
leading to a sudden one time surge in “recovery” rates. Tblisypchange was likely due in part to political pressuresiaig from
press exposeés of disability beneficiaries who were drugctsldnd who admitted to using their disability benefits tg pnt and
engaging in larceny to support their drug habit. The policgrge may also have been prompted by the welfare reform nentem
and the prevalent attitude that “able bodied people ougivoid”.

5 The only exception is for people who applied right after aefiview at which they had reported not being disabled. I tha
case we assigned the data provided at the subsequent émieevien if this was relatively long after the applicationeda



definition implicit in our use of the self-reported disatyilguestion in the HRS interviews, we believe that
the definitional differences are of second order relativehtopotentially more serious concern that DI or
SSI applicants have an incentive to misreport (i.e., exaggethe severity of their impairments and to claim
that they are incapable of working even when they really cark

We estimate the classification error rates as follows. litecto an individual's self-reported disability
statusd and SSA's ultimate award decisianassume there exists a third, latent indicator of “true g
status"¥. Consider first the case whede= T (i.e., where we tread as representing our measure of “true
disability”). Using observations on the SSA's ultimate asvdecisiona™and the self-reported disabilit§'
for our sample of applicants from the HRS, we can estimatgatine distribution, Pf4&, oT}. The estimated
classification error rates can be computed as conditiomdgimility statements using this joint distribution.
There are two types of classification erraxgard errorsandrejection errors.The former is the conditional
probability that a person who has been awarded benefits isuiptdisabled, i.e., Rid = 0| = 1}. The
latter error is the conditional probability that an apptitavho was denied benefits is truly disabled, i.e.,
Pr{d = 1]4 = 0}. We estimate the award error to be 22% and the rejection &riue 58%’

It is possible to estimate the award and rejection erroisrefiéhout assuming that = ¥, in the more
realistic case whera andd are both noisy indicators of the latent indicator of trueatisity, T. Based on
previous empirical work (to be described in section 4), waiarthat bottaandd areunbiased indicators
of true disability statug. Under the additional assumption that the three binary gangariablest, d,
anddform a trivariate probit system with a correlation struettinat matches the correlation between the
observed random variablesandd, we can derive formulas for the classification error prolitis by a
straightforward application of Bayes Rule. Our Bayes est® of the award error rate is 21.7%, and the

rejection error rate is 59.9%, which hardly differ from theaad and rejection errors, 21.9% and 58.6%

6 The HRS definition of disability as a “health condition thaeyents a person from working entirely” is stricter in some
respects than the SSA's definition of disability. Under ti$AS definition a person could be considered disabled evemejf were
still able to work, provided that their monthly earnings diot exceed the SGA threshold. However, there are other ¢ctspe
which the HRS definition of disability is less strict than tB8A definition. A respondent in the HRS may report that they ar
unable to work entirely, but due to a temporary health probilkat is not expected to last continuously for 12 months arian
death. These individuals would not be eligible for benefitsoading the SSA's definition. Also it is not clear whetherdRS
respondent who reports that their health condition presshigm from working entirely is referring to thaiurrent jobor any job.
Under the SSA's definition a person is disabled only if they @mable to engage in substantial gainful activityany type of job,
even if this might involve retraining or relocation. A finadwce of differences betweemandd may be due to differences in
timing between when the award decision was ultimately madkvehen the individual was interviewed by the HRS. When the
self-reported disability is taken from the wave of the H&&r the person reported applying for disability benefits it isgible
that they could have recovered from their disability siree date they applied. While the timing difference and th&edéhces in
definition can be a source of some discrepancies betaesd, we believe they have only “second-order” effects and cabao
responsible for the very large discrepancies that we fintiganalysis.

7 The award and rejection errors are different from the usypeT and Type Il errors of hypothesis testing. A Type | erater
is the probability of rejectingdo, that an applicant is “truly disabled”, when it is true, je{& = 0|T = 1}, while Type Il error rate
is the probability of not rejectingly when it is false, i.e., Ré = 1|T = 0}. Our point estimates of the Type | and Il error rates of
the SSA award process are 22% and 62%, respectively.



respectively, obtained in the case where we assumel that with probability 1.

Our Bayes estimates are based on an “equicorrelation asismnfhat implies thatandd are equally
accurate signals of true disability stattisHowever, in order to assess the robustness of our connhkisio
we also compute classification error rates under the assumipiat unobservable factors affect the Social
Security award decisioa are much more highly correlated with the unobservable facaffecting true
disability statust, than are the unobservable factors affecting individusdsf-reported disability status:

This implies that the Social Security award decisias & significantly more accurate signal of true disability
than is an individual’s self-reporf. However, even in this case the classification error ratesaostantial,
and in our “best case” (for SSA) results, the award erroriseal$% and the rejection error rate is 52%.

We propose an alternative disability determination procedased on an optimal statistical screening
rule that awards disability benefits when the predicted gibdity that an applicant is truly disabled is suf-
ficiently high. We show that this statistical screening masults in significantly fewer classification errors
than the multi-stage system currently used by the SSA. Tggests that there may be cheaper, faster, and
more accurate ways of making disability determinations tthee SSA'S current award process. The SSA
has considered similar types of statistical screeningsratepart of a “disability process redesign” initiative
introduced under the Clinton administration, but its cotrgtatus is unclear. The SSA has recently imple-
mented a more limited set of changes in the award processrignatfacilitate the transition to statistical
screening rules as a replacement for initial determinalegisions by the state level DDSs.

Section 2 reviews estimates of classification error rates) fprevious studies, including SSAs own
internal audits of its disability award process. Sectior8adibes the DI and SSI programs and the disability
award process. Section 4 provides empirical evidence tinatg respondents who are given strong, credible
assurances of confidentiality provide truthful, unbiasaag “accurate” reports of their disability status.
The accuracy of self-reports are critical to our ability t@l@ate the classification errors of the disability
award process. Section 5 describes the HRS data used innthlissis and demonstrates that the self-
reported disabilityj~ constitutes an approximate “sufficient statistic” thatéxepredicts variation in a list of
“objective” health indicators than does the SSA's ultimateard decisiom.”Section 6 presents our Bayesian
analysis of the classification errors in the disability advarocess. Section 7 analyzes the sources of these
classification errors at different stages of the disab#ityard and appeal process. Section 8 describes a
computerized disability screening procedure that ougperé the multi-stage system currently used at SSA.
Section 9 summarizes various disability redesign initetithat SSA has considered over the past decade,
including the use of statistical screening rules similathi® one proposed in section 8. Section 10 offers

some conclusions and qualifications of our research findangs suggestions for further research.



2 Previous Estimates of SSDI Classification Error Rates

Our estimated classification error rates are higher thasetlstimated in previous internal and external
audits of the SSA's disability award process. Some of thésdies relied on decisions of independent
“experts” who attempted to directly measure true disabgiatust. Smith and Lilienfeld (1971) reported
the results of an internal audit of DI awards done by the S&#s Bureau of Disability Insurance (BDI).
The BDI found that 21.2% of DI awards should have been deme®a.5% of DI denials should have been
awarded. However, the objectivity of SSA's “self-auditsaynbe open to question.

In a seminal study, Nagi (1969) provided an independenteataudit of a sample of 2,454 DI cases.
Teams of five experts (consisting of a physician, psychstpgocial worker, occupational therapist, and a
vocational counselor) conducted individual home exanonatinterviews for their sample of DI applicants.
With the assistance of a moderator, the team arrived at aatislk decision about the disability status of
the applicant, without knowledge of the SSA's actual awaedislon. The results, summarized in Table 1
below, are qualitatively similar to our findings. In parti@y the implied rejection error rate, 48%, was
almost three times as large as the award error rate, 19% e@hedf experts was slightly more lenient than
SSA, concluding that 68% of applicants were disabled coetpar the SSA's award rate of 62%. However,
this difference is not large enough to explain the surpgisinmber of classification errors. Overall, the

expert team’s decisions differed from SSA's award decigioover 30% of the cases considered.

Table 1: Summary of DI Classification Errors from Nagi (1969)

Expert SSA Award Decision,  Total

Team Decision| Awarded Denied

Can Work 291 492 783
(19.3%) (52.1%)| (31.9%)

Cannot Work 1,219 452 1,671
(80.7%)  (47.9%) | (68.1%)

Total 1,510 944 2,454

(61.5%)  (38.5%) | (100.0%)

Unfortunately, to our knowledge, there are no recent studiedertaking a similar assessment of the
classification errors in the current DI award process. Thargrowth during the mid-1990s in the number
of initial DI denials overturned on appeal could be an inti@aof a rise in the classification error rates over

this period. One likely reason for this is the unprecedemied unsustainable growth rate (over 10% per



year) of awards during the early part of the 1990s, overwhmgrthe processing capacity of the DDSs. The
increase in applications also led to substantial growthérumber of appeals to the SSA's Administrative
Law Judges (ALJs). The total number of appeals grew from@#bin 1986 to about 498,000 in 1996 (U.S.
GAO 1997), increasing processing delays and creating ddgack nearly a half million cases. The GAO
study reports that the average processing time for appealees rose from about 10 months in 1994 to
over one year in 1996. These huge backlogs have naturally leoncern about the quality of evaluations,
especially in view of the high “reversal rate” (of initialmials by the DDS centers) by ALJs, as is clear from
the summary provided in Table 2. Most importantly, note that pattern is apparent across all impairment
types. The overall award rate of the ALJs, 77%, is more thacetas large as the 30% initial award rate at

the DDS level.

Table 2: Summary of DDS and ALJ Award Rates by Impairment Type

Condition DDS Award Rate| ALJ Award Rate
Physical 29% 74%
Musculoskeletal 16 75

Back cases 11 75

Other 23 76
Other physical 36 74
Mental 42 87
lliness 39 87
Retardation 54 84
All impairments 30 77

The GAO report specifically cites incomplete documentatibthe DDS centers as one of the main
reasons for denial of benefits, and one of the major factoninbethe high reversal rate by the AL9s.
However, the report also suggested that some reversals endyebto the limited medical expertise of the
ALJs, who are judges not doctors, and who consult indepémdedical experts in only 8% of cases leading
to awards. In 1997, 27% of all awards were due to successfadp to ALJs. The GAO report documents
major inconsistencies between initial disability deterations by the DDS and the ultimate decisions by the
ALJs. Nevertheless, this report provides no explicit infation on whether the appeal option increases or

reduces the award and rejection errors.

8 Specifically, the GAO states that: “In a 1994 study, SSA fotimat written explanations of critical issues at the DDS leve
were inadequate in about half of the appeal cases that tamedmplex issues. Without a clear explanation of the DD $stet
the ALJ could neither effectively consider it, nor give it amweight” (U.S. GAO 1997, p. 8).



3 The Social Security Disability Award Process

The Social Security Disability Insurance (DI) and SupplataeSecurity Income Disability Insurance (SSI)
account for increasingly large components of social instesspending in the U.S. The programs provided
benefits to nearly 12 million individuals in 2001, at a cos$66 billion for DI, and $32 billion for SSH.
Although DI and SSI have the same total number of benefisiaBer million, the DI program is nearly
twice as expensive due to the fact that the average monthheBefit, $786, is twice as large as the average
monthly SSI benefit, $385. Overall, these programs comstapproximately one-fifth of the SSA's total
annual expenditures, and 75% of its administrative budgétof the Federal Budget, and nearly 1% of U.S.
GDP.

The volume of applications combined with the complexitimglved in screening and adjudicating ap-
plications and appeals makes administration of these anogjexpensive and time consuming. For example,
in 1998, the SSA processed more than two million applicatimn DI and SSI benefits, and over 500,000
appeals, at a cost of over four billion dollars, more than &f%e SSA's total administrative costs. There
is a large bureaucracy involved in making disability detieations, including over 15,000 employees at
the SSA's 54 DDS centers and over 1,000 Administrative Laglgds (ALJs) who handle the first stage of
appeal beyond reconsiderations by the DDSs. The averagefaosning this bureaucracy is about $2,000
per application. However, SSA may have ample justificatomréinning this expensive and complicated
“monitoring technology.” According to the Social Securitylvisory Board (1998, p.1): “It is estimated
that a young, average-earning disabled worker and his yaniil receive about $285,000 over the course
of their lifetime. ... nearly one out of three young men and nearly one out of foungoawomen who are
now age 20 will become disabled before reaching age 67.

The process by which SSA makes disability determinatioagtssivhen an applicant files an initial
application for DI benefits at one of the SSA's 1,300 field efficThis application is forwarded to one of the
54 DDS centers for processing, usually in the state wherel#imant resides. The DDS makes an initial
or “first-stage” award decision according to a sequenti@-§itage screening procedure illustrated in Lahiri
et al. (1995), which we reproduce in Figure 1. This procedsigesigned to weed out inappropriate cases

quickly, so that resources can be devoted to judging difficases where the determination of physical or

9 DI was enacted in 1956 to insure covered workers, their ssund dependents against loss of earnings due to digabilit

under the strict definition of “disability” given in the imtduction. Workers over the age of 31 are disability-insufa@ey had

20 quarters of coverage during the last 40 quarters and Hydrfsured. They are fully insured if they had at least oneartgr of
coverage for each year between 1950 (or age 21, if later)lengear they reached age 62 (or became disabled, if eaBi8hwas
enacted in 1974 in part to cover gaps in coverage to people asbousewives, divorcees, and others who do not have saffici
work history to be covered under DI. The SSI program is moie ekwelfare: it is mean-tested, and average monthly benafé
only about 50% as high as DI benefits. See Benitez-Silva €1299), Apfel (1999), Bound and Burkhauser (1999), Havearad
Wolfe (2000), and the Social Security Advisory Board (1988)more detailed information about these programs.



psychological problems is less clear-cut. In 2001, the nigaea for an initial decision by the DDS was
about 90 days. Each of the five stages is handled by sepaetiligis, and this is the reason why a large
number of different people are typically involved in the D®8&ward decision for a single applicant.

Figure 1: Five Stage DDS Disability Determination Procedue
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In the first stage, the DDS determines whether or not the @pglihas engaged in substantial gainful
activity (SGA) subsequent to the claimed date of onset adhdlisy. Any applicant who is found to earn
in excess of the SGA threshold has demonstrated an abilgngage in SGA and is denied benefits at this
stage. At the second stage, the severity of the physicalyahptogical problem is assessed. Applicants
are denied if the impairment is not expected to last longan th2 months or end in death. The third
stage consists of a determination of whether the applEampairment is one of several hundred severe
impairments, in the.isting of Impairmentsn SSA's “Blue Book.” If the applicant’s impairment appears
in this list, then the applicant is automatically granteedical Allowance.Applicants who are denied a
Medical Allowance are referred to the fourth stage, at whiehDDS evaluates residual functional capacity,
in order to determine whether or not the disability prevéimesindividual from being engaged in any element

of his/her previous work. If this is found not to be the cabke, dpplicant is denied benefits. Otherwise, the
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application is passed on to the fifth and final stage where & Bvaluates the applicant’s capacity for
other work. Applicants deemed capable of engaging in anayipe of SGA receive &ocational Denial
while those found unable to do so receivéaxational Allowance.

Applicants who are awarded benefits cannot begin receivieg benefits until the end of a five-month
waiting period'® DI beneficiaries are entitled to Medicare coverage two yefies the date of successful
application, even if they are younger than 65, the normgilelity age for Medicare coverage of Old Age
insurance beneficiaries. The current average disabiligfitsis around $786 per month, approximately the
same as the poverty line in the U.S.

An applicant can appeal an initial rejection. There are thifierent appeal stages, illustrated in Figure 2.
The first level of appeal is known &econsideratioand is performed by the same DDS that made the initial
determination. An application for reconsideration musfileel within 60 days of receipt of an initial denial
notice. According to Social Security, 50% of denied applisaequest a reconsideration, and the mean time
required by the DDS to reach a decision on an SSDI reconsidenaas 69 days. The acceptance rate at the
reconsideration stage is 16%, lower than the 38% acceptatedor initial determinations. An applicant
who is denied benefits at the reconsideration stage has &0td&@xercise the option to appeal to an ALJ.
According to Social Security, approximately 86% of applisawho were denied at the reconsideration
stage decided to appeal to an ALJ. In 2001, the mean time fec&sidn from an ALJ was 308 days, and
the acceptance rate at this stage increases to 59%. Anamplitio was denied benefits by the ALJ has
60 days to file a request for consideration at the central Alsg@oard in Washington. According to Social
Security, the Appeals Board considers about 40% of all Alspatitions, including cases it reviews on its
own initiative. The mean duration for a decision from the Apls Board is 447 days and the award rate is
only 2%. An additional 22% of the cases heard by the Appeasdare remanded back to the ALJ. After
this stage the only remaining recourse is an appeal to HeOetat. These appeals involve average delays
in excess of 18 months, substantial legal fees, and an aceaptate of only 6%. It is also worth noting that
48% of the appeals to the Federal Court are remanded back f&lLthlevel.

The other Federal program providing disability benefithes $SI, a means-tested cash assistance pro-
gram enacted in 1974. Unlike the DI, there is no work requéenfor SSI benefits. However, SSI ap-
plications are evaluated according to the same process berigfits and satisfy the same basic definition
of disability. Furthermore, SSI is mean-tested with veny learnings and asset thresholds of $545 per

month and $2,000, respectively, for a single individttalAs a result of different eligibility requirements,

10 The start of waiting period is the later of (a) the date of by onset; and (b) the date the applicant first attaineshbility
insured status. It is waived if the applicant had a periodisdiility in the five years prior to the onset of the currersiadhility.
11 The asset threshold excludes home, auto, household itemia, fiots, and life insurance with face value under $1,500



the SSI program serves a different “clientele” than doesSBI program: 55% of disabled adults under
65 receiving SSI benefits are women, whereas 58% of adult 8&@dficiaries are male. In contrast to DI,
SSI recipients are not subject to the five-month waitinggeeand are immediately eligible for Medicaid
benefits. However, monthly SSI benefits are significantlyelgvaveraging only $385 per month in 2001.
Stapleton et al. (1994) show that since the late 1980s, #melsrin applications, awards, and acceptance
rates for the SSI and DI programs have been very similar. iSHisrtunate from our perspective, because

the HRS data do not allow us to distinguish between the twgrgaros.

Figure 2: Summary of SSA’'s Disability Application and Apped Process
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4 Do People Truthfully Report Their Disability Status?

Our analysis of classification errors in the SSA's award pssalepends critically on the use of self-reported

disability status. The credibility of our conclusions deden the assumption that individuals’ self-reports
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are truthful and accurate. This section provides evideapparting this hypothesis.

There is a large academic literature that questions thdiwabf self-reported disability as a measure of
“true disability” due to the presumed incentive to misrejerg one’s health status in order to “rationalize”
non-participation in the labor force (for survey resportdgnor to increase the odds of being awarded
benefits (for DI or SSI applicants). While we agree that thé &l DI applicants have an incentive to
misrepresent their health status to the SSA, we believalti@to strong guarantees of confidentiality, HRS
survey respondents had no incentive to misrepresent tleithhor disability status, and provided truthful
answers to these questiorihe HRS survey was conducted by the University of Michigarv&uResearch
Center (SRC) and not by SSA, and respondents were givergsiissurances that their identities would not
be revealed?

One piece of evidence supporting duthful reporting hypothesis the fact that among HRS respon-
dents who reported receiving DI and SSI benefits (in the irceattion of the HRS survey), 18% reported
that their health condition didot prevent them from working entirely (in the disability sectiof the sur-
vey). It is hard to reconcile these responses with the pirgaview that respondents exaggerate health
problems in order to rationalize labor force non-partitigra or receipt of disability benefits. It seems more
likely that the DI and SSI recipients felt no stigma in adingtthat their health problem did not prevent them
from working, and that they believed the HRS’s guaranteemohymity and confidentiality were credible.
Otherwise it would not make sense for a DI or SSI recipient &kensuch admissions, especially if they
believed their responses could be detected by the SSA (lomsadinkage of their survey ID to their social
security number), since these reports would presumablydogngs for the SSA to order audits, known as
“continuing disability reviews” (CDRs), to remove themindhe rollst®

The validity of our analysis also depends on an additiomsliiaption, which we refer to as tlaecurate

reporting hypothesis.Even if individuals truthfully report whether they are chjgof working or not,

12 |n the second wave of the HRS respondents were asked for gsomito link their survey responses to specific types of
administrative data held by the SSA, including earningtohiiss from the SSA and a limited amount of beneficiary damwéber,
they were given legally binding guarantees that the linkmgeld occur only for these data items and that SSA would rntatmany
information that would make it possible to link their suru®yto their Social Security number or take any action that \dén any
way jeopardize their Social Security benefits. Based oretereng guarantees, over 9,000 of the original 12,652 HR®ralents
contacted by the HRS in wave 1 agreed to allow these adnatiistrdata linkages to be made.

13 Although it is possible that some of these 18% had experikacredical recovery, in fact fewer than 1% of all DI benefieisr
ever leave the rolls voluntarily as a result of medical recms despite strong incentives such as a 9 month “trial werlod” during
which beneficiaries are allowed to work without fear of beiegnoved from the rolls or losing any benefits (Muller 1992)is la
puzzle why so few DI recipients voluntarily return to workaisignificant fraction of them have either recovered or wesentruly
disabled in the first place. However, we show in Section 6vbéfat most DI recipients are very poor with much lower edioce
attainment compared to non-recipients. The after-tax wégg recipients could expect to earn from returning to woay not be
substantially higher than their DI or SSI benefits, and theuld also lose their access to Medicare or Medicaid coveifagey
were to leave the rolls. For this reason there appears to Eaaincentive for individuals with low wage prospects taegn on
the rolls even if they are capable of earning in excess of 8#sSSGA threshold.
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they may be using a different standard or “threshold” of biigg than the SSA. For example, individuals
may, on average, have an internal standard for judging iliyatnat is too “lenient” in comparison with
the standard that the SSA employs. In previous work, we haeeis in Benitez-Silva, Buchinsky, Chan,
Cheidvasser, and Rust (2003), (hereafter BBCCR),alh;a[tcrd~ are unbiased indicators of each other, i.e.,
we were unable to reject the hypothesis tBf — oﬂx] = 0, wherex is a vector of “objective indicators”
of health problems and activities of daily living (ADL¥).We interpret this “unbiased reporting” result as
providing strong empirical support for the “accurate reijpgr hypothesis”. If the HRS respondents had a
significantly more lenient disability threshold than theAS%/e would expect their self-reported disability
status to be upward-biased relative to the SSA, i.e., weavexpect to find tha[d — &x] > 0.

The BBCCR study was also unable to reject a more specific hgpt about how applicants’ self-
reported disability status relates to SSA's ultimate avagcsion, theational unbiased reporting hypothesis
(RUR). The SSA's award decision can be approximated thyesshold ruleof the forma= | (xB5 + €4 > 0),
wherel denotes the usual indicator functionis a vector of observable (and verifiable) characteristics o
the applicant including indicators of health condition®)l5s, etc., and, is a random variable representing
the effect of “bureaucratic noise” and other unobservetbfadhat affect the SSA's award decision. Thus,
the SSA awards the applicantf, + €5 > 0 and denies the applicant X3, + €4 < 0. The parameters
of the vectorf3; represent the relative weights (or importance) of varioealth conditions in the SSAs
award decision. As discussed above, there are certaingahysanditions in SSA's “Blue Book” that it
deems sufficiently severe to result in automatic qualifocafor DI benefits. We can account for this with
a threshold rule with sufficiently large positive values tbe components o, that correspond to the
indicators of the various “listing conditions”.

We can also represent the individual's self-reported disalstatus as a threshold rule of the form
d= I (xBg + €4 > 0), wherex is the same vector of verifiable health indicators that thé& 8Bservesfq
is a vector of weights that the individual assigns to varibaalth conditions and ADLs in making their
own judgment of whether or not they are capable of workingl &nis a random variable reflecting the
net effect of other information that the applicant obserees the SSA (and the econometrician) does not
observe. Under the assumption tegtandey are normally distributed random variables, and given ident
fying normalizations on the variances &f andey and/or the coefficient vectors, it is possible to estimate

the vectors of weightBy and[3; that represent the SSA's and the applicants’ threshold dgéerminingg”™

14 Our previous study also provides strong evidence that a@bility to reject this hypothesis is not due to limited numsef
observations or statistical tests that have low power. We&ble to decisively reject the hypothesis thg — d\x} = 0 whend’is
identified agnitial award decisionby the DDS (i.e., the initial award decision made by the DDft@ethe possibility of appeals
are considered).
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andd. Therational unbiased reporting hypothesisrresponds to the hypothesis tBat= 34, i.€., the SSA
and the individual use the same weights in their threshdlesrfor & and d, respectively. In BBCCR we
were unable to reject this hypothesis, which, due to itsrpatdc nature, implies a stronger restriction on
the data than the unbiased reporting hypothdsja— oT|x] = 0, so the corresponding hypothesis tests had
even greater power.

We view the RUR hypothesis as providing strong evidence EHaand SSI applicants are aware of
the SSAs disability award process and adopt the SSA's atahid their own self-classification of whether
or not they are disabled. The only reason why the SSA's uténaavard decisiom differs from the ap-
plicant’s self-reported disability statubis thatd'is affected by the “bureaucratic noisej, whereas the
individual's self-reported disability statlﬂsdepends on the applicant’s private informatgnabout other
unobserved health conditions and mental factors (i.eintaagible “motivation” or “determination” factors
discussed previously) that affect whether or not the apptican work in spite of his/her physical impair-
ments. Changes in the social/political regime that affeetdegree of leniency in the SSAs standard for
judging whether a DI or SSI applicant is disabled can be ssmted as changes in tBg weights in the
threshold rule representing its ultimate award decisidhsegimes change sufficiently slowly so that po-
tential applicants can learn and adapt to the new disalslapdard, then the RUR hypothesis should hold
independently of the particular regime and overall degféeniency in the SSA's award process. Additional
evidence supporting this hypothesis is provided by BountthMdaidmann (1992), who compared time series
data on self-reported disability to DI awards and rolls. yroencluded that “The changes in the fraction
receiving benefits seem to have closely mirrored changé=inamber of men (self) identified as disabled.”
(p. 1416).

Although the period of our study, 1992-1996, can be regasated “lenient regime” (since this was
under the Clinton Administration when aggregate awardsratere much higher than the historical aver-
age, reaching an all time high of 52% in 1998), our procedareséparating the question of leniency from
the question of accuracy of the DI award process preventsous finaking any judgments about whether
the SSA's acceptance rates were “too high” during this perldowever, there is an aspect of our analysis
that could be interpreted as “stacking the cards” agairesSBA in our evaluation of its accuracy. This is
due to our interpretation that the unobservable compogigaffecting the SSA's ultimate award decision
a represents “bureaucratic noise” (i.e., random mistakekgreas the unobservable compongnaffect-
ing an individual's self-reported disabilil& represents “private information” on health conditionst thige
unobserved by the SSA and by the HRS interviewers.

An alternative interpretation of the RUR hypothesis is thatepresents “private information” that the
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SSA has about the true health condition of the applicantwieatio not observe, argy represents idiosyn-
cratic “errors” or deviations in individuals’ personal ¢isholds for reporting whether they are disabled or
not. Under this alternative interpretation, we could relgaas representing a measure of “true disability”.
Of course, under this alternative interpretation the SSAlldvanake no classification errors, and the de-
viations we observe betweenandd are entirely due to idiosyncratic errors made by individual their
self-reported disability status.

We dismiss the possibility that the SSA's ultimate awardisien & corresponds to the relevant notion
of “true disability” because it seems implausible that ti&ASvould ever be able to gather all the relevant
private information that affects whether an individualapable of working or not. In particular, as indicated
above, there are important intangible factors, such asitatodn” or “determination,” that have an effect on
whether a person is capable of working. These types of fagtould be known by the applicant, but would
be difficult, if not impossible, for the SSA to observe.

We do, however, acknowledge the possibility that, in additb private information on health conditions
and intangible factors such as motivation or determinatistering the residual terey in our model of self-
reported disability,eq could also reflect other individual-specific “biases”, oroes in judgment, about
whether the person is really disabled. In this case it wo@dvbong to ascribe all of the discrepancies
betweeraandd to mistakes on the part of the SSA. To handle this case wedintea third binary latent
variable,f, representing the applicant’s “true disability status.2 Wssume that bothahdd are noisy but
unbiased indicators dfso that we hav&|[f|x] = E[4]X] = E[d|x]. We also assume thécan be represented
by a threshold rul& = | (xB; + & > 0).

Hereafter we assume that the RUR hypothesis holds and thdatént indicator of true disability is
determined according to the same social/political stahdarthe SSA's award decision. Thus, we have that
B = Ba=Bd = Br/07, Whereoy is the standard deviation of unobservable variables thattafue disability
statust. In this case botl andd are noisy but unbiased indicators of the applicant’s trealdlity statust.
While the residual term in the SSA's award decisigmay reflect “bureaucratic noise” and the residual term
in an individual’s self-reported disabilitg? may reflect idiosyncratic biases and judgment errors, wenass
that the residual terrgy in the equation for true disability contains only unobserved private information on
the applicant’s health status and is free from noise or yhiosatic judgmental biases. In general there may
be common components in the three residual terms that chese variables to be correlated. We assume
thate,, €5 andeg have a multivariate normal distribution and we will imposstrictions on the correlations

between these error terms that will enable us to computsifitzgion error rates using Bayes rule.
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5 Measuring Disability and Health Status in the HRS

This section provides a brief description of the Health amtdirBment Study (HRS), the data set we use
to measure health and disability status of a sample of olaeericans. The HRS provides highly detailed
information on health and disability status, making it of¢he best available data sets for conducting our
analysis. We also include tabulations comparing seveljactibe and subjective characteristics for various
subsamples of DI applicants, non-applicants, recipiears, rejectees. Our results confirm previous con-
clusions by Benitez-Silva et al. (1999) that self-repidésability statusd, is a very powerful predictor of
application, appeal, and award decisions, and bettergissgliwide range of objective health and functional
limitation measures, labor supply, and economic statusuoreg, than the SSA's ultimate award decisaon ~
Indeed, when we classify applicants as disabled or noreldidaaccording to their self-reported disabil-
ity d we obtain much better discrimination between the two grdopgerms of the degree of severity of
an array of objective health status indicators and aawitf daily living than we obtain when we classify
individuals as disabled or non-disabled using the SSAmalte award decisioa. "For example, we find
that disabled rejectees (i.e., individuals for whdm: 1 anda’= 0) are much closer in terms of observed
characteristics to disabled awardees (i.e., individuatswhomd = 1 anda’= 1) than they are to non-
disabled rejectees (i.e., individuals for whah= 0 anda’= 0). Similarly, we find that disabled awardees
are much closer to disabled rejectees in terms of their veddrealth condition than they are to non-disabled
awardees. This suggests that if the SSA had the luxury ofgbeite to observe applicants’ truthful self-
assessments of their disability status (icB,,then they would have been able to do a much better job in
discriminating among those who are truly disabled from ¢ha$io are not disabled. Of course, the SSA
does not have this luxury, since all DI and SSI applicantsldvpuesumably report that they are unable to
work in order to maximize the chances of being awarded beneffibwever, in Section 8 we show that
there is a feasible way for the SSA to improve its ability teadiminate between disabled and non-disabled
applicants by using a statistical model that predicts tlobability being disabled?{oT: 1/X}, in terms of

a large number of objectively verifiable health conditiond activities of daily living,X.

5.1 Measurement and Data Issues

The data for our study come from the first three interviewshef HRS, a nationally representative longi-
tudinal survey of 7,700 households whose heads were bettheeages of 51 and 61 at the time of the
first interview in 1992 or 1993. Each adult member of the hbakkwas interviewed separately, yielding

a total of 12,652 individual records. Waves two and threesveenducted in 1994/95 and 1996/97, respec-
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tively, using computer assisted telephone interviewingT(ICwhich allows for much better control of skip
patterns and reduces recall errétsThe HRS has several advantages over the alternative scofrcesa
previously used to analyze the DI award process such as#e@&ita. The HRS is a panel focusing on older
individuals, with separate survey sections devoted talhedisability, and employment. The health section
contains numerous questions on “objective” and subjedtigiators of health status, as well as questions
pertaining to activities of daily living (ADLS), instruméad activities of daily living (IADLs), and cognition
variables. In the disability section respondents weredskéndicate the dates they applied for DI benefits
or appealed a denial, and whether or not they were awardesfitsen

However, the HRS does have some limitations that make it ab@emore complicated to study the
DI award process. First, unlike the SIPP data, there is nohmtatthe SSA Master Beneficiary Record, so
we are unable to verify individuals’ self-reported infortioa on dates of application and appeal for SSDI
and SSI benefits. Second, the HRS did not distinguish bet@&and SSDI applications, so all questions
regarding disability implicitly combine the two progranma a single categorf. Finally, the HRS did not
include appropriate follow-up questions that would haveved us to determine whether DI applications
or appeals reported in previous surveys had been awardeeh@d] or whether they were still pending,
resulting in potential censoring of information on appeatsl reapplications. Fortunately, we were able
to rectify some of these censoring problems using otherrtimégion in the HRS. For example, the income
section of wave two of the HRS included a question about vératspondents received Social Security
income, and if so, the type of Social Security Income (DI igseretirement, etc.) and the date at which
the respondent began to receive those benefits. For a psgvipending case, an observed receipt of DI
benefits after the application/appeal signified acceptarioghe program. If no benefits had been received
after 24 months following the application/appeal, we irddra denial since virtually no cases are pending
for longer than two year¥’

Individual decisions as to when to apply or appeal for diggtiienefits are made in continuous tirte.
However, we observe individuals’ health variables at oimtime that are roughly two years apart. To most
closely approximate an individuals’ characteristics attime of the application, we restrict our attention to
the application/appeal episodes that were initiated withbne-year window surrounding the interview date

(six months before to six months after), yielding a total 87 ®bservation$?

15 additional individuals, mostly new spouses of previouspaslents, were added in waves two and three. We include these
respondents in our analysis, yielding a total of 13,142viddial records.

16 Henceforth, “DI” will denote both SSDI and SSI unless othisewnoted.

17 Additional strategies used to resolve ambiguous casesestaéat! in Benitez-Silva et al. (1999) and BBCCR.

18 Given the panel nature of the HRS, we allow a single individoigield several application episodes. We observe a maximu
of three application episodes per person in the data, but imitisiduals have only one episode.

19 We have experimented with windows of different length, atidoaigh this affects the number of observations, it does not
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5.2 Data Analysis

Benitez-Silva et al. (1999) and BBCCR conducted an interaidation of the quality of our “constructed”
disability histories and the accuracy of individuals’ respes to the HRS questions. In those papers we
compared the dates of disability onset, application, anardwwith a set of monthly labor supply dummy
variables constructed from the work history section of tHRSH Since the two sets of variables were con-
structed independently using data from separate sectioihe curvey, there is no guarantee that the dates
of the break in labor supply would correspond with the datedisability onset. Yet, they match almost
perfectly. Specifically, the results show a dramatic 50 @etage point drop in the labor force participation
rate in the month following the onset of disability, fallifiggm over 60% to under 15%. The conclusions
are robust to screening out the 52% of the sample for whichuiatjpns on the dates of disability onset,
application, or award were made.

We now turn to Tables 3 and 4, which summarize the charatitsrisf our sample, presenting means
and standard deviations of various economic and healthsstagasures. In Table 3 we compare observed
characteristics for DI/SSI applicants and non-applicantsle in Table 4 we compare the characteristics of
awardees and rejectees for a subset of DI and SSI appliGanigich we have uncensored observations on
their application (including appeals, if any) and their advar denial of benefits, following the application
or appeal. To obtain uncensored observations, we exclyg@itants whose cases are still pending (either
via the initial DDS decision or via an appeal to an ALJ). Thieyided us with a subset of DI applicants
for whom we could determine the “ultimate award” decisiorthyy SSA. This is the subsample that we use
in BBCCR for testing the accuracy of self-reported disapiitatus, and here for assessing the magnitude
of classification errors in the DI award process. In each e$¢htables we further divide the groups into
disabled and non-disabled individuals according to thaevaf the self-reported disability indicatdr

Comparing columns (1) and (2) of Table 3, we see that DI agpt are significantly worse off than
non-applicants in terms of both physical health and ecooataitus. The income of non-applicants is more
than four times higher and their net worth is nearly threeetirhigher than applicants. The non-applicants
also worked substantially more hours in the year prior tdr iiéerview, 1,458 hours versus 982 hours for
applicants. Also, DI applicants are significantly more ke be female and non-white, and they appear
less likely to have a family support network. For exampldy @%% of DI applicants are married, compared
to 82% for non-applicants. Applicants also have signifilyaleiss education: only 7% of applicants have a
BA degree, compared to 23% for non-applicants. AlthougHiegmts do have earned income, the average

amount earned is very close to the $6,000 SGA threshold ifireyaver the 1992-1996 sample period.

significantly alter our results.
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The remaining rows of Table 3 show that applicants are sagifly less healthy than non-applicants
according to virtually all subjective and “objective” meass of health and ADLs. In the year prior to their
interview, applicants had made 9 more visits to a doctor ti@mapplicants, were hospitalized nearly six
times more often, and were 18 times more likely to have hadvem@ht stay in a nursing home. As for
ADLSs, a higher percentage of DI applicants report difficaloing various simple tasks than non-applicants:
walking across a room (15% vs. 0.8%), getting up from a cl&#i#4 vs. 21%), sitting for a long time (46%
vs. 14%), or climbing stairs (47% vs. 5%). These high peamgs suggest that many DI applicants do have
difficulty performing common physical tasks that are partradst jobs. The “objective” health measures
indicate, for example, that 24% of applicants had heartlprob compared to only 7% of non-applicants
and that 18% of applicants have lung disease, compared yo586lof non-applicants. The patterns for
cancer, strokes, psychological problems and many othdthh@ablems not listed in Table 3 show a similar
pattern, something that should not come as a surprise.

Focusing on columns (3) and (4) of Table 3, we see that allebtbjective health status indicators and
ADLs are worse for the subsample of SSDI and SSI applicantswére “disabled”, i.e. those who reported
that they had a health problem that prevented them from wgré&ntirely (i.e.a= 1). For example 9% of
disabled applicants reported having a stroke compared tof3%n-disabled applicants. Similarly the rate
of heart problems and psychological problems is three timgiser among disabled applicants.

At the bottom of Table 3 we provide tests for the equality of means between the different sufpkes
given in the columns of Table®. In all cases we clearly reject the null hypothesis that thregared sub-
populations are the same. The fact that most of the popokatiwe different is not surprising, since the
X statistics merely provide a convenient metric for sumniagizhe overall distance between health and
functional status indicators for the various subgroupsemeed.

Although DI applicants are clearly in much poorer healtmthan-applicants, only 70% of the DI ap-
plicants reported that their health condition preventedhttirom working entirely. The 348 “non-disabled”
applicants could represent the “imposters” who are attelgd “game the system” hoping that the SSA
will make an award error and accept their application. Wefiser Table 3 that the non-disabled applicants
are in significantly better health compared to the disabpgdieants, at least in terms of all of the observable
health indicators and ADLs presented in Table 3. Yhetatistics at the bottom of Table 3 indicates that we

can decisively reject the hypothesis that the means of tiesih indicators and ADLs are the same for the

20 All tests compare the means of the following variables far different subgroups of the population: number of hospital
izations, nursing home stays, and doctor visits in the previyear, and the dummy variables poor health, stroke, caheart
problems, psychological problems, difficulty reading a maipk up a dime from a table, taking a bath, sitting for a loimget,
getting up from a chair, walking across a room, and climbiffiggat of stairs.
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disabled and non-disabled subpopulations of applicants.

It is also interesting to compare “disabled applicants’hwidisabled non-applicants”, in columns (4)
and (5) of Table 3. We see that for most of the health indisatord ADLSs, the disabled applicants are
about as close to the disabled non-applicants than theyarent-disabled applicants. Indeed, these two
groups are fairly similar in terms of theif statistics reported at the bottom of Table 3. The main difiee
between the two groups is that disabled non-applicantsigméisantly older and more likely to be white,
female, and married. Many of these disabled non-applicamsnarried women who have not accumulated
the 20 quarters of coverage necessary to be covered by Dl laoskvgpouses’ income or assets exceeds the
means-test threshold for eligibility for SSI benefits. Tiypothesis is confirmed by the fact that 59% of the
disabled non-applicants are ineligible for SSI, wheredg 8% of the applicants are ineligibfé.

It is worth emphasizing that the distance between popuiati®s much larger when we compare disabled
and non-disabled individuals than when we compare appgdamon-applicants, recipients to rejectees, or
awardees to rejectees. We conclude that self—reportediktﬁjsai is a more powerful predictor of more ob-
jective health and functional status measures than otd@ators, such as the indicators for having applied
for DI, or being an SSI or DI recipient. In other words, thefseported disability measure is superior to
knowledge of the SSAs award decision as a determinant ofefigondents’ other health status measures.
These findings are consistent with our hypothesis thit an indicator of “true disability” and that the
award decisiora is a noisy indicator off. For example, the? statistic measuring the distance between
the disabled and non-disabled populations is 2,932, wisi&®% larger than thg? statistic measuring the
distance between applicants and non-applicants.

Table 3 also provides evidence of self-selection in the Pliaption decision. The mere act of applying
for DI reveals a great deal of information about the applicsince very few healthy, wealthy, or high income
individuals apply for DI benefits. It is likely that this sedelection is largely due to rational behavior on
the part of applicants. That is, healthy, well educatedviddials know they are likely to be denied, and
given the progressive structure of Social Security bendfigh income individuals have less of a financial

incentive to apply for DI since they receive a much loweraepment rate than do low income individuals.

21 see Benitez-Silva et al. (1999) for an explanation of thestroiction of the eligibility variable. Another reason witigabled
non-applicants may not be applying for benefits is that timgian age is 60.9, only slightly more than a year away fronitliity
for early retirement benefits from Social Security at age B@nitez- Silva et al. (1999) show that the propensity tdyafigr DI
benefits declines sharply near the eligibility age for Sdaexurity retirement benefits. The latter effect might seatiner puzzling,
after all, there is nothing preventing individuals from Byipg for disability at any age before the NRA, especiallgditess to SSDI
will guarantee a higher lifetime benefit than retiring untter Old Age benefits system before the NRA. However, we hateke®
into account the costs imposed on applicants in the form bbeimg able to earn above the SGA threshold, having to hiagvgdr
if they need to appeal their cases beyond the DDS stage, aodted reduction in the level of disability benefits resgtirom
having received retirement benefits up to the time of stautireceive SSDI benefits.
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Table 3: Characteristics of DI Applicants and Non-Applicants

SSI/DI Applicants SSI/DI Non-Applicants
Variable SSI/DI SSI/DI
Applicants | Non-Applicants| Non-Disabled| Disabled | Disabled | Non-Disabled
@ @ 3 4 ®) (6)
Number of Observations 1,179 27,415 348 831 955 26,460
Age 55.5 57.4 55.1 55.7 60.9 57.2
(0.4) (0.4) (5.5) (4.3) (6.3) (5.7)
White 55.2 75.6 55.7 55.8 63.7 76.0
(1.4) (0.3) 2.7 .7 (1.6) (0.3)
Male 43.0 44.9 39.9 44.3 42.0 45.0
(1.4) (0.3) (2.6) .7 (1.6) (0.3)
Married 65.5 82.4 66.4 65.1 78.7 82.5
(1.4) (0.2) (2.5) (1.6) (1.3) (0.2)
BA 7.2 23.0 8.9 6.5 7.8 23.5
0.7) (0.2) (1.5) (0.9) (0.9 (0.3)
Prof. Degree 15 8.3 2.0 1.3 1.7 8.5
(0.4) (0.2) (0.7) (0.4) (0.4) (0.2)
Respondent Income 6,478 27,415 8,681 5,541 3,516 25,425
(12,714) (71,711) (13,769) (12,117) (12,225) (72,707)
Net Worth 91,994 265,698 86,180 94,458 161,604 269,130
(197,857) (536,364) (153,228) (213,933) (413,295) (53®)6
Annual Hours Worked 982 1,458 1,151 916 252 1,496
(40) O (77) (47) (25) )
Ineligible for SSI 19.5 26.4 20.5 19.0 58.6 25.3
(1.2 (0.3) (2.2) (1.4) (1.6) (0.3)
Hospital Stays 1.15 0.18 1.00 1.21 0.83 0.15
(3.9 (0.9) (5.3) 3.1) (3.4) (0.6)
Doctor Visits 14.0 5.0 10.8 15.3 12.1 4.7
(15.7) (6.9) (13.7) (16.3) (11.9) (6.5)
Poor Health 43.0 2.4 29.3 48.7 28.1 15
(1.4) (0.2) (2.4) .7 (1.5) (0.1)
Health Limitation 70.5 35 0.0 100.0 100.0 0.0
Prevents Work (2.3) (0.2) (0.0) (0.0) (0.0) (0.00)
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Table 3: (Continued)

SSI/DI Applicants SSI/DI Non-Applicants
Variable SSI/DI SSI/DI
Applicants | Non-Applicants| Non-Disabled| Disabled | Disabled | Non-Disabled
@) 2 ®) 4 ®) (6)
Is it difficult for you to:
Walk across a room? 14.8 0.8 10.6 16.5 11.9 0.4
(1.0) (0.1) (1.6) (1.3) (1.0) (0.1)
Sit for long time? 45.7 13.7 36.2 49.8 45.0 12.6
(1.4) 0.2) (2.6) 1.7) (1.6) (0.2)
Get up from a chair? 58.6 20.6 47.4 63.2 59.2 19.2
(1.4) 0.2) 2.7) 1.7) (1.6) (0.2)
Climb Stairs? 46.7 5.5 35.6 51.4 38.5 4.3
(1.4) (0.1) (2.6) 1.7) (1.6) (0.1)
Take a Bath? 15.1 0.8 9.2 17.6 11.6 0.4
(1.0) (0.1) (1.5) (1.3) (1.0) (0.1)
Reading a Map? 32.6 14.6 33.5 32.2 33.1 13.9
(1.3) 0.2) (2.6 (1.6) (1.6) (0.2)
Pick up a Dime? 15.8 2.3 13.0 16.9 13.3 19
(1.1) (0.1) (1.8 (1.3) (1.1) (0.1)
Have you ever had:
Cancer? 4.8 0.8 43 5.0 1.78 0.8
(0.73) (0.10) (1.29) (0.89) (0.65) (0.10)
Lung Disease? 18.2 4.6 16.4 19.0 151 4.2
(1.12) (0.12) (2.0) (1.4) 1.2) (0.1)
Stroke? 7.4 0.4 34 9.0 4.7 0.3
(0.8) (0.04) (1.0) (1.0) 0.7) (0.03)
Heart Problems? 23.8 6.7 18.1 26.1 221 6.1
(1.2) 0.12) (2.0) (1.5) 1.3) (0.1)
Psych. Problems? 25.3 6.9 21.0 27.1 20.4 6.4
(1.3) 0.12) (2.2) (1.5) 1.3) (0.1)
Nursing home stay? 3.6 0.2 1.7 4.4 1.6 0.1
(0.6) (0.03) 0.7) (0.7) (0.4) (0.02)
Chi-Square Tests of Equality of Means
Group 1 (# Obs.) | Group 2 (# Obs.) x> | df | pvalue
Disabled (1,596) Non-Disabled (25,927) 2,932 15 0.000
Applicants (1,087) Non-Applicants (26,436) 1,975 15 0.000
Non-Disabled Applicants (333) Disabled Applicants(754) 151 15 0.000
Non-Disabled Non-Applicants (25,594) Disabled Non-Apatits (842) 1294 15 0.000
Disabled Applicants (754) Disabled Non-Applicants (842) 311 15 0.000
Non-Disabled Applicants (333) Non-Disabled Non-Applitsa(25,594) 378 15  0.000
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Table 4: Characteristics of Subset of DI Applicants

Rejectees Awardees
Variable DI DI
Awardees| Rejectees| Non-Disabled| Disabled | Disabled | Non-Disabled
@) @ 3 4 ®) 6)
No. of Observations 283 104 43 61 221 62
Age 56.1 55.0 54.6 55.2 56.4 55.2
(4.3) (5.2) (5.8) (4.6) (3.8) (5.6)
White 59.0 44.2 51.2 39.3 59.7 56.4
(2.9) (4.9) (7.6) (6.2) (3.3) (6.3)
Male 39.2 45.2 48.8 42.6 39.4 38.7
(2.9) (4.9) (7.6) (6.3) (3.3) (6.2)
Married 58.0 63.5 55.8 68.9 57.9 58.1
(2.9) 4.7) (7.6) (5.9) (3.3) (6.3)
BA 6.7 9.6 11.6 8.2 6.8 6.4
(1.5) (2.9) (4.9) (3.5) .7 (3.1)
Prof. Degree 1.4 2.9 4.6 1.6 1.4 1.6
(0.7) (1.6) (3.2) (1.6) (0.8) (1.6)
Respondent Income 6,318 5,013 7,521 3,252 5,419 9,435
(10,271) (9,488) (11,819) (6,902) (8,933) (13,491)
Net Worth 76,583 81,847 41,847 114,220 73,911 87,017
(121,890) (244,341) (73,049) (318,387) (106,429) (168)83
Annual Hours Worked 843 571 836 414 752 1,167
(984) (848) (913) (764) (899) (1,184)
Ineligible for SSI 22.6 32.8 25.8 38.9 255 28.3
(3.0 (5.7) (7.9) (8.1) (3.4) (6.6)
Hospital stays 1.0 0.7 0.5 0.8 1.0 0.9
(1.6) (1.6) (0.8) (2.0) (1.4) (1.9)
Doctor Visits 12.9 12.5 12.3 12.7 13.2 11.9
(12.8) (14.2) (17.0) (11.8) (13.1) (11.7)
Poor Health 46.9 39.8 23.8 51.8 49.3 38.7
(3.0 (4.9) (6.6) (6.7) (3.4) (6.2)
Health Limitation 78.1 58.6 0.00 100.00 100.00 0.00
Prevents Work (2.5) (4.8) (0.00) (0.00) (0.00) (0.00)
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Table 4: (Continued)

Rejectees Awardees
Variable DI DI
Awardees| Rejectees| Non-Disabled| Disabled | Disabled| Non-Disabled
1) 2 ®) 4 ©) (6)
Is it difficult for you to:
Walk across a room? 16.6 8.6 2.3 13.1 17.2 14.5
(2.2) (2.8) (2.3) (4.3) (2.5) (4.5)
Sit for long time? 51.9 42.7 30.2 51.7 53.8 45.2
(3.0 (4.9) (7.0) (6.4) (3.3) (6.3)
Get up from a chair? 64.5 49.5 30.2 51.6 53.8 45.2
(3.0 (4.9) (7.0) (6.4) (3.3) (6.3)
Climb stairs? 48.8 38.5 34.9 41.0 51.6 38.7
(3.0 (4.8) (7.3) (6.3) (3.4) (6.2)
Take a Bath? 13.4 12,5 7.0 16.4 14.0 11.3
(2.0 (3.2) (3.9) 4.7) (2.3) (4.0)
Reading a Map? 35.9 36.9 32.6 40.0 35.2 36.1
(2.9) 4.7) (7.1) (6.3) 3.2 6.1
Pick up a Dime? 14.2 20.6 16.3 23.7 15.4 9.9
(2.1) (4.0 (5.6) (5.5) 2.4 3.8
Have you ever had:
Cancer? 4.2 5.8 7.0 49 5.0 1.6
1.2) (2.3) (3.9) (2.8) (1.5) (1.6)
Lung Disease? 16.2 14.4 20.9 9.8 17.6 11.3
(2.2) (3.4) (6.2) (3.8) (2.6) (4.0)
Stroke? 6.4 10.6 2.3 16.4 7.7 1.6
(1.4) (3.0 (2.3) 4.7) (1.8) (1.6)
Heart Problem? 21.2 15.4 18.6 13.1 21.7 19.4
(2.4) (3.5) (5.9) (4.3) (2.8) (5.0)
Psychological Problems? 26.15 23.1 20.9 24.6 25.8 27.4
(2.6) (4.1) (6.2) (5.5) (2.9) (5.7)
Nursing home stay? 4.2 1.9 0.00 3.3 5.0 1.6
(1.2) (1.3) (0.00) (2.3) (1.5) (1.6)

Chi-Square Tests of Equality of Means

Group 1 (# Obs.) | Group 2 (# Obs.) | x* | df | p-value
DI Awardees (266) DI Rejectees (94) 275 15 0.024
Non-Disabled Rejectees (42) Disabled Rejectees (52) 342 10.001
Disabled Awardees (206) Non-Disabled Awardees (60) 30.9 18.008
Disabled Rejectees (52) Disabled Awardees (206) 18.8 15 220.2
Non-Disabled Rejectees (42) Non-Disabled Awardees (60).8 1813  0.173
Non-Disabled Awardees (60) Disabled Rejectees (52) 29.3 16.014

Non-Disabled Rejectees (42) Disabled Awardees (206) 77514  0.000
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Table 4 compares the characteristics of awardees andaegtdr the subsample of 387 DI and SSI
applicants for whom we can observe uncensored observatioi®&SA's ultimate award decision over the
period 1992 to 1996 from the first 3 waves of the HRS. The SSAimate award decision Clearly enables
us to discriminate among the applicants in terms of the #gwartheir health conditions: Nearly all of the
“objective” health indicators and ADLSs for the awardeessagaificantly worse than for rejectees. However,
we find much larger differences in the objective health attersstics when we separate individuals accord-
ing to self-reported disability statubthan when we separate individuals according to SSA's awactsthn
4. We can see this in Table 4 by observing that nearly evenythealicator or ADL is significantly worse
for disabled awardees than for non-disabled awardees xeo@e 5.0% of disabled awardees report having
had cancer compared to 1.6% of non-disabled awardees, &dof disabled awardees report that they had
a stroke compared to 1.6% for non-disabled awardees. Wdiatsthat almost all of the observed health
indicators for disabled rejectees are significantly wonsatthe observed health indicators of non-disabled
rejectees.

At the bottom of Table 4 we report the test statistics for the equality of the means of the variaaith
indicators and ADLSs listed in the table for the different gtdups. While we can reject the hypothesis that
the observed health characteristics of disabled awardets@n-disabled awardees are the same, we are
unable to reject the hypothesis that the health charaisris disabled awardees and disabled rejectees are
the same. In other words, the data suggests that in termsefdl health characteristics disabled awardees
are much closer to disabled rejectees than to non-disalladdaes. Similarly, non-disabled awardees are
more similar to non-disabled rejectees than they are tdidaawardees.

These findings are summarized in Figure 3. We see thatytheistance” between awardees and re-
jectees is 28 and statistically significant, confirming oamier observation that the SSA's ultimate award
decisionadoes discriminate applicants in terms of the severity oéclbje health indicators. When we clas-
sify awardees based on their self-reported disabilitwst&;t we see that thg? distance in the observable
health characteristics of “disabled awardees” and “neallied awardees”, 31, larger than thex? distance
between awardees and rejectees. On the other hangf tlistance between “disabled awardees” and “dis-
abled rejectees” is only 19 and is statistically insignificeSimilarly, thex? distance between non-disabled
awardees and non-disabled rejectees is also 19 and igis#disinsignificant. This clearly suggests that
self-reported disabilityj~ provides a much better means of discriminating among oupkaaf DI and SSI
applicants in terms of the severity of observable healthditmms than the SSA's ultimate award decisan ~

Indeed, the data suggest that if we were interested in amgiainefits to the least healthy individuals

in this sample of applicants, the SSA should have awardedfiternio the 258 applicants who reported
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that their health impairment was sufficiently severe to ene\them from working entirely instead of the
266 people to whom the SSA actually awarded benefits. Of epangen if we believe that individuals
provide truthful and accurate self-reports of their disgbstatus in an anonymous interview such as the
HRS, there is little reason to believe that they would truillgfreport their disability in an application for
DI or SSI benefits to the SSA. Thus, the SSA is at an inhereatldantage since it must rely on an array
of “noisy signals” such as the objective health indicatard ADLs shown in Tables 3 and 4. We return to
this issue in Section 8, where we show that it is possible testtact a “statistical discriminant function”
that uses a subset of the objective health indicators andsAtbat the SSA has access to, but results in
significantly lower classification error rates than the SAirrent disability award process. This will enable

us to formalize a sense in which the SSA’s current disahdlityard process is “informationally inefficient.”

Rejectees
94

Awardees og”*

__________

*

disabled )]—> 34 4—-— disabled

52

Figure 3: Summary of Classification Errors in the DI Award Pro cess

6 Bayesian Estimates of Classification Error Rates

The previous section presented strong empirical suppoth&hypothesis that the Social Security Award
decisiona”and self-reported disability statusare unbiased accurate indicators of “true disability” stat
Indeed, Figure 3 from the preceding section suggests thfateported disabilitya’is a relativelymore
accurateindicator of disability than the SSA's award decisianirisofar as self-reported disability does a
better job of differentiating individuals according to theverity of their disability as measured by a vector

X of more objectively verifiable health problems and acegtof daily living. In this section we show how
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this information can be used to measure the magnitude ddifitzgion errors in the DI award process. To
give every benefit of a doubt to the SSA, we will estimate dasdion error rates under the assumption that
the SSA's ultimate award decisi@is a more accurate indicator of “true disability'(i.e. &is more highly
correlated withr) than self-reported disabilitgf.

As we discussed in the introduction, our analysis of classifhn errors avoids any judgement as to
whether the SSA’s ultimate award decisians™oo strict or lenient relative to some objective, absslut
definition of disability. Instead we assume that the SSAwiaiktration of the DI award process setsozial
standardfor disability that becomes common knowledge for all indisals applying for disability benefits.
This social standard can, and most likely does, change ower tThe SSA implements its definition of
disability via its award decisions, and disability applitlare aware of the standard in effect at any given
time and adapt their self-reported disability relative i tsocial standard. The (RUR) hypothesis, which
we are unable to reject econometrically, states that eXoepandom “noise” representing differences in
information, random “mistakes” and idiosyncratic judgeerrors, individuals and the SSA use the same
decision rule to determind and& Econometrically the RUR hypothesis can be stated in terfrihen

following conditional momentCM) restriction:
E[d-d|x] =0, (1)

wherex denotes a vector of observed health and socioeconomicatbdstics that are observed by both
the individuals and the SSA. Sineeandd are Bernoulli random variables, equation (1) is equivatent
Pr(&x) = Pr(d|x). In BBCCR (2003) we tested the CM restriction using a batténjifferent CM tests, but
were unable to reject the null hypothesis that (1) holds.

If we further assume thatandd can be represented emlex ruleswith unobservable (to the econome-
trician) factors in these rules entering additively sepiras a pair of variable&,, €4) that have a bivariate
normal distribution, then the conditional probabilitiesvgrninga”andd~ are represented by the following
bivariate probit model

Pr(8x) = E[l (XBa+€a>0)] =®(—XBa) and

Prdx) = E[lI (XBa+€d>0)] =P(—XPa), (2)

where® is the standard normal cumulative distribution functiomr this parametric model, the RUR hy-
pothesis implies the restriction thg = Bg. As is commonly done in the literature on discrete choice
models, we normalize the variances(ef, €q4) to 1 but allow them to have an unrestricted correlation coeffi
cientA € (—1,1). BBCCR was unable to reject this parametric form of the RUBdtlyesis at conventional

significance levels.
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Now suppose there is a third binary indicator, representiagndividual’strue disability statug, which
is not observed by either the SSA or the individuals. We assilnatt can also be represented by an index
rule

=1 (XBr+&>0). 3)

The quantitiea andd can be considered as noisy indicators of true disakility

Since true disabilityt is unobserved, we need to impose assumptions about thedonédéficients3; and
the distribution of the unobserved error terf8g, eq,€;) entering the index representations ferd, ) in
order to compute classification errors. The RUR hypothesjdiés the restriction thgt; = 4. We now
impose additional assumptions that will enable us to complassification error rates.
Assumption 1: (Joint Normality) The error terms(€,,€4,€;) are independent of the vector of observed
characteristics X and have a joint trivariate normal distiion, with variances normalized ??
Assumption 2: (UnbiasednessYhe indicatorsa andd are conditionally unbiased indicators of true dis-

ability statust. Given Assumption 1, this implies that

BT = Ba = Bd- (4)

Assumption 3: (Projection of (¢4,€4) 0N &) The error terms, andgg can be represented as projections

oneg; as

€a = Pa€ttVa, 5)

€4 = PdEr +Vd, (6)

wherev, andvy are independent af; and each other.
Assumption 4. (Equicorrelation of €5 and g4 with &) The correlation ofe, with €; is the same as the
correlation ofeq with g, i.e.

Pa = Pd- (7)

22 This normalizationct.f1 = 05 =1, is the most commonly used in the literature, and allows @stimate3; andpy as described
in BBCCR. Alternatively, one can se = 1 and set the two constant coefficient$inandpy to be the same. The main difference
between these two normalizations is that the first modelrassithat the variances of the two latent indices for the SSAtha
individuals are the same, and allow the location of the ieslic.e., the constant coefficients, to differ. In contrémt,second model
assumes that the locations for the SSA and the individualsher same, but that the SSA and the individuals may haveetiffe
variances for the error terngg andey, respectively, reflecting their differences in the subyecknowledge about the individuals’
disability. Notice that in both casez% is not identified, and one can find reasons to believe it caratget or smaller than the
variances of the two other errors. We present results tisainas various values for this element. In this version of tgep we
only report results under the first normalization given that estimates o064, when using the second normalization, where not
statistically different from 1 at any traditional level afaificance. The Likelihood Ratio statistic of the test af thodel with equal
variances against one that allows them to be different i27B3which follows @(%. The p-value is equal to 0.249, so we cannot
reject the hypothesis that both variances are equal to 1.
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Let A denote the correlation af; and &q. Sincea”andd are observed, we can estimatevia a bivariate

probit model for(&,d) as in BBCCR. Assumption 3 implies that= p,pq, SO the equicorrelation assumption

implies that
Pa=pPd = VA. (8)
With these assumptions it follows that
€= (&,€a,€d) ~N(0,Z¢), 9)
where
1 VA VA
2= VA1 A
VA A1

The information in (2)-(9) is sufficient for computing the g classification errors for this case. We believe
assumptions 1-3 are relatively innocuous. The key assomptiderlying our estimates of the classification
errors is the equicorrelation assumption. Intuitivelys tassumption means that batrafidd are equally
accurate indicators df. This seems to be a reasonable “compromise” between theneadr of assuming
that® = d with probability 1 (i.e. that individual self-reports arlvays “right”) andT = & with probability
1 (i.e. that the SSA's award decision is always right).

We also calculate classification errors under an alteraassumption that implies that the SSA's award
decision is a substantially more accurate indicator of tligability T than an individual's self—reporf. To
do this we relax the equicorrelation structure (Assump#ipand the structure imposed by Assumption 3,
and assume instead that the observables tégmsy, ;) have an unrestricted covariance matrix, apart from

the normalization that the variancessgfandey are equal to 1. That is, we assume
€= (&r,€a,€d) ~N(0,Z¢), (10)
where the covariance matrk is given by

0?7  OtPar OiPar
2¢=| OPar 1 A )
OtPdt A 1
where we maintain our normalization tha = o4 = 1 but allowo; to be bigger or smaller than 1 and allow
the correlation coefficientsy andpg:; to be unrestricted.
It is not possible to econometrically identify these adufitil parameters under this weaker assumption,

but we can vano:, pa, andpg: from the values they take under our equicorrelated “base’camce we
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can identify all the parameters of the covariance matrixiwlve impose the equicorrelation assumption.
So to test the robustness of our conclusions, we recompeiteldhsification errors for two alternative cases
where we vangor, par andpg: away from the values in the base case, and in a directiongtviorable” to
the SSA, i.e. wherey is significantly larger thapg; which implies tha@’is a significantly more accurate
indicator oft thand.

We are now ready to compute the classification errors relatithe true measure of disability, that is,
our goal is to compute the: (@ward error, i.e., P(T = 0j]a= 1); (b) rejection error, i.e., Pt = 1|a=0);
(c) Type l error i.e., P{a= 0[]t = 1); and (d)Type Il error, i.e., Pia= 1t = 0).

We demonstrate here how to compute the award error. The datigns of the other classification

errors have similar derivations. The award error can beewrihs
PrE—0[a=1) = / Pr(T = 0[a= 1,x) f(x)dx (11)

wherefy(x) is the density of the observed characteristics. Note tiegptbbability inside the integral in (11)

can also be written as,

Pri=0a=1x = Pr(oT: o) Pr(?: oa=1d= o,x)
+Pr<d~: 1) Pr(?:O|§:l,J:l,x>. (12)
Further note that

Pr(t=0,a=1d=0fx) (13)

Pr(t=0a=1d=0x) = -
Pr(é: 1,d= 0|x)
and similarly for P|<T: Oa=1d= l,x).
The probabilities in the numerator and the denominator &) ¢an be easily computed, given the distri-
bution ofe in (9) and (10), using, for example, the GHK algorithm and ¢befficient estimate fof from

BBCCR. In the example of the probability in the numeratorid)(
PT=0,a=1,d = 0[x) = Pr(g; < —xB,€a > —xB, &g < —XB|X).

The computation of theejection probabilitycan be done in a similar manner.

Note that for Type | and Type Il errors we have, respectively

~ A B ~ .~ ~ Pr@=ox
Pr@=0t=1 = Pr(t=1a=0) PrE— 1%’ and

o 4 _ ~ x4 Pr@=1x
Pr@a=1t=0) = Pr(t=0a=1) PrE— 0
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Table 5 presents the Bayes estimates of the classificatiorsemplied by Assumptions 1-2. The first
row shows the classification errors in the base case, whesswémpose Assumptions 3 and 4. Therefore
€4 andgq are equicorrelated with;,. The common correlation paramefeequals the square root &f the
correlation between, andeqy. In this case\ = .12 andp = VA = .34. The award error rate is estimated to

be 21.7%, and the rejection error rate is estimated to bé&9.9

Table 5: Bayes Classification Errors using Alternative Modés

Model Error Type
Award  Rejection Type | Type Il

a . Equicorrelation cas@iaq = .12; par = Pdr = +/Pad

or=1 21.71% 59.94% 23.71% 67.67%

b . Asymmetric correlation case withg = .12; par = .4; Par = .2

o;=.9 19.34%  57.49% 21.44% 55.05%

c . Asymmetric correlation case withyg = .12; par = .5; par = .1

o;=.8 16.10%  52.03% 19.27% 41.60%

Panels (b) and (c) show the effect of relaxing the equicatitst assumption (and the structure of As-
sumption 3) in a direction that is favorable to the SSA. Pdébgkhows the results in the case whege
is lowered to.2 andpg; is increased to4 ando; is decreased t®. This is intended to reflect a situation
where botle, andey are “noisier” thare; (reflecting the effect of bureaucratic errorsaiarid idiosyncratic
judgement errors in individuals’ self—reponﬁ, and the correlation of, with € is assumed to be twice as
high as the correlation betweeg ande; to reflect the assumption that the SSA's award decision isr@ mo
accurate indicator of true disability than the individsadelf-report. The classification error rates decrease
in this case, but they are still quite high: the award anccigje error rates fall by only 2 percentage points
to 193% and 575% percent, respectively.

The final panel shows the classification error rates in an swa@e extreme case where we have reduced
the variance ofb; to only 0.8, a full 20% reduction in the variance ef relative to the unit normalized
variances fok, andeg in the base case, and the correlation betwaeande; is increased to5, which is 5
times higher than the correlation betweggrande;. The award error rate falls by a little over 5 percentage

points in this case, to 16.1%, and the rejection error rdke i nearly 8 percentage points, to 52%.
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Thus, we conclude that a) award and rejection error ratekighe and b) rejection error rates are more
than twice as high as award error rates, and are robust tgp Bag changes in the covariance matrix for
(£a,€4, &) in directions that are favorable to SSA (i.e. which tend wuee classification errors). Interest-
ingly, finding b) is consistent with the Nagi study discussesdection 2: that study also found that rejection
error rate was more than twice as high as the award error Tae19% award error rate in the Nagi study
is consistent with panel b of Table 5, although the rejectioor rates in Table 5 are uniformly higher than
the 48% rejection error rate found in Nagi’s study.

Note that the Bayes estimates of classification error rageguite close to the classification error rates
that result from the assumption theht= T with probability 1. This suggests that self-reported oiia'iabd~ is
a very accurate measure of true disability statusnd is consistent with the results of the previous section
that suggest that self-reported disability is actually aeraccurate indicator of true disability status than

the Social Security’s award decision.

7 Analysis of the sources of errors in the disability award pocess

This section attempts to provide more insight into the sewfcthe high classification errors in the SSA's
disability award process. We analyze the multi-stage awaid appeal process that was summarized in
section 5, assigning classification errors to each stagheoptocess. In order to carry out this analysis,
we will need to invoke the assumption thit= T with probability 1. As we noted in the previous section,
our estimates of classification error rates are not subalignaffected by this assumption relative to the
assumption that bota andd are noisy indicators of true disability stattis

Figure 4 presents a simplified schematic diagram of the S&Mplete disability award process, with
estimated classification error rates presented at each sfage process. The first level of the figure rep-
resents the individual’'s decision whether or not to apphfenefits. Over the period of analysis, 4.1% of
individuals in the HRS applied for DI and the remaining 95.9% not apply. The final node presents
the outcome of the overall award process, including all iptsssappeals. The ultimate award rate is
76.6%, with an award error rate of 23.2% and a rejection eat® of 53.5%; that is, P& = 1) = .766,
Pr(d=0]d=1) = .232, and Pfd = 1|4 = 0) = .53523

Although the magnitude of these classification error ratesiges evidence of considerable noise in
the DI award process, it is clear that the SSA award decigi@not arbitrary. Figure 4 indicates that ~

is an informative signal, positively correlated widhthat succeeds in partially differentiating disabled and

23 Notice that these numbers are slightly different from thesoin Table 4 due to the fact that in this figure we are not Btg
the sample of applications to be in a one year window arouridtarview date.
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non-disabled applicants. In particular, a disabled apptidhias an 82.5% probability of ultimately being
awarded benefits compared to the much lower award rate d¥Gtdranon-disabled applicants. Still, 62.1%
is a surprisingly high award rate for non-disabled applisasuggesting that there could be relatively high
returns for “imposters” to apply for DI benefits. This may be teason was why 29.5% of DI applicants

report that they are not disabled (see Level 1 of Figure 4).

Figure 4: Analysis of Classification Errors in SSA’s Disabilty Award Process

Level 2 of Figure 4 shows the results of the SSA's first-stagard decision made by one of the 54 DDS
centers, as discussed in Section 4. For our HRS sample, shatiige award rate is only 57%, far smaller
than the 76.6% ultimate award rate. This suggests that iibibity threshold is significantly higher at the
DDS stage than at the ALJ appeal level, depicted in level 4ignire 4. In particular, although the rate of
award error is the same for the DDS stage as for the overalidapracess, the DDSs incur a significantly

higher rate of rejection errors, 64.4% vs. 57.7%, respelgtisuggesting that the DDS centers are erring on
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the side of rejecting applicants. This might be a reasorstbd¢egy, since a rejected applicant has the option
to appeal, whereas DI awardees are unlikely to leave the egltept via death or conversion to Old Age
benefits at age 65. It seems plausible that the SSA perceiykeripolitical and financial costs to making
an award error relative to a rejection error, since the foroa® be more visible (e.g., via media exposés)
and perhaps more difficult for the SSA to ferret out via Camtig Disability Reviews (CDRs). It is quite
likely that the SSA may perceive a lower cost of rejectingli@ptions at the first stage, especially since an
individual is entitled to appeal an early rejection.

However, the conclusion that the DDS stage is more stringedtmore inaccurate than later stages is
not warranted given the self-selected nature of the pooppfieants choosing to appeal DDS rejections.
This can be seen from level 3 of Figure 4. Although about tinads of rejected applicants choose to appeal,
disabled candidates are much more likely to appeal thardisabled candidates (73.1% vs. 46.6%). This
implies that the self-selected pool of appealed casesaems by the ALJs has a higher proportion of “truly
disabled” applicants than does the initial pool considdredhe DDS (74% vs. 70%). Of the 52% of the
initially rejected applicants who chose not to appeal, 628awn-disabled.

The fourth level of Figure 4 represents the ALJ decision. &ard rate at this stage, 71.7%, is sub-
stantially higher than at the DDS level. Despite this, theJAlward error rate is slightly lower than that
incurred by the DDSs (22.6% vs. 23.4%). This provides coentdence to the claim implicit in the GAO
study of the appeal process discussed in section 2, narhatythie ALJs are too lenient and increase award
errors through judicial reversals of poorly documented @lsesumably valid) rejections at the DDS stage.
Our results suggest that the ALJ contribution to the awaodgss is beneficial, decreasing the high award
error rate incurred by the DDS. Interestingly, we see thatr#te of rejection errors among ALJs, 65.3%, is
actually slightlyhigherthan the 64.4% rejection error rate at the DDS level.

In terms of the type-dependent success rates, both disahtkton-disabled applicants have a higher
chance of being awarded benefits at the ALJ stage than at tisedidge. However, the ALJ does improve
a disabled applicant’s odds of being awarded compared sethba non-disabled applicant. Atthe DDS
stage, disabled applicants have a 31% higher chance (1#&éntage points) of being awarded benefits
than non-disabled applicants. This difference decreas&0% (or 12.7 percentage points) at the ALJ
level. Despite the fact that the ALJs offer no major improeamin screening quality, the fact that there
is significant self-selection in the appeal decision combiwith the uniformly higher acceptance rates at
the ALJ stage succeed in reducing the overall rate of rgjectirors without increasing the overall rate of
award errors. This result is contrary to the suggestiondiaihm the GAO report and the recent literature

on the disability process reform reviewed in Section 9.
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Although it is difficult to quantify how much of the screenirsgyaccomplished by the applicants them-
selves, through self-selection, and how much is achievatd$pSA, through its “monitoring technology”,
itis important to note that the ALJs have a significant acagatover the DDS due to the self-selected nature
of those choosing to appeal. That is, 74% of rejected apgpkoaho appeal are disabled compared to 48%
of those who choose not to appeal. The initially denied applis who appeal are a subset of an already
highly self-selected applicant population, 70% of whom disabled. The nature of the self-screening of
applicants is closely related to the structure of the digglsiward process, most importantly the delays at
the various stages. In previous work (Benitez-Silva e1299), we estimated the delay distributions at each
stage of the award process and showed that the “truly didabldividuals (i.e., those for whord = 1) are
more likely to persist at each stage, and ultimately be agdhlanefits.

As noted above, to the extent that SSA does make fairly atrwlassifications, most of the credit
appears to be responsible to the applicants themselvedp ddf-screening in the application and appeal
process. Part of the self-screening is due to the non-didahtividuals’ perception of the odds for being
awarded benefits. Overall, a disabled applicant has a higkgected success rate (82.5%) than does a
non-disabled applicant (62.1%). Nevertheless, this iiffee does not seem large enough to explain the
magnitude of the observed self-selection in the applioagiod appeal decisions. Another key explanation
for the self-selectivity igprocessing delayswWhile some the delays are unintentional, in that they tedul
from the rapid recent increases in application rates, deddso have important strategic consequences for
applicants. Specifically, delays tend to act as an “applinafiee” that assists the SSA in distinguishing
between disabled and non-disabled candidates. The SSAeisoabise this “price discrimination”, because
non-disabled applicants incur a greater opportunity duet t'truly disabled” individuals, for whom the
opportunity cost is, essentially, zero. However, to theeixthat there are liquidity constraints, preventing
an applicant from borrowing to finance consumption durirg lting period that an application is pending
and the applicant is out of work, delays do impose deadweigiifare costs on all applicants. A more
structural approach would be required to incorporate theslewelfare costs as an important component of
the overall costs and benefits of the current DI process.

Many of the conclusions from our analysis are consisterth wibblems that a previous SSA commis-
sioner, Kenneth Apfel, noted in the disability award pracgmrticularly the problem of excess stringency

on the part of the DDS which are counteracted by frequentsaleat the ALJ stage:
“The SSA strives to deliver the highest levels of service akimg fair, consistent and timely
decisions at all adjudicative levels. However, applicaausl beneficiaries sometimes find the

current process complex, confusing and impersonal. Sosweparceive the process as one in
which different decisions are reached on similar cases fi¢mint levels of the administrative
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review process, thus requiring applicants to maneuverubromultiple appeals steps before
they receive benefits. Furthermore, denial cases are mooe prone than are allowance cases
at the initial claims level while the opposite is true at theahing level” (Apfel 1999, p.11).

Apfel's assertion that denial cases are more error promedhewance cases is consistent with our finding:
The DDS rejection error rate is 64%, while the award errag monly 23%. In contrast, our results do not
accord with Apfel’s statement that award cases are more prome than denial cases at the hearing (ALJ)
level. Our results indicate that the ALJs have virtually $hene award and rejection error rates as the DDS,

i.e. a 23% rate of award errors and a 65% rate of rejectionserro

8 Analysis of a statistical screening rule for disability déerminations

This section shows that it is possible to outperform SSAsability award process by using an optimal
statistical screening rule to determine award decisiomg dptimal procedure takes the form of an “index
rule” that accepts applicants when the calculated digglidex X (8 is sufficiently large. We compare the
error rates incurred under the current disability proceskdse implied by the optimal screening procedure,
and show that this screening procedure significantly regitlee award and rejection errors in the disability
award process. We then discuss some caveats and probleimmsidjiis arise in its implementation. In
particular, the use of computerized screening procedurves dot obviate the need for human input. We
conclude with a discussion of some of the higher level bunedic incentive problems that are involved in
implementing alternative screening procedures, inclydlie proposed disability process reforms discussed
in the next section.

The idea behind the statistical screening rule is simplee RUR hypothesis implies that self-reported
disability d is an unbiased “signal” of true disability stat@is If SSA had the luxury of observing each
applicant’s status, it could simply used as the basis for its award decisions. But, of course, the SB4 d
not have this luxury. Suppose, however, that SSA has acoesther 1) a “training sample” of applicants
who did truthfully reveal their disability status to a neutral third party (such as the self-reports in an
anonymous survey such as the HRS), or 2) unbiased measuseafénfor a set of applicants that have
been obtained via independent determinations of a grouppefres such as the moderated team decision in
the Nagi study discussed in section 2. In either of these tges, the unbiasedness of the measurements
implies that the training sample can be used to estimatergi®pility of being truly disabled as a function
of the objectively measurable characteristicsThat is, these training samples can be used to estimate the

probability an applicant is truly disableB{t = 1|x}, as a function of their characteristigs
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Using this estimated probability, consider a test of theptithesis” that a given applicant is disabled. By
the Neyman Pearson Lemma the optimal statistical procdderehe uniformly most powerful hypothesis
test of fixed size) is a likelihood ratio testject Hy (the null hypothesis that the applicant is disabled) if
and only if the likelihood ratio exceeds a cutoff level k:

1-P{t=1x}
—= o >k 14
Pt=1x} (14)
Note that rejectindo is equivalent to the decision to award disability benefits] hnis is equivalent to the
following rule: reject the applicant if and only if the predicted probalyilbf being disabled is sufficiently
small:

P{t=1)x} < ﬁ (15)

Neyman and Pearson proved that such a rule is optimal in tisedbat no other statistical screening rule
results in a smaller probability that a truly disabled apghit would be rejected given any fixsite.In this
case the size of this “test” is equivalent to the probabitityejecting an applicant who is really disabled.
Thus, this rule is optimal in the sense that it minimizes tobability of accepting applicants who are not
disabled, given any fixed probability of rejecting applitewho are disabled.

We implement this rule by using a consistent estimat®{af= 1|x}. In our case, using self-reported
disability datad from the HRS we estimate the probabil@fd = 1|x} of being disabled. This is a consistent
estimator ofP{1 = 1|x} when the rational unbiased reporting hypothesis holdsil&ito hypothesis testing,
we set the rejection threshokd{which in our case is the award threshold) so that the tesh lpas-specified

size. In our case, we propose a statistical screening ruteedbrm
8o =1{P(d=1x) > ko}, (16)

wherea, denotes the optimal award decision d@d= [0, 1] denotes a “critical value” or award threshold.
By varying the award threshok} we can specify different award probabilities. If the SSA veaito target

a fixed award ratg, it would determine the threshold vallgas the smallest solution to
p= /I (B(d=10%) > ko} F(x)dx 17)

wheref(x) is the distribution of the observed health characteristiche applicant population.
We computed values of the thresh@lgto match the 57% acceptance rates at the DDS stage and the 76%
ultimate award rate in the current DI award process, andlyiz&ection 7. This was done by specifying an

initial guess fork,, calculating the sample analog of (17), using the empidcstribution ofx in the HRS
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data, and increasing or decreaskguntil the implied award rate matched the desired awardpdt&7 or
.76 in this case).

Table 6 presents estimates of a logit specificatiorPf(coﬂx) using the HRS data. We present two sets
of results, one for the full sample of applicants and nonliegpts, and another for the subsample of DI
applicants used in the previous section. The results atdyhgignificant and generally of the expected
signs. Specifically, the coefficients for diabetes, strakenber of hospitalizations and doctor visits, and
other indicators of poor health are all positive, and aréngtiortant predictors off =1 (i.e., the event that
an individual reports having a health problem preventirigvark). The variables “applied for DI” and
“proportion of months worked in the past year” are the two nimgortant predictors of disability status in
the full sample results.

Although there are far fewer observations in the applicabsample, we feel these results are the more
relevant for this paper since it is for this subsample thahese verified the RUR hypothesis. Because we
cannot compare a non-applicant’s reported valud with & we are unable to test the RUR hypothesis for
the larger sample of non-applicants. However, we have rmmg® priori reason for believing that non-
applicants are any more accurate or truthful than appkcaftthough non-applicants should have less of
an incentive than applicants to misreport their disabgiigtus, non-applicants are likely to be more poorly
informed about how the DI award process works, unless theg@mtemplating applying in the near future.
Thus, it is possible for a non-applicant’s reporlcﬁb be noisier and less accurate than that of an applicant.

Figure 5 plots the distribution of estimated probabiliMJ: 1|x} for different subsamples. The far
left panel of Figure 5 plots the distribution of{l%?: 1|x} for the full sample ofN = 11,098 individuals
corresponding to the left hand columns of Table 6. We seeithide full sample, most individuals have
a predicted probability of being disabled that is very cléseero. There is, however, a long thin tail
corresponding to the small number of individuals who hagh lpredicted probabilities of being disabled.
From the leftmost column of Table 6, we see that by the mosepllvpredictor of being disabled,= 1, is
the dummy variable for applying for SSDI or SSI benefits. Thddie panel of Figure 5 plots the predicted
probabilities of P{cT: 1|x} for the subsample of 274 SSI and SSDI applicants for whichave ltomplete
information on all thex variables in Table 6. We see that for this subsample, thelitibn of predicted
probabilities of P{oT: 1/x} is skewed to the right, although there is evidence of a sengnuiode in the
distribution corresponding to individuals with low vaIueisPr{cT: 1/x}. The secondary mode corresponds

to the 30% of DI applicants who are not disabled.
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Table 6: Logit Estimates Predicting Self-Reported Disabity Status d

Full Sample Applicants sample

No. Variable Estimate St. Error Estimate  St. Error
1 Constant -6.15 1.17 1.53 3.03
2 Have applied 3.15 0.28 — —
3 Non-eligible for SSI/SSDI 0.46 0.18 -0.41 0.47
4 White -0.26 0.19 0.19 0.41
5 Vocational training 0.10 0.18 0.00 0.44
6 Bachelor Degree -0.08 0.25 0.33 0.60
7 Male 0.69 0.20 0.20 0.45
8 Married -0.18 0.55 -0.20 0.87
9 Divorced -0.33 0.59 -0.47 0.91
10  Application Age 0.03 0.016 -0.01 0.05
11 Previously applied for DI -0.44 0.68 0.47 0.55
12 No. of hospitalizations in past year 0.12 0.11 0.14 0.21
13 No. of doctor visits in past year 0.03 0.009 0.03 0.01
14 Had High Blood Pressure -0.39 0.28) 0.12 0.42
15 Had Diabetes 0.23 0.30| -0.45 0.46
16  Had Cancer 0.05 0.54 0.64 0.80
17 Had Lung disease 0.01 0.33] -0.14 0.56
18 Had Coronary Problems 0.68 0.23] -0.06 0.44
20 Had Heart Surgery 0.21 0.64| -0.94 0.95
21 Previous stroke 0.71 0.86 0.29 1.07
22  Had Arthritis 0.09 0.19 -0.16 0.45
23 Back problems 0.42 0.16 -0.38 0.41
24 Feet problems 0.48 0.17| -0.07 0.43
25 Memory Test -0.09 0.03 -0.04 0.07
26 Cognitive Test -0.02 0.03 -0.07 0.08
27 Difficulty jogging 0.70 0.23 1.21 0.57
28 Difficulty walking across a room 1.00 0.49 0.66 0.83
29 Difficulty sitting for a long time 0.29 0.18 0.25 0.46
30 Difficulty getting up from a chair 0.26 0.18 0.71 0.48
31 Difficulty using the stairs 0.55 0.22 0.59 0.45
32 Difficulty carrying objects 0.32 0.20 -0.71 0.54
33 Difficulty stooping or crouching 0.29 0.18| -0.84 0.56
34 Difficulty bathing -0.14 0.58 -0.89 0.70
35 Difficulty reaching objects 0.17 0.21 0.59 0.45
36 Difficulty pushing objects 1.17 0.20 1.12 0.51
37 Difficulty getting dressed 1.13 1.86 14.4 0.87
38 Difficulty eating 1.14 1.58 -2.09 1.93
39 Difficulty reading a map 0.18 0.18 -0.30 0.40
40 Current Smoker 0.39 0.18 -0.07 0.43
41 Current Drinker -0.28 0.16 -0.14 0.39
42 Mother Alive 0.03 0.04 -0.05 0.10
43  Father Alive -0.05 0.06 -0.16 0.13
44 Proportion of months worked in past year -3.71 0.4L -0.72 0.69
45  Total Family Income ($1000) in past year 0.00 0.00 0.00 0.00
46 Respondent’s earnings ($1000) in past year -0.00 -0.00 0.00 0.00
47  Total Hours Worked (in 100) in past year 0.05 0.02 0.00 0.04

Avg. Log L/Obs. -0.0655 11,098 -0.4852 232

38



Figure 5: Distributions of Pr{d = 1|x} for Different Subsamples
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The third panel of Figure 5 plots the distribution of{Br= 1|x} that emerges when we re-estimate the
model using only the subsample of SSI and SSDI applicants @dnel corresponds to the 232 applicants
in the second column of Table 6. This distribution is evenerskewed to the right than the middle panel,
and the “secondary mode” in the distribution with values ofd®= 1/x} near zero has disappeared. We
feel this distribution is the most relevant one to use foetfatning the cutoff levels for Rd = 1|x} since
the individuals who are most likely to be aware of the SSASmdkion of disability (and thus satisfy the
RUR hypothesis) are the subsample of SSI and SSDI applickntthermore, as we have seen in Table 3,
the applicant population is very different from the full HR&8mple. Indeed, we see significant differences
in the logit coefficient estimates in Table 6 between the galinple and the subsample of SSI and SSDI
applicants. For these reasons, there is no reason to béliatthe relationship between varioxsariables
and self-reported disability statdsshould be the same for the applicant population and thedotide. The
significant differences we observe in the two columns in &@&band in the two right hand panels of Figure
5 confirm this.

Figures 6 and 7 compares the classification errors resutimg using the optimal statistical screening
rule a, versus the SSA's actual award deciseyrior the full sample and applicant subsample, respectively
While it might seem that by construction the optimal scregmule will necessarily outperform any other
screening rule, including the SSA's award rule, this willyope the case when the SSA's decisions are based
on the same health characteristicthat we used to construct the optimal screening rule. If t84 8as
access to more information on the applicant’s health sthtaus we were able to observe in the HRS, then
the “optimal” rule based on limited information will not negsarily outperform the SSA.

We calculated two thresholdg: the first enabled us to match the lower 57% first stage awé#edifdhe
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DDSs, and the second allowed us to match the higher 76% wétaveard rate for our sample of applicants
from the HRS. We compared the classification errors from fiteral screening rule to those from SSA's
actual award decisions using the same approach as in theyseection (i.e. where we continue to assume

thatd = ¥ with probability 1).

Figure 6: Computerized Screening Rule: Full Sample
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The top panels of Figures 6 and 7 compares the classificatrorsgor the optimal screening rule to
classification errors of SSA's actual first stage award dmtssthat are made by the DDSs where we adjusted
the thresholdk, so that the optimal screening rule resulted in an award rfagg@proximatelyp, = .5624
The bottom part of Figures 6 and 7 compare the classificatimrsefor the optimal screening rule to the

classification errors in SSA's ultimate award decision, aleowing for the option to appeal. In this capés

24 The actual award rate differs slightly from th = .57 target in Figure 6 since we had to condition on a subsariple o
applicants for whom all 47 covariates had no missing valkes this subsample, the first-stage award rate happenedsi@ghdy
lower, 56%. We used this actual award rate as the basis faraaparison.
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set equal to the ultimate award ra@ rather than the first-stage award rate set by the DDS.

For both the full and restricted sample, we find that the ogltisareening rule substantially outperforms
the first stage decisions by the DDS in terms of classificatroors. For example, the top part of Figure 6, the
optimal screening rule results in an award error rate of%/cémpared to the actual DDS rate of 28.5%.
Similarly, the optimal screening rule results in a largeuetibn of the rejection error: 52.9% of those
rejected by the optimal screening rule are disabled cormparé6.7% of the DDS rejectees. The optimal
rule achieves better discrimination between disabled anetdisabled applicants, yielding a first stage award
rate for disabled applicants of 66.5% and a 32.4% first stagedarate for non-disabled applicants. In
comparison, the DDSs appear to have great difficulty diatstgng between disabled and non-disabled
applicants. The success rate for disabled applicants%g74s8only slightly higher than the success rate of
non-disabled applicants, 52.1%.

In contrast, the bottom part of Figure 6 shows that the optsogeening rule does not outperform the
SSA when we use predicted probabilitiééd = 1|x} based on the full sample, and where we consider the
ultimate award rate, i.e. after allowing for appeals to ALAkhough there are still numerous discrepancies
between the SSA's award decision and the optimal screeniegthese discrepancies tend to be offsetting
so that the two procedures yield approximately the same wdtelassification errors.

Figure 7 shows that the optimal screening rule does unifproiminate the SSAs disability award
process when we compuf&{d = 1|x} using only data from the subsample of SSDI and SSI applicants
Figure 7 shows that at both stages of the disability awardga® the optimal rule dominates the SSAs
award process in terms of award and rejection error rateshdriirst stage, the optimal rule results in a
17.7% award error rate and a 52.9% rejection error rate,iwdnie significantly lower than the SSA's error
rates of 28.5% and 66.7%, respectively. For the overallgs®cthe optimal rule reduces the award error
from 25.7% to 20.6% and reduces the rejection error rate f5dm% to 38.6%. These results seem to
suggest that the smaller, more relevant subsample of Dicampé yields a better predictor dfthan does
the full sample, even though the sample is quite small. Tdugdcbe due to our conjecture that self-reported
disability is more accurately reported by DI applicantacsithey presumably are more informed about the
SSA's standards for judging disability.

We conclude this section with a discussion of several cavesgarding the interpretations of these
findings. First, there is an issue of how SSA could obtain airitng sample” of unbiased signals of true
disability status. One possibility would be to rely on syrvesults from a trusted third party, such as the
HRS, that is not associated with the SSA and can providegtesurances of anonymity and confidentiality

to motivate truthful and accurate reporting of disabilitstas. However, a drawback of this approach is that
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due to survey time and budget constraints, the set of heladtracteristicx that were collected in the HRS
may only be a small subset of the set of characteristics tieaSSA would like to use to make disability
determinations. To gather these data the SSA may want tedewrrsinning a large scale replication of the
Nagi study described in section 2. This would involve haviegms of doctors, psychologists, vocational
rehabilitation experts etc. make independent deternaingtabout whether a large sample of DI applicants
is truly disabled or not, recording the results of an extensetz of medical and health measures that the
SSA is interested in using to make disability determinatiomhis study would then provide the relevant

“training sample” from which the probability of disabilify{T = 1|z} could be estimated.

Figure 7. Computerized Screening Rule: Sample of Applicarg
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Once this disability probability has been estimated fromttaining sample, subsequent disability de-
terminations can be made by having a team of suitably gqualifaetors examine the applicant and record

all of the relevantz variables that SSA wishes to use to make a disability detextion. We recommend
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that these variables be measured by a team of doctors whganésaof the SSA rather than continuing to
follow current practice where, in effect, the SSA relies lo@zvariables recorded by tregoplicant’s doctor.
Presumably the applicant’s doctor, being an agent of thécamp rather than of the SSA, could have incen-
tive to misreport the variables in an attempt to increase the chances that themt ¢the applicant) will be
awarded disability benefits.

We would also recommend that instead of allowing the examgitéam to make the disability determi-
nation, thez variables should be transmitted to SSA and it would make #terchination if the predicted
probability of disability exceeds a preset acceptancestioiel. The advantage of this procedure relative to
allowing the examining team to make the disability deteation “on the spot” after their examination, is
that it reduces the possibility that “empathy” on the parthaf examiners could affect award decisions. It
also helps to promote a more uniform application of disgbdiwvard standards throughout the country. As
we noted in section 1, there are very wide unexplained stegeate variations in award standards under the
status quo.

Clearly, a statistical screening rule does not obviate #exdrfor human beings and some type of dis-
ability determination bureaucracy. We envision that aistieal screening rule would only be used as a
replacement for initial determinations at the DDS level.eTdppeal process would remain fully human,
allowing judgment and “intangible variables” to be consetkrather than relying only on a predefined vec-
tor z of health variables, and a mechanical implementation obitanal screening rule. Besides allowing
hard to quantify information to be considered, an appeallavalso allow the applicant to challenge the
variables recorded by the SSA's medical examiners. If tlzeméming team was found to have mismeasured
or misrecorded key variables, the relevant members of #® teould be subjected to penalties, provid-
ing further incentive for the SSA examiners to be as accuratpossible in measuring the applicarg’s

characteristics.

9 Implications for SSA's “Disability Process Redesign” Intiative

The problems with the DI determination process discusselbdrprevious sections motivated the SSA to
propose a comprehensive “disability process redesigmni plal994. The stated goal of the plan was to
simplify and streamline the sequential evaluation procsgsl by the DDS and to improve the documenta-
tion of their reasons for denials. As part of the redesigreess, the SSA considered alternative approaches
to disability evaluation usingunctional impairment indiceg/hich are standardized measures of health and

functional status. These would be designed to measure jedtiobly as possible, an individual’s ability to
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perform a baseline of occupational demands, includingcjal dimensions of work and task performance
such as primary physical, psychological, and cognitivegsses. The goal was to provide a more consis-
tent, unified, and objective basis for initial award degisio Other changes the SSA considered included
collapsing the current five-stage DDS disability evaluagpwocess into two stages, and the use of a single
“disability claim manager” who would be responsible for afipects of a given claim. Under the current
system, anywhere from 16 to 26 different DDS employees adiffierent parts of a single DI application.
Although the main objective of the redesign initiative wasdgduce delays in making disability determina-
tions, the initiative may have also been motivated by a désirobtain a more uniform application of the
standards for judging whether or not an applicant is dishble

Our analysis sheds light on these issues. In particularresuits suggest—contrary to the suggestions
of the GAO report discussed in section 2—that the high redeates by the ALJs actually servesrémluce
the classification error rates. We find that the low initiabagvrate at the DDS level produces a high rate
of rejection errors at this stage. The DDS centers appeagtiave according to a philosophy of “when in
doubt, reject”. However, self-selection is operative: welfihat applicants who appeal an initial rejection
by the DDS are more likely to be truly disabled than the ihpi@ols of applicants that the DDS evaluated.
Therefore, the relatively high acceptance rate by the Atdsbined with the self-selection in the decision
to appeal an initial rejection, significantly reduces thie 1@ rejection errors without increasing the rate of
award errors.

Regarding the larger issue of redesigning the disabilitgravprocess the SSA realized that any funda-
mental change in its disability award process would reqaisebstantial research effort combined with the
collection of new data on disabled individuals. In the mi®Q® the SSA funded contracts for the design
of a survey called the National Study of Health and ActiviySHA) and contracted with the Committee
on National Statistics (CNS) to advise it on the design of #rvey and the overall plan of research for its
disability redesign initiative. SSA recognized that “lBHeSSA invests substantially more funds to research
and development of the simplified disability determinatinathodology, the full benefits of the redesigned
process.. will not be possible.” (SSA, 1994).

The key element of its redesign initiative was a new apprdhahwould “focus directly, rather than
indirectly, on the applicant’s functional ability to workne would rely on standardized instruments for
measuring functional capacity to reach decisions.” (Wuidleet al. 2002, p. 116). SSAs proposed
new procedure for making disability determinations bearse resemblance to the “statistical screening”
approach that we have described in the previous sectidmuah the procedure that SSA envisioned did

not necessarily take the form of a formal “index rule” suclwashave proposed.
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“SSA assumed that under this proposed decision process)dfwity of disability claims would
be evaluated using a standardized approach to measuredmatability to perform substantial
gainful activity. Standardizing the approach to assessidjvidual functional ability would
facilitate consistent decisions regardless of the profess training of the decision makers in
the decision process. The new disability decision proa&sgnvisioned by SSA, would assess
a person’s functional ability once, relying on objectivéarslardized, functional assessment
instruments. SSA believed that focusing decisions on titidnal consequences of a person’s
medical impairments would permit physicians and others prbwide medical evidence, as well
as decision makers, to use a consistent frame of refereacdstiermining disability, regardless
of the diagnosis and would facilitate evidence collectignréducing the need for developing
extensive medical records.” (Wunderlich et al. 2002, p.)116

The CNS report that evaluated SSA's research plan advisgd'$8A should a. establish evaluative
criteria for measure the performance of the decision pgydesconduct research studies and analyses to
determine how the current processes work relative to thessstablished criteria, and c. evaluate the extent
to which change would lead to improvement.” (WunderlichleR802, p. 131). We believe our study makes
significant headway in all three of these recommendatiomdortlinately, the SSA subsequently decided to
discontinue its research on the disability redesign iaand the NSHA survey. In part due to concerns
raised by CNS on the design of its research plan, in 1998 “S&ferook an internal reevaluation of its
disability decision process redesign initiatives. SSAauwred with several of the committee’s conclusions
and some of its recommendations. However, rather than takiiey the additional research and redirection
of the research as recommended by the committee, SSA detmded longer actively pursue the new
decision-making process proposed in Disability Rededigih to improve the current process, focusing at
this time on updating the Listings.” (Wunderlich et al. 2002123).

In September 2003, Jo Anne Barnhart, Commissioner of S8aalirity, introduced a new set of ini-
tiatives to change the current process to determine dligilaf disability benefits. The main objectives
of the new proposal are to speed up the processing timeshwimcCommissioner acknowledges as ex-
cessive, create accountability along the process, anchdxpa employment opportunities for people with
disabilities. The most radical changes suggested by then@ssioner include the elimination of the DDS
reconsideration and Appeals Board stages of the disabilipeal process. These stages would be replaced
by a Federal Reviewing Official who will be in charge of apgetidat were previously handled by these
separate stages. The plan also establishes new “expest whib are specialized in screening applications

to make quick decisions in clear-cut cas&Jhe latter set of decisions will be made at the Regional Qffice

25 The elimination of the DDS reconsideration stage and thaticne of the Federal Reviewing position is likely to redube t
large state variation we discussed earlier in section licHdohat the Commissioner does not directly mention clasgitn errors,
but does mention the importance of accountability and suppibe creation of a centralized quality control system.ré/idetails
on the Commissioner’s proposal can be founuvat ssa. gov.
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where the team of experts will be located, even before théicappns are send to the DDSs. This set of
experts would include doctors in different areas of clihggecialty, including orthopedics, psychiatry, etc.
If the SSA were to record the disability determinations afsih teams of experts, along with data on their
measurements of physical conditions of the applicant andwsfunctional impairment indices, this could
be an important first step towards collection of data for Natgie analysis of classification errors, and pos-
sibly the first step towards a statistically based screepingedure similar to the one we have described in

the previous section.

10 Conclusions

This paper provides new insights into the operation of tha's@isability award process, the large, costly
bureaucracy that constitutes the “monitoring technologyd chief “gatekeeper” determining who receives
disability benefits. Partly as a result of large backlogsgladelays in providing decisions, unexplained
variation in state to state award rates, and the large nuofheitial denials that are reversed on appeal, the
SSA in the mid 1990s embarked on a major re-examination a@ritse disability determination process,
and introduced innovative new ideas about how it might beuetured to make it faster, fairer, and more
consistent.

Unfortunately in response to critiques raised by a studysofadesign effort by the Committee of Na-
tional Statistics, the SSA has appeared to have retreatedtfris ambitious undertaking, and has scrapped
plans for the collection of data necessary to evaluate itieg disability award process and evaluate al-
ternative designs. Thus, we are currently in a situationrevtiee most recent available study evaluating
the classification errors in SSA's disability award procesa study by the sociologist Nagi over 3 decades
ago. In light of the underinvestment in data collections ttudy has tried to fill this gap by using data from
the Health and Retirement Study to assess the magnitudesdifotation errors in SSA's award process.
Although our approach of relying on a self-reported disgbihdicator from the HRS as a key piece of
information to assess the magnitude of classification gritikely to be controversial, it represents the
only available means we have of making such assessmergs, thie government’s unwillingness to invest
in the necessary research and data collection that wouldleena to evaluate the DI award process via less
controversial (but undoubtedly far more expensive and tioresuming) methodologies.

Although there is a substantial theoretical literature methanism design” and the use of “monitoring
technologies” to solve adverse selection and moral hazarolgms, the theory has few concrete implica-

tions for the design of the U.S. disability award processprinciple, it is possible to run a DI program
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without employing any monitoring technology: the SSA cosithply set a sufficiently low benefit level
to deter most non-disabled individuals from applying. e gimplest two-type models, only those who
are “truly disabled” will consider applying for benefits ésBiamond and Mirrlees 1978). This saves the
expense of running a DI application and appeal bureauctadyimposes high costs on “truly disabled”
individuals who receive below poverty level benefits duehi® informational problems in verifying their
disability status. Akerlof (1978) and Parsons (1996) shibitrat the SSA can achieve more efficient out-
comes (higher social welfare) if it has access to a monigat@chnology, even if the signals it provides are
very noisy. However, these analyses have ignored the cbstaring a monitoring technology and have not
considered the underlying problem of how best to use inftiondrom applicants in reaching accept/reject
decisions. There is also a wider unresolved question abbethe&r disability is best viewed as a binary out-
come, or whether itis better to think of it more along a camtim, with a sliding scale of benefits depending
on the level of “partial disability,” such as is currentlyraoin Germany, Spain, and The Netherlands.

Our paper attempts to make some steps towards an empiacaédvork that could enable us to model
these complicated aspects of the disability award prodesisst step is to understand how the process really
works, and to attempt to measure its accuracy and efficieswfprtunately, we are not at the point of being
able to provide a framework for evaluating the cost-benefdd-offs of different ways of structuring the DI
award process. We begin with a relatively limited evaluatibthe accuracy of the process—an examination
of its classification errors These consist of award errors (awarding benefits to a reabldid applicant) and
rejection errors (denying benefits to a disabled applica@r analysis is simplified by the SSAs binary
definition of disability as the “inability to engage in sudnstial gainful activity.” While the definition seems
unambiguous, the actual determination of disability onseday case basis is a difficult process involving
many complicated, often subjective judgments about whetlspecific health limitation does in fact prevent
an applicant from working altogether.

The only previous academic study of the classification srirothe DI award process was done more than
30 years ago in the seminal study by Nagi (1969). Nagi’s itigason relied on independent audits of a set
of intercepted DI applicants by teams of medical expertsffétred the closest attempt to providing formal,
objective definition of “true disability”. Unfortunatelyhis approach to program evaluation is extremely
costly and time consuming, and nobody has attempted tccedplit. In the absence of a better alternative,
we proposed a potentially controversial approach to meagtirue disability,” namely, we identify self-
reported disability as true disability. Specifically, weedke HRS respondents’ answer to the question: “Do
you have a health limitation that prevents you from workimgjrely?” (d~) as an accurate measure of their

“true disability” status. This puts us square in the middl@ empirical minefield, since there have been
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many conflicting empirical studies on the reliability offsedported health measures. Some claim that such
measures are noisy, biased, and endogenous, while othethdirthey are powerful, exogenous predictors
of application, appeal, and labor supply decisions.

In an earlier study (BBCCR) we used a battery of powerful eiogli tests to show that is an unbiased
and accurate indicator of the Social Security’s ultimatemidecisiora” This paper builds on this result
by hypothesizing that bota andd are noisy but unbiased indicatorstafie disability T. By making some
additional assumptions about the stochastic structuteesttvariables we have been able to use observations
on (&, d~) to make inferences about true disabilityand calculate classification errors via Bayes rule. Our
calculations show that the classification errors in thetexjsaward process are substantial: over 20% of
DI awardees are not disabled and as many as 60% of DI rejeateafisabled. We find that these results
are robust to variations in our assumptions about the sstichstructure governinga, d,f). In particular,
even though we provide strong evidence that self-reporisabiity is a more accurate indicator of true
disability than the SSA's award decision, the estimatedsifization error rates remain very large even
when we change the stochastic structure to make the SSArslalgaisionato be significantly more highly
correlated with the true disability indicatdithan self-reported disability statds

Critics might claim that the reason our previous study thitereject the RUR hypothesis is that our tests
have low power, especially given the relatively few obsgoves of DI applicants in the HRS. However, we
showed that when we compared self-reported disalility a different definition of the SSA's award rae ~
namely thdnitial award rateof the DDS instead of theltimate award ratgwhich allows for the possibility
that initial rejections can be appealed), we showed thatamedecisively reject that hypothesis tiiis an
unbiased indicator o&."Thus, it seems unlikely that our conclusions are spuriousesult from a small
number of observations and low power tests.

Our experience with other data sets suggests that whenasslge to independently verify individuals’
survey responses, the answers are surprisingly accurast aRd Phelan (1997) showed that the distribution
of health care expenditures constructed from self-redatedicare expenses in the RHS data set closely
matched the true distribution constructed for equivalga/sex groups using the Medicare Statistical Sys-
tem. Hu et al. (1997) compared self-reported health meadarthe SSA disability records using a special
data set that linked these records for a subset of SIPPipartis. Our work will clearly not be the last word
on this subject, and we hope it will encourage further thiszakand empirical studies in this important area.

Although there is little more we can say to convince a skefbtit self-reported disability status is a
valid measure of “true disability,” we conclude by brieflgting some of the insights into the operation of

the disability award process that follows from it:
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1. There is a substantial amount of noise in the DI award pot=ading to large rates of award and
rejection errors (over 20% and 55%, respectively). The ritade of these errors is consistent with

Nagi’s findings, although an entirely different methodglagas employed.

2. While most of the analysis is carried out under the assiomphat the individual self-reported dis-
ability status is the true measure of disability, we recotapuhe classification errors under the as-
sumption that both the self reported disabilityand SSA's award decisiom dre noisy but unbiased
indicators of true disability statuds and obtained very similar estimates of the degree of ¢leston
and Type | and Il errors, even when we assume that the the algarsion is more correlated with the

true measure than the self-reports are.

3. Much of the screening occurring in the DI award processlgexed by the individuals themselves.
We find that there is strong evidence of self-selection inciidisabled individuals are substantially

more likely than non-disabled individuals to apply for bf#iseand appeal if denied.

4. 1t is difficult to estimate the magnitude and the value @& ttirect” screening that the DI award
process provides. It begins with an applicants’ pool thatsigis of approximately 70% disabled
and 30% non- disabled. Of the 75% of these applicants who lineately accepted by the SSA,
approximately 77% are disabled and 23% are non-disablediekdsr, it appears that the substantial
delays at various stages of the application and appeal ssdwa/e strong indirect effects, serving as
type-dependent “application fees” that discourage nesatded individuals from applying for benefits

and appealing denials.

5. The U.S. government GAO reports suggest that much of tise no the disability award process
results from reversals by ALJs in the appeal stage, aftéglinejections by the DDS. Our results
support the opposite conclusion, namely the DDS seem to dattongent, causing high rates of
rejection error through their willingness to err on the sideejection. The ALJ reversals succeed in
significantly reducing the rate of rejection errors (from®4 54%) without increasing the rate of

award errors.

6. We compared the performance of the disability award m®de an alternative statistical screening
rule based on an estimate of the conditional probabilitydnandividual is disabled given objectively
verifiable characteristics The computerized rule accepts an applicant for whose giestiprobabil-
ity of being disabled is sufficiently high. We set this threlshso that the computerized screening rule

would yield the same award rate as is currently generatethdo5EA. We found that the statistical
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screening rule substantially reduces the rate of classdicarrors. If we were to use our optimal
screening rule to replace the overall DI award process, e@igrthat for our sample, the award error
rate would fall from 26% to 21% and the rejection error rataulddall from 54% to 39%. If we use
the optimal screening rule to replace only the “first stagegision by the DDS bureaucracies (but
retaining human judges at the appeal level), the gains iaracg at the first stage level are even more
impressive: the optimal screening rule results in an awaxt eate of 17.7% (nearly 10 percentage
points less than the 28.5% award error rate of the DDSs), an@jaction error rate of 52.9% (14
percentage points lower than the rejection error rate oDib&s). The implementation of this com-
puterized rule seems more feasible than ever with the pegpeforms to the determination process
that Commissioner Barnhart has recently presented, whichcate for the establishment of a team

of medical experts at each Regional Office.

We believe that this paper’s principal contribution is tastrate a simple method for analyzing clas-
sification errors that may prove useful in helping to redestte current DI award process. The section
on statistical screening rules specifically suggests tissipiity that there could be more efficient ways to
process disability information. However, we are not sugggghat our computerized rule necessarily dom-
inates the current DI award process in practice. There atgrdoar of practical obstacles to implementing
a computerized screening rule similar to the one we desbtse. Applicants would have a strong incen-
tive to game the system by attempting to distort their repofix, so as to maximize their chance of being
awarded benefits. To guard against this problem, the SSAdumd its teams of medical experts who would
collect accurate measuresdfor each applicant. We presume that since these expertsiweypaid by the
government, proper incentives can be developed to make ¢lasumex as accurate as possible.

In any event, it seems clear that the DI award process cam beveompletely computerized. Human
decision makers such as expert examiners will always plagyaréle. In addition to the outright wage
costs of hiring these examiners, the designer of any colececision process has to anticipate that its
expert examiners and decision makers may not always actriecipagents in implementing its preferred
policy. This leads to a recursive problem of “monitoring thenitors”. The improvements in classification
error rates that we have found here represent a best-casiscand ignore costs associated with practical
implementation of a computerized rule. In fact, it would kave to simply substitute a computerized
screening for the current first-stage DDS determinatiorhauit a more careful modeling of applicants’
endogenous reactions to this change. In particular, if agerjzed screening methods significantly reduced
delays involved in applying for benefits, they could encgara large increase in applications and change the

relative mix of disabled and non-disabled applicants. Tds8e is being addressed in the work we currently

50



are undertaking (Benitez-Silva, Buchinsky, and Rust 2003

We are also currently working on estimating an empiricaladgic programming model of the joint
decision to work, retire, and apply/appeal for disabilignbfits. This will allow us to derive individuals’
endogenously determined “best replies” to various policgnges including specific aspects of disability
process reforms that are currently being considered by $#e 8lthough building, solving, and estimating
such models requires substantial work, we think that these fiormal approaches will provide additional

insights that will be useful in improving the disability detnination process in the U.S.
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