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Welfare programs serve an important role in providing both short and long
term assistance to low-income families and individuals. The Aid to Families
with Dependent Children (AFDC) program, for example, the bésic cash assistance
program for low-income families with children, aids about 11 million people each
month. The-impacts of mwwwmmuwmwm
have been. studied: in depth by & broed-

More recently, however, concern has also focused on the dynamics of welfare

recipiency. Much of this concern has arisen in the wake of an influential study
by Mary Jo-Bane-and-David.Ellweod-{Bane and Ellwood (1983)), which found that
although most: new AFDC-cases received welfare-for-only & relatively short:-peried
of time (two years or less) a: mnty remained:-on m
9o5ias. These long-epeil- cases Gatig-ro~wctornt for a sizabYe*proportion

'of the total caselosd st W gtven point in time, and:be-ecsasiom-the bulk of

welfare costss These findings have led to an increased interest on the part of
analysts in modeling the determinants of welfare spell durations.

Studies of the dynamics of welfare recipiency are a fairly recent
phenomenon, however, at least partly because detailed data on spell lengths and

- personal characteristics of recipients have been hard to find. Studies of AFDC
. participation by Hutchens (1981) and Plotnick (1983) examined transitions into

and out of AFDC, but did not consider issues relating to spell length directly.
The first analyses to investigate spell durations explicitly were the Bane and
Ellwood study mentioned above, which used 12 years of data on AFDC participation
from the Panel Study of Income Dynamics (PSID), and a study by June O’Neill,
Douglas Wolf, Laurie Bassi, and Michael Hannan (1984), which used not only the
PSID but also data from the National Longitudinal Survey (NLS) and from
administrative records on AFDC case openings and closings. Both of these
studies focused primarily on the determinants of spell durations, investigating
the specific impacts of demographic, economic, and program-related variables.
More recently, Ellwood (1986) has updated the PSID results, while O‘Neill, Bassi
and Wolf (1985) have further examined AFDC spells observed in the NLS, using

for d;scummof this iiterature.




several variations on discrete duration dependence models to test for increased
probability of continued participation as spells lengthen: Finally, a recent
Paper. by -Rebecea-Blank has introduced a more rigorous definitica.af.welfare
dependency-—essentially, a decrease in the conditional. probebilityeé-leaving
welfare as spell-ducation increases-and has examined dependency*wsimg-monthly
.data-on participation from the control group for the Seattle/Demwer-income
Maintanance Experiments (SIME/DIME). Ueimg—tirts definitiom, —she Finds: ,
evidence of welfare dependence across & variety of model specifieations.?.

This paper examines the dynamics of welfare receipt and the determinants of
welfare spell durations using newly available panel data from the Survey of
Income and Program Participation (SIPP). The paper considers the dynamics of
welfare recipiency in general, and, unlike for example Blank’s study, does not
examine a formal model of dependence defined as a change in the conditional
probability of a welfare exit. We hope to extend the work in this direction at

some future point, but:-the-fogus of this more preliminasy-ensminetton is-en-the
characteristics: of ‘recipieaitedgsthoprintivencerspotivdusecionsy:

The SIPP data used in this analysis provide detailed monthly information on
the demographic and economic characteristics of families and households on a
month by month basis. With the exception of Blank’s SIME/DIME data, which are
both rather old and limited to a very non-representative set of sites, all of
the other dynamic participation models seen in the literature are based on
annual data. In a monthly program like AFDC use of annual data can bias
estimated spell durations significantly. In addition, it is more difficult to
observe the specific characteristics of the AFDC unit and household at the time
of spell entry or exit using annual data, particularly where changes in these
variables occur during the year. The SIPP thus represents an opportunity for
substantial improvements in our estimates of AFDC spell durations.

2. Two other recent papers consider issues relating to welfare dynamics w:.thout
modeling dependency explicitly: Jobm Fitzgereid-(1988)
the*Survey of Income and Program Participation (SIPP) to examine the impects
of .marriage-opportunities on AFDC exit rates, and Roberton Williams and
Patrieia Ruggles have also used SIPP data to examine welfaré transitions
‘more generally.



Modeling the Duration of Welfare Spells

As discussed above, a fairly large number of authors have modeled aspects of
welfare program participation over the past several years. Such models
typically see the decision to participate (or to continue participating) in a
welfare program as an issue of choice: a woman (or couple) chooses to
participate if the utility of doing so exceeds the utility derived from not
doing so—i.e.,

Uy > Up.
The participation function, then, may be written simply as

$=U, - U, > 0.
A dynamic component may be added to this model simply by assuming that the
participation decision and its components, Uy, and Up, are reassessed in each
period, so that

$¢ = Uyt - Upe > 0.

If utility is a function of income and leisure, as is generally assumed,
plus some specific household characteristics that determine the shape of the
underlying function, then a generalized utility function may be written

U = U(H,Y,X)
where H = hours worked (negative leisure), Y = income, and X is a vector of
specific household characteristics. For both U, and U,, however, the
determinants of Y may shift considerably with changes in the X vector. For
example, consider Yn, which is a function of

Y, = £,(Eq,Eg,C,0,1),
where E, = the household head’s earnings, Eg = the spouse’s earnings (if any), C
= the child care costs necessary for the head (or if present, spou;e) to work, O
= other income (for example, alimony or child support), and I = the information
and search costs involved in obtaining a job in the first place if either the
head or the spouse does not currently have one. Similarly, Y, will also be a
function of both E,, and some other important factors:

Yy = £,(E,.C,0,B,E), where
E, = earnings during welfare recipiency periods, for any earners in the
household, C and O are as above, and B and E relate to the available welfare




programs: B = the benefit for the family’s size in its state of residence, and
E is a vector of family characteristics related to the stgte's welfare program
eligibility rules.

As may be seen, both Y, and Y;, are dependent on specific variables related
to the X vector of family characteristics. These include for example the number
and ages of children in the household (the primary determinants of child care
costs); the presence of a spouse; the head’s marital history (which is likely to
affect other income such as alimony or child support); and the head’s education
and /or job skills (which will affect not only potential earnings but also the
information costs of finding a job.)

The X vector of family characteristics may also influence the shape and/or
location of the utility function more directly, if perceptions about the social
acceptability of welfare program participation also affect the relative utility
of welfare receipt. -For seme-individuals, welfare recipiency may be.perceived
as a source .of social stigma;-decreasing the likelihood that, all eise-held
constant, they will choose to participate in wefare programs. Otheve-wmey-be
less affectedi-féf*enu-p&ew*sn--lay_belang to a subculture that-dees-net-vegard
welfare recipiency as particularly deviant, while others may-simpiy-cate less
about deviation from'social norms in-gemeral. wWhile it is difficult to test
directly for these factors, the presence of other behaviors that deviate from
social norms—for gxample, a birth while unmarried—may indicate a higher
tolerance for stigma effects.

In essence, then, this model predicts that factoss-that: teduce- potential~
income from non-welfare sources such as earnings will-ineveese spell: durations,
ell else held cormseent. Additionally, to the extent that certain individuals
experience less stigma as a result of welfare recipiency, they would also be
expected to have longer spells.

Data and Methodology

The data used in this study are drawn from the 1984 panel of the SIPP, which
follows an initial sample of about 53,000 people over a period of 32 months
starting in the fall of 1983. The single biggest advantage of the SIPP is that




it collects monthly data on income, household composition, and program
participation for a fairly large, representative sample of households. Because
these data are longitudinal, however, month to month inconsistencies in
reporting that could not be observed in a cross-sectional file become very
apparent. AlS@y-88.&-new. £iley the SIPP-has'not-undergone the careful editing
procedures. that are-applied to other Census Bureau data products, and
particularly for longitudinal analysis, some further editing is typically
-necessary. The AFDC file used in this analysis, which contains 491 cases with
observed AFDC spell entries, was constructed from a version of the 1984 panel
file that had been substantially edited for consistency. The edits applied are

described in detail in Coder and Ruggles (1988), and will not be further
discussed here.

The methods used to examine the determinants of welfare spell durations in
this paper apply to a dynamic version of the basic choice model discussed above.
First, a survival function for welfare participation is estimated by defining F*
(t, X¢) as the cumulative distribution of time on welfare, with X, defined as a
vector of relevant household characteristics and program parameters, as above,
and with F* representing the results of a series of participation decisions, #;
through ¢.. At any time t, then, F*(t,xt) may be seen as representing the
probability that the duration of welfare for someone with the given X vector of
characteristics is < t. The density function associated with this distribution
of survival times may be denoted f(t, Xe¢). The survival function for
participation is then simply the proportion still on welfare at time t—that is,
S(t,Xg) = 1 - F*(t,X¢). The instantanecus rate of exit from welfare, or the
hazard rate for exits, conditional on participation up to time T=t, is then
given by

A(t,Xe) = lim prob(t<T<t+8t|T>t,X¢)
St=*0 ot

- f(tr Xt)/s(toxt)
= §(-1n(S(t,X¢)))/8¢t.




If this is integrated, the survival function becomes
t
s(tlxt) - exp('gk(urxu)du) .

The specific functional forms of the hazard model that are estimated here
include both a Weibull and a loglogistic distribution for the hazard function.
The Weibull distribution is relatively easy to estimate and is therefore often
chosen for survival analyses of this type, and is shown here to offer a
benchmark for comparison with other studies. The loglogistic distribution was
chosen because Blank, who investigated a number of possible functional forms,
found that the loglogistic provided the best fit for her AFDC spell data, which
appear to be distributed quite similarly to the SIPP data. 1In fact, in
preliminary goodness-of-fit tests across the Weibull, loglogistic, exponential,
and log normal distributions for our spell data the loglogistic function also
appeared to provide the best fit for the SIPP results.3

Estimates of the Duration of Welfare Spells

Before turning to the results of the model of the determinants of duration
described above, it may be instructive to examine some simpler estimates of
spell durations by recipient chara;teristics.4 These data, shown in Table 1,
make it clear that the-use"o¥ monthly data on participatiomndoes:-result in
substantially shorter estimated spell durations than those: found by Bane and
Ellwood using the PSID. As“thé first column of Table 1 shows, more than half of
all AFDC recipients have left the program by the end of the first year—the
median spell length is about 11 months, in contrast to the median of about 2°

3. See Allison (1982) and Tuma and Hannan (1984) for more discussion of
modeling a time-related dependent variable in a survival function context.

Blank (1986) also discusses the implications of using alternative hazard
distributions. v

4. The estimates presented here (and throughout the paper) are for first
observed welfare spells only (although in a small number of cases very short
intervals between spells were edited out, using the procedures described in
Coder and Ruggles (1988)). Further examination of multiple spells will be
undertaken, but the SIPP observation period is so short relative to the
median spell length that in practice only a few returns to welfare can
actually be observed.
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M')( A yours fothd by Bane and Ellwood. As discussed earlier, the major reason for
J .
%;4; MWU this difference is probably the fact that spells are measured in months rather

than years in the SIPP data.>

Table 1 also demonstrates that there are indeed substantial differences in
predicted spell durations for different subgroups within the population.
Mothers who have never béeh mAFtied are likely to have considerably longer
spells than the ever-married group (who are predominantly divorced or
separated). The median-spell-dusation for never-married welfare recipients is
between 17 and 18 months] compered~to-Just tvér 8 months for the ever-married
group. Additionally, 40 percent of the never-married mothers-ave-weiil
receiving welfare-@fEer-two-yencs.

A second variable that appears to have a considerable impact on spell
durations is employweit status. Recipignts who were empleoyedwiwwebthes.the.
menth before or the -month of the start of the welfare spell™¥retheiy.£o ..
experience much-shorter spells than are these-whe were. not-tecently employed.®
The median spell length for those employed immediately before the start of the
welfare spell is less than 5 months, compared to over 12 months for those who

were not employed. This.employment:-variable, which is a very-besie-indicator.of

labor-force attachment, may be picking up both a measure T tommttment-to-werk.
and some indication of employment-related-skiiis:’! Showsssith-recent laboe-

5. This estimate is consistent with the median of about 10 months estimated by

O’Neill et al. on the basis of administrative data on AFDC case openings and
closings. It is lower than the median of about 18 months estimated by Blank

using SIME/DIME data, but these data were not nationally representative.

6. This employment variable was constructed to parallel the "job loss" variable

used in our previous work on transitions onto and off of welfare programs
(see Williams and Ruggles (1987)). In that paper, we found that loss of a
job was a fairly strong predictor of welfare entries in the same or the
succeeding month, but we hypothesized that such entries were likely to lead

to relatively short spells. Our research here confirms that hypothesis. 1In

fact, subsidiary analyses for this project found that duration estimates

were not terribly sensitive to the exact specification of the employment

variable—anyone. -ceporting e TOPNENTE-SERMIE: Sy wite

xe welfare spell was-likey-to-have.a much-shorter. than average-speil
ration.

7. Ideally, a broader measure of job skills, such as educatiern-sheuld-also.be
examined, but data on educational attainment are not available on the

specific SIPP extract used for this study. They are available on the larger

(Footnote 7 Continued on Next Page




- ility to find and hold a job, and:-are
dikely, on average, to have more such skills than those with no recent job.

Other variables examined in Table 1 include race and the age of the family’s
youngest child. Race does- appear to make a-difference, with monr-whites
experiencing a median &pedl-af just under 16 months, compared to about & months
for -whites. As with the other two variables, differences in spell durations for
the two subpopulations were significant at the one percent level using either a
log rank or Wilcoxon rank test. Presence of a young child in the household,
however, does not produce significant differences in spell durations, even
though it might be expected to increase child care costs, holding down the
probability of spell exits through employmem:.8

Although the results presented in Table 1 make a strong case for differences
in expected durations for those in different subpopulations, they do not give
any indication of the relative importance of specific variables in predicting
spell durations. Table 2, which shows the outcome of the two forms of the
duration model outlined above, allows us to consider the impacts of these
variables on spell durations while also taking the effects of other factors into
account. In addition to the four variables shown in Table 1, the duration model
includes information on family type, the number of children in the AFDC unit,
the age of the mother in the unit, the maximum AFDC benefit (normalized for a
family of three) available in the unit’s state, the unemployment rate in the
unit’s state, and the unit’s other income. Family type is included on the
theory that units that are embedded in larger households (i.e. subfamilies) may
be able to draw some support, both financial and in terms of child care, from
that household, increasing their liklihood of exit from AFDC. Addikienal
children; o the othér hand, directly-increase ADFC benefits (which rise with
family size) while indirectly decreasing the returns to work, through their .

(Footnote 7 Continued from Previous Page)

SIPP-fite;—and will be added to this analysis as-soon as we-cen-add them ta-
Qus-dataset.

8. Age cutoffs below 6 years were also examined, and were also found to produce

only insignificant differences between those with and wlthout young
children.




10 l
Table 2 l
Duration Models for Welfare Spells
Mean Value Weibull Loglogistic '
of Variable Hazard Hazard
Constant 2.287** 1.766** l
(0.410) (0.416)

Race0.63 -0.215 -0317* l
1=White (0.145) (0.147) l

Marital Status 0.67 -0.650** -0.527**
1=Ever married (0.179) (0.181) l

Employment Status 0.71 0.601** 0.670**
1=no recent job (0.135) (0.145) I

Presence of Child Under 6 067 -0.002 -0.003
I=yes (0.146) (0.152) l

Family Type 072 0.242 0.217

~ 1=n0 subfamily (0.160) ~(0.167) l

Teen-aged Mother 0.75 -0.189 -0.331*
1=no (0.183) (0.194) .

Number of Children 1.86 0.149** 0.155**

(0.058) (0.58) .

Maximum AFDC Benefit 365.64 0.00002 0.00001

(0.00005) (0.00005) l

Other Income 45.10 -0.0005 -0.0007 .

(0.0005) (0.0005)
Unemployment Rate 7.96 0.039 0.047 l
(0.039) (0.039)

Source: Calculated from a 32 month panel of the 1984 SIPP. l
Standard errors in parentheses. .
“*Signiﬁcant at the 1 percent level. l

Significant at the 10 percent level.
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potential impacts on child care costs. Both of these effects would be expected

to increase spell lengths. Igenaged.BOthers.mAV. hAREeWRE-IQb-Ekille-ohen

AGLAuRted-for, Both variables are significant at the 1 percent level in both
versions of the duration model, and both have large associated estimates.? As
seen earlier, e ' : s

incresses durstions. THE TOmber of children in the AFDC-unit is also highly

s@‘ﬁi’trcmmbo&x«mdeif:”wﬁllatger numbers—-of children increasing expected
spell durations, as expected.

The presence of young children has no apparent impact on durations in either
model._ Race is significant at the 10 percent level in the loglogistic version
of the model, but not if a Weibull distribution is used. In both cases the sign
is in the expected direction. The correlation matrices for these models
extent;: mewm presence of -a-teenaged-mothes). The
presence of a subfamily is also not statistically significant, but has a sign as
predicted above. Presence of a teen mother does appear to increase expected

9. 1It should be noted that the estimates shown in Table 2 refer to the
likelihood of remaining on AFDC, rather than the likelihood of exiting
(which is more commonly shown) and as a result all of the signs of the co-
efficients are the reverse of those seen in exit models.
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spell lengths, but is significant only at the 10 percent level, and only in the
loglogistic version of the model. PFin®}ly; maxifhim Heréfit Ievel¥; sther
income, and unesployment rates are all insignificant, although all have signs in
cxpucud'dtmim
The results seen in Tables 1 and 2 have some important 1mp11cations for an
understanding of welfare dynamcs.
pothers and: Mﬁﬂr no-4ely

: . *i:tkeiy +0 ‘experience
.much. longer welfaze w-wmmmmmﬁmmm
Locabidg-empboyeds: As discussed above, the marital status impact may well

arise, at least in part, out of different perceptions about welfare use among
unmarried mothers and those in the larger society as a whole. Unmarried mothers
may be more likely to belong to a subculture where welfare use is considered
relatively normal-—or alternatively, women who become mothers while unmarried

may simply have a higher tolerance for deviations from social norms. m

Qis-d-greater-asceptance of social norms G- . , :

In sum, although these findings are preliminary and substantial work remains
to be done, they emphasize the importance of the mother’s basic socio-economic
characteristics in predicting welfare spell durations. These characteristics
are undoubtedly related to real differences in womens’ job opportunities and

potential non-welfare incomes, but they may be at least as important for their

influence on perceptions of the acceptability of welfare use and the
availability of other options. it e

youngest child,. which are clearly-reiased- - ppe: N e
. impact. on epell-leagths may_indicate. thet potential satnimgs-velative-to
bensfits: use” in deciding whether to-continue.

These findings also demonstrate, however, that for many mothers,
particularly divorced and separated women with some recent work experience, AFDC
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spells are likely to be quite short. For these women the program clearly does
serve primarily as a source of very short term emergency support. Wedfate-.
recipiency is lmlquwmﬁfwwumﬂyoi women who enter as
never-married mothersy-but-even for- this group the median-spell duration is
between 17 and 18" monttre=talthough about 80-percent of such motherswwhosd Siells
exceed the pedian-ase. still tecipients a.yeas-latec). At 2 .ninimum,-them, these,
findings suggest that attempts- to decrease-dependency will have the highest

experience, and.-that-other -tecipients-are ‘Tikely to leave-tho-progvem-faizly
quickiy-ousnwitontrintssention.
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Preface

This working paper provides two contributions by Barry Bye
and Sal Gallicchio of the Social Security Administration
related to the estimation of variances from the SIPP public-
use files. The 1984 public-use data files of the Survey
of Income and Program Participation provide pseudo stratum
and pseudo primary sampling unit codes that permit direct
estimates of sampling errors. The first note is a reprint of
an October 1988 Social Security Bulletin article describing
a methodology for calculating sampling errors directly from
the SIPP public-use file. The authors applied this method to
the calculation of variances for persons part1c1pat1ng in
programs administered by the Social Security Administration,
and empirically show an apparent sensitivity of generalized
variances (as found in the SIPP Users’ Guide and Technical
Documentation) to curve fitting procedures.

The second note in this worklng paper reports the results
of comparisons of direct variance estimates from the public-
use file with variance estimates based on the original sample
design (computed by Census Bureau staff). The authors conclude
that the variance estimates are very much alike, suggesting
some validity for the direct variance estimates using the
pseudo design codes.
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Two Notes on Sampling Variance
Estimates from the 1984 SIPP
Public-Use Files

by Barry V. Bye and Salvatore J. Gallicchio*

The Census Bureau's Survey of Income and Program
Participation (SIPP) provides data that can be used to study the
characteristics of Old-Age, Survivors, and Disability Insurance
(OASDI) and Supplemental Security Income (SSI) program
participants. It-is important that estimates of sampling errors
accompany such studies because the estimates may have large
sampling errors due t0 the small number of sample cases
available for specific analyses. The geaeralized sampling »
variances. provided by the Census Bureau did not idemify =
separately either program's participants and, therefore, dernot
perwain directly to analyses of these groups. This article
describes an approach to the direct computation of sampling
variances for OASDI and SSI program participants. The
approach uses the pseudo stratum and half-sample codes
available in SIPP public use data files. A table of generalized
standard errors is constructed for participants of both programs
aged 18 or older. Generalized standard errors could not be
computed for child beneficiaries under age 18 because of a wide
variation of design effects across subpopulation estimates.

The Survey of Income and Program Participation
(SIPP) provides data that can be used to study the
sociocconomic characteristics of persons participating in
programs administered by the Sucial Sccurity
Administration (SSA): Old-Age, Survivors, and
Disability Insurance (OASDI) and Supplemental Security
Incomc (SSI)." Currendy, data from the initial 1984
SIPP panel are available. The 1984 pancl coasists of
approximately 20,000 houscholds comprising about
54,000 individuals. Through a special algorithm
developed by SSA, about 8,000 of these individuals have
been identified as OASDI and SSI program participants.?
Included among them are about 4,600 retired-worker

*OfTice of Research and Statistics, Offics of Policy, Social Security
M}miniwuim.

D.m:nuiom on the SIPP can be found in Dawn Nelson,

id McMilkn, and Daniel Kaspryzk, An Overview of the Survey
of Income and Program Participation (SIPP Warking Paper Series,
:J:‘.slwl.updml).lnmudmambmnmdmm
"Denton R. Vaughan, A Survey-Bused Type of Beaefit Code for
theSomIScum.y‘Pmn- (ORS Working Paper Series), Office of
Research and Statistics, Social Security Administration (forthcoming).

beneficiaries, about 600 disabled-worker beneficiarics,
and 700 aged, blind, or disabled SSI recipicats. The
remaining participants are survivor, spouse, or child
beneficiarics.

To provide summary SIPP data on SSA program
participants 10 the public, a special sct of tables
was introduced in the Annual Statistical Supplement to
the Social Security Bulletin for 1987.° The tables :
pertain to the civilian noninstitutionalized population
receiving OASDI and SSI payments. They focus on
three major themes: the composition and level of income
of persons receiving different types of OASDI benefits,
the general characteristics of persons aged 18-64
receiving OASDI or SSI payments based on disability,
and similar information about SSI recipieats aged 18 or
older. The unit of analysis in these tables is the
individual recipicnt.

Many of the distributions and income lcvels shown in
the Supplement tables are bascd on a relatively small

*Annual Statistical Supplemicat o th Sociul Security Bulletin,
1987, Offics of Ressarch and Stlistics, Social Security Adminisration,
1987, tables 15-22.




number of sample cascs. Summary statistics generated
from small numbers of cases can be imprecise due to
large sampling errors (variances) and often suggest
differcnces between subpopulations when no real
differences exist. It is important, thercfore, that
cstimates of sampling errors be provided along with the
estimates of dircct interest.

The Bureau of the Census has provided generalized
variance curves for a number of quantities from the
1984 SIPP pancl. These curves do not identify OASDI
or SSI recipicnts scparately; therefore, the curves do not
pertain directly to SSA program participants.
Fortunately, provisions were made for the direct
calculation of sampling variances of SIPP estimates
using special codes available in the SIPP public use data
files. These codes allocate the SIPP sample cases to a
sct of pseudo strata and pseudo primary sampling units.
The codes permit dircct estimates of sampling variances
to be obtained by a number of methods.

The results of dircct sampling variance computations
for SSA program participants are presented in this
article. The approach used to estimate the variances was
the method of balanced half-sample replication.’ The
appendix at the end of the article includes the detailed
specifications for cstimating sampling variances from the
SIPP using the same techniques that were used for the
computations presented in this article. The resuits of the
calculations also arc provided in sufficient detail to be
uscd as a benchmark.

Sampling variances were computed for more than 300
population estimates, cross-classifying the recipients by
scx, age, marital status, and type of beneficiary. A
curve was fit to the estimated variances and was used to
produce tables of generalized standard errors. The tables
of gencralized standard errors can be applied directly to
the data prescnted in the Supplement for program
participants aged 18 or older and also can be used with
other analyses from wave 1 of the 1984 SIPP panel that
pertain to SSA program participation of adults. A
separate analysis for child beneficiaries under age 18
showed that estimated standard errors were strongly
associated with family size. As a result, tables of
generalized standard errors that would be applicable to a
variety of estimates for this subpopulation could not be
developed.

The generalized variance curve presented in this
article yields variance estimates that are markedly
different from those gencrated by curves from the
Census Burcau. In part, the difference may be due to

“‘Survey of Income and Program Participation, User’s Guide,
Bureau of the Cenwis, Department of Commerce, July 1987, pages 7-1
through 7-27,

*Kirk Wolter, Introduction to Variance Estimation, Springer-
Verlag, New York, 198S.

the fact that variances of individual items estimated from
the pscudo sample design may differ from those
estimated directly from the original design. However, a
part of the difference appcears to be due to diffcrences in
the fit of the curves employed by the Census Bureau and
by SSA staff, even though the functional form was the
same. The SSA results appear to be more appropriate
for variance estimates of OASDI and SSI program
participants.

Sampling variances were also computed for some of
the median income amounts shown in the Supplement.
The variances and estimated sampling covariances
between the medians were uscd to test hypotheses about
differences in the size of the estimated median income
amounts amoag various subpopulations.

Methodology

mmﬂwwmug

and has. mmm wride vniay of statistical
estbilhos. This method presupposes that the primary
sampling units for the population have been assigned to
one of L strata, and two of the units are sclccted with
replacement from each stratum with probability
proportionate to size. Half-sample replicates of this
design can be formed by sclecting one of the two units
from each stratum. For a sample design with L strata,
there are 2L such half samples. If an estimate. of the
statistic of interest is made in cach-haif:-sumple-and in
the full sample..then the avesage-squared différence
between half-sample and full-sample estimates from any
subsct of half samples provides an estimate of the
sampling variance of the statistic. Thewtnnatcofthe
sampling variance is most precise when all 2L haif
samples are employed.

When L is large, one would like to use only a part of
the 2L half samples to estimate the sampling variances
without loss of precision. it turns out that special sets of
particularly good candidates. Estimates of sampling
variances from these special scis are algebraically -
cquivalent to those obiained using all half samples. Also,
when the full-sample estimate is a linear function of the
half-sample estimates, the average estimate over the
balanced, orthogonal sct will be cqual to the full-sample
estimatc. The minimum numbcr of half samples required
for a fully halanced orthogonal sct is the smallest
multiplc of 4 which is greater than the number of strata
in the sample design. For designs with many strata, this .
number will be much smaller than the total number of




possiblc half samples. Descriptions of balanced,
onhogonal sets for many designs are provided in the
litcrature.*

Once a sct of half samples has been identificd,
cstimated samplmg variances are particularly easy to
computc. Letg (c=l. ... «K) denote the estimator of the
population parameter of interest computed from theath
half sample, and let @ be the corresponding estimate
from the full sample. An estimator of the samplmg
;;mncc of 6, V(g), based on K half samples is given

K

v = z 6, - UK
a=| U

When 6 is a lincar function of the 6, , so that

-y

then (1) provides an unbiased estimate of the variance of
6. When 6 is not linear in 6, (for example, 8 is a ratio,
a median, a correlation coefficient), thea 6 # 8 and the
expected value of V(8) differs from the variance of by
an amount often well approximated by [E(@ — 6)]2. Thus
if 8 is close to 8, cquation (1) will provide a good
approx’muuou of the sampling variance when 6 is not
lincar.

Variance Curve

A two-paranicter curve was fit to the variance
estimates obined by the replication micthod. The curve
specified the relative variance (Rv), the variance divided
by the square of the estimate, as a function of the
cstimate.

Rv(x) =a + b/x )

where

a and b are cocfficients to be estimated,
x is the cstimated population total, and
Rv(x) is the estimated relative variance of x— that is,

Rv(x) = V(x)/x? .

“R. L. Plackett and J. P. Burman, **The Dusign of Optimum
Mulufm Experiments,” Biometrika, 33(1946), pages 30S and 325.

"Wolier (1985), op. cit., references a number of empirical
investigations supporting the use of equation (1).

This functional form has provided a fairly good
representation of the relationship between Rv(x) and x in
other surveys. lts use is motivated by the following
considerations. *

The design effect (Deff) for a particular estimate, x,
from a complex sample design is defined as the ratio of
the sampling variance of x under the design to the
sampling variance that would have been obtained from a
simple random sample of equal size. For a sample of
size n from a population of size N, the simple random
sampling variance of an estimated total, x is given by

var(x) = var(pN) = N2PQ/n

where

P = X/N, is the true population proportion,
X is the population total estimated by x,
Q= 1-P, and

p is the sample estimate of P.

The \;ariancc of x from a complex design of the same
size can be expressed as

var(x) = Deff (var(x)) = Detf (N2PQ/n).
The relative variance of x is given by
Rv(x) = var (x)/X? = Deff (Q/Pn)

= - Deff/n + (N/n)Deft/X. 3)

Equation (3) has the same form as equation (2) where
a = -Dcff/n and b = (N/n)Deff. If it is reasonable to
assume that a constant design effect exists for a
particular set of estimates, then the estimated relative
variances for those items may be accuratcly represented
by a two-term curve of the form in (2) from which
generalized variances can be computed.

The mecthod used to estimate the cocfficicats in (2)
was an iterative procedure that minimized the function

m[m-m]

Rv; is the computed relative variance for the ith
item;

‘l‘lvi is the estimated relative variance for the ith itcm
from the curve;

'Sce, for example, The Current Population Survey: Design and
Methodology (Technical Paper 40), Burcau of the Census, Department
of Commerce, January 1978.




Rv{ s a weight for the ith item. It is sct equal to the
computcd rclative variance, Ry;, in the first
iteration; for all subsequent itcrations it is sct
equal to the estimated relative variance, Rv;,
from the previous itcration.

I is the number of items to be fit.

This cstimation approach gives greater weight to items
with smaller estimated relative variances (and, thus,
generally larger estimated totals) and has been found to
work well in other surveys.®

Generalized Variances
for Counts and Proportions

Having estimated values for the coefficients in
equation (2), the rclative variance for a specific
estimated total, x,. can be obtained by substituting x,
into that equation. The variance of the estimated total
can bhe obtained by multiplying the relative variance by
the square of the cstimate.

A A
V(Xo) = RV(Xo)on
= ax3 + bxg O)

Equation (4) can also be used to produce generalized
estimates of variances of proportions. A proportion is
the ratio of two cstimated totals, p = x/y, where the
cases counted in the numerator are a subset of the cases
counted in the ‘denominator. In large samples, the
rclative variance of this type of ratio can be
approximatcd by the following formula:

Rv(p) = Rv(x/y) = Rv(x) = Rv(y)
or
V(p) = V(x/y) = (x/y)? [Rv(x) = Rv(y)] (5)

*There is no specific justification for this weighted least squares
approach other than the usefulnoss of its resukts. Ordinary least squares

eslimates, minimizing 1
A
z (Rv; = Rv;)?,
i=1
have heen found 1o give too much weight to small estimates, x, with

characteristically large estimated relative variances. Nonlinear least
squares estimates, minimizing N

A
z RVi-RVi 2
A L]
imil Rv;

q'p:t (o give 100 much weight to observations with large estimated
totals.

Substitution of estimates from (2) into (5) provides
gencralized variance cstimates for proportions.

A
vip) = pA{birx - i) =y M (1 = p) . ®

Tables of gencralized standard errors for estimated
totals are often produccd from cquation (4) by
computing and displaying the square root of the
estimated variances for a sct of predetermined values of
x. Similarly, a table of standard errors for estimated
proportions can be computed from (6). This table will
be two dimensional with the size of the base of the
percent on one dimension and the estimated proportion
on the other.

The balanced half-sample replication approach was
used to estimate standard crrors for the estimated
medians in table 17 of the 1987 Supplement. That table
presents median OASDI income, median total income.
and the median of the ratio of OASDI income to total
income for several bencficiary groups, cross-classified
by a number of factors.

In this article, the medians were estimated from
distributions of the variables of interest using the
following formula:'®

S¢g = S;
M-Lj+[ 30 J]wj

N;

where

j indexes the interval containing the 50th percentile;

Lj is the lower limit of the jth interval;

Sgp is the estimated population at the 50th percentile;

Sj is thc estimatced population with valucs below the
jth interval;

Nj is the estimated population in the jth interval: and

W. is the width of the jth interval.

An interval width of $25 was used for the OASDI
income distribution. Intervals of $50 or $100 wcre
employed for the total income distribution, the latter
used to capture the larger monthly benefit amounts. An
interval of .05 was used for the income ratio.

The sampling variance of M was obtained by
cstimating M in each half sample and then applying

**The estimated medians shown in the Supplement were computed
by the TPL tabulation program on an IBM system. The medians
reporied here were computed by the PASS tabulation program on 8
UNIVAC system and they sometimes differ from the Supplement
estimates by small amounts.




equation (1). This approach was repeated for each of the
three median amounts and for each subpopulation.

Statistical Tests for

Differences. of Medisns

Suatistical tests were made on the variation in medians
across the catcgories of a particular variable (sex, age,
and size of family, for exampic) within a particular
beneficiary group. The test approach follows that
devcloped by Grizzle, Sarmer, and Koch.'' Let
M, M,, ... .Mk be a set of estimated medians for k
categorics of the variable. Thcn a x — type test statistic
for the hypothesis Ho : M, = -~ =M, canbe
constructed under the aswmpuons that the M have,
Jointly, a multivariate normal distribution and that a
consnstcm csuma(c of the sampling covariance matrix is
available.'?

The sampling covariance matrix is obtained through
the balanccd half-sample method by a computation

similar (0 that of equation (1). The (i,j)th element of the
matrix is given by

K

z M@ - MO (M@-MO)K .

a=1

where

M) s the estimate of the mcdian for the rth category
from the entire population,

M{" s the cstimate of the median for the rth category
from the a th half sample, and

K is the number of half samples.

Among rctired-worker beneficiarics, in two cases, te
set of categorics consists of a cross-classification of two
factors: scx by age and sex by marital staws. In these
cascs, a sex ctfect, an age (or marital status) effect and
a combined effect were tested. For disabled-worker
beneficiarics, the type-of-family categories refer to both
marital status and presence of minor children. In this
case, the mcdians for marricd versus not married and
the medians for marricd with minor children versus
marricd with no minor children were tested.

"J. R. Grizzk, C. F. Starmer, and G. C. Koch, **Analysis of
Categorical Data by Lincar Models,”* Biometrics, Sepiember 1969,
pages 489-504.

c asymptotic normality of the estimated medians follows from
the asymptotic normality of the estimated ratios (S”IN S. IN) of

which the median is a linear function. The covariance tnmu eoawud
by hall-sampl: replication on the pseudo design is not 8 consisient
cxtimate. Still, it is belioved that the GSK test statistics provide uscful
information about the real spread in the medians, even if the true
significance kevels are not known.

Resuits

Participants Aged 18 or Older

Appendix table I preseats the population estimates,
standard errors, and relative variances for each of the
items described above. There were 326 subpopulation
estimates based on more than 1 sample case. The
estimates ranged from a low of about 7,000 based on 2
sample cases o0 a high of 38 million based on 7,943
sample cases that represent the entire OASDI and SSI
recipient population.'? The variance curve that was
dervied from the items has cocfficients'*

a = 0007
b = 5217.

Tables of generalized standard errors based on this
curve follow.'* For the estimated totals of a specific
size, table 1 gives one standard error of the estimate.
Table 2 gives one standard error for estimated
proportions with bases of various sizes.

Participants Under Age 18

When constructing estimates of family characteristics
for children, one would expect large design effects in
the estimated sampling errors. All children will tend to
report (or have coded for them) the same family data,
thus reducing the effective number of indcpendent
observations by the average number of children per
family. Bccause OASDI benefits awarded to minor
children tend to be divided among all the children in a
beneficiary family, the strong clustering effects that one
finds for child-rclated estimates are expected to appear
for bencficiary children as well.

To investigate the sampling variances for children, a
sct of cstimates was constructed by cross-classifying

A sampling variance cannot be estimated for totals based oa |
sample case. Algebraically, the balanced half-samplks estimator yiclds a
perfoct 1.0 for the estimated relative variance. Thinty-nins of these
cslls are shown in sppendix table 1.

"“I'ic estimated constant, , is positive. Akhough the rationsle
presenied suggests that a should be negative, the algorithm used (o
eslimate the paramsters does not impose this constraint. The estimated
dusign elfect from the b coeflicient is

Defl = b(a/N) = (5217) (7943/34160810) = 1.2.

Values for a and N are obtained from the first item in the variance
ubh in the sppendix.

“Variance curves were also estimated for sats of items for soveral
subpopulations of the total beneficiary population: disabled workers,
persons aged 65 or older, and persons recciving SSI payments.
Genenally, the sizes of standard ervors for similar size cells across
thase groups did not differ. A curve was also estimated for the group
aged 18 or older, using items desived from cross-classifying age,
fumly sizo, and family incoms. Again, no subsiantial differences were
wen in estimated a and b paramuters.




family size, family income, sex, and race. As expected,
a variance curve fit to all of the items exhibited a
systematic lack of fit, overestimating the computed
variances for smalicr families and underestimating the
variances for larger familics. Fitting separatc curves by
family size resulted in the following sct of a and b
parameters:

Parameter
Family size a b
| LN .0034 4922,
4....... Ceerecrenanas 0127 5849.
Sormore............ 0199 873,

’

The increasing valucs of both the a and b parameters
indicate that substantial increases in sampling variances
are to be expected, for an estimate of fixed size, as
family size increascs.

Table 1.—Standard errors for estimated population totals

Estimate Standard error
25,000, .. .0ciceeiinnennenncnnnnnnnnn . 11,436
80,000.. . 0c00teccircnccncceccnccones - 16,202
100,000....c00000eeeerecncnscecnns . 22,994
250,000.....00000000enannns seeesesad 36,738
$00,000....0000000cnacenes P 52,842
750,000, ...c000eiinneniecncancnns . 68,786
1,000,000 .. .000cceeincenceccecccnces 7,17
2,500,000....00000000000000cnnccncnn 132,954
8$000,000.....0000000c0ieeianencannn 211,284
0,800,000 .....000iieeiiiencnnnncnnns 284,417
10,000,000 .....00cereencnccenans vees 358,574
25,000,000 .....000000000000caccnnnne man
50,000,000 .....000000000eccnncnncnns 1,458,403

These results imply that the sampling variance for an
cstimated subpopulation of child beneficiarics under age
18 will depend largely on the family size composition of
the subpopulation. A sct of child-beneficiary estimates
would not be likely to exhibit a constant design cffect;
and therefore, it is unlikcly that a two-term curve of the
kind described above would provide a good
approximation to the estimatcd sampling variances for
the sct. Accordingly, no generalized variances for child
bencficiaries are prescnted. There appears to be no
substitute for dircct variance calculations in this case.

Comparison with Census
Generalized Variances

Table 3 shows csmnatcd standatd crrors from the SSA
curve and Census curve 1 for a range of estimatcs. '’
For cstimatcs lcss than 10 million, the Census cstimates
are 1.20 to 1.75 times larger than those from the SSA
curve. Some of this diffcrence could be due to
differcnces in computational schemes for the direct

"slrr User’s Guide, op. dit., page 7-S.
"The parameters l‘mn Census curve | are:

-.0000942, and b = 16059.

Percent

Base of percent 1or99] 20r98] Sor95| 8 or92] 10 or 90| 1S or 88| 20 or 80 28 or 75| 30 or 70| 3S or 65 40 or 60 S0
25,000........0... 4.54 6.39 9.95 1239 13.0 16.31 18.27 19.77 20.93 21,78 2.3 22.83
50,000......00.... . 4.52 7.04 $.7%6 9.6 11.53 1292 13.98 14.80 15.40 15.m 16.14
75000.....00000.. 2.62 3.6 .75 7.18 791 9.41 10.88 11.42 12.08 12.58 12.92 13.18
100,000........... 2.27 3.2 49 6.19 6.8 8.18 9.13 9.9 10.46 10.89 11.19 11.42
250,000........... 1.44 2.02 3.18 392 433 5.16 .78 6.25 6.62 6.89 1.07 1.22
$500,000........... 1.02 1.63 2.8 2m 3.06 3.6 4.00 4.0 4.68 4.87 $.00 s.11
7%0,000........... 33 1.17 1.82 2.26 2.50 298 3 3.61 382 398 4.08 417
1,000,000......... n 1.01 1.57 1.96 217 2.58 2.89 3.13 33l ju 3.54 361
2,500,000......... A4S 64 1.00 1.24 1.37 1.63 1.83 198 2.09 2.18 2.24 2.20
5.000,000......... 32 48 0 88 97 1.18 1.29 1.0 1.48 154 1.58 1.61
7.500,000......... .26 37 57 T » 94 1.08 1.14 1.21 1.26 1.29 1.32
10,000,000........ 23 32 S0 62 68 82 91 9 1.08 1.09 1.12 1.14
25,000,000........ 14 20 3 39 43 52 58 .63 66 69 n n
50,000,000........ .10 14 2 28 3 36 41 - 47 49 S0 St
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Table 3.—Comparison of gencralized standard errors for
estimated totals

Census

SSA curve | Percent

11440 2003S 175.1

16206 28332 174.8

19882 34697 174.5

22997 40062 174.2

36731 63316 1724

52808 89476 169.4

65708 109508 166.7

7081 - 126352 164.0

250,000................. 132446 198894 150.2
$00,000.........000..... 209962 291N 133.0
750,000........0000u0nn. 282181 339328 1203
10,000,000............... 352375 388806 1103
25,000,000............... 761853 585320 7.3

variance cstimates on which the curves are based. Both
the variance cstimators and the assumed sample design
are different.'®

Much of the difference in the curves, however,
appears to be attributable to differences in curve-fitting
strategics. The Census curve is based on 36 estimated
totals for persons aged 16 or older involving receipt of
cash and noncash benefits and labor-force activity.
Thirteen of the 36 items are estimates of the Hispanic
population with selected characteristics. Unpublished
Census Bureau data suggest that variances from curve 1
for population totals of less than 500,000 are
substantially overestimated.'® This is not surprising
because only several observations are in this range
aniong the 36 items and they are given litle weight by
the kind of curve-fitting algorithm described above.® As
indicated in the appendix, the sct of items from which
the SSA curve was derived contins a large number of
small estimates. The SSA curve appears 1o fit the
observations well for small estimated totals.

The rcasons for differences between Census Bureau
and SSA curves for larger estimates are more difficult 1o
discern. There is some indication that the design effects
for the Hispanic population estimatcs are larger than

"Census estimates were computed by the half-sample replication
uwthod using a sot of SO half samples that was not fully balanced. The
sppendix provides a brief description of the procedures used o create
tho psoudo design codes.

“For a description of the items, se¢ “*Memorandum for
Ducumcntation from Karen E. King, Subject: SIPP Variances: hems
by Generalized Variance Parameter,”* Bureau of the Census,
Department of Comumerce, June 19, 198S. The Census direct variance
estimates are unpublished and wers made available by the Sutistical
Mcthods Division, Burcau of the Census.

**The Census Bureau curve-fitling aigorithm differed from that
described above in that the relative variance for the overall population
total, T, was consirained to be zero. Thus, a + b/T = O or s = -b/T,
and b is estimuted from a one parameter model V(x) = b(1/x-1/T).
This approuach is reasonable because the case weights are adjusted to
achicve certain population totals. However, imposing this constraint
may also contribute to the overestimate of the variance for small
populution estimates.

those for the corresponding estimates for all races
combined, raising the overall level of the Census curve.
It is also possible that the design cffects for adult
OASDI and SSI program participants are generally
smaller than the effects for the Census items. Less
clustering may occur among OASDI and SSI adult
recipients in families and households, compared with
recipicnts in other transfer programs. The small number
of items on which the Census curve is based makes a
more detailed analysis difficult. At this point, the SSA
curve appears to be much preferred for OASDI and SSI
program participation estimates.

Medians

The standard errors for the medians in table 17 of the
Annual Statistical Supplement are shown in table 4.
With the exception of child bencficiaries, the variances
of the estimated medians appear to be quite small. The
sizes of the estimated standard errors rarely exceed 10
percent of the corresponding medians and are often well
under S percent. The median income amounts for
families of child beneficiaries show larger standard
errors than, for example, similar estimates for families
of disabled-worker beneficiaries even whea the
unweighted case counts are about the same. The larger
estimated standard errors arc probably the result of the
clustering effects for child beneficiaries discussed above.

The generally small standard errors are also reflected
in the test statistics for the hypothescs concerning
differences of medians. For each sct of catcgories and
each type of median, the differences between medians
across categories were statistically significant at the .05
level in most cases. When contrasts were significant, the
significance levels tended to be much smaller than .05,
usually less than 0001,

The coatrasts that were not significant at the .05 level
are described at the end of table 4. The table identifies
the specific comparisons and provides the value of the
test statistic, the degrees of freedom, and the p-value.
The following exampics dcmonstratc how the test results
can be interpreted.

The statistical tests indicated no two-way interaction
existed between scx and age regarding the ratio of
OASDI bencfits to total income for retired-worker
beneficiarics. Diffcrences in median ratios between age
groups tended to be about the same for both men and
women. The differences between median ratios for men
by age group are 13, 9, and 0. The corresponding
differences for women are very similar (12, 7, and 2).
The statistical tests did show significant scx diffcrcgucw
and significant age differences. The patcrn of median
ratios, therefore, can be described by adding sex and
age effects without the necd to adjust for particular sex-
age combinations.
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Table 4.—Standard errors for table 17, Annual Statistical Supplement to the Social Security Bulletin, 1987

OASDI benefit Tolal income Ratio®
Characteristic Median | Standard error Medisn | Standard error Median | Standard error
Retired workers
Total..ooverenenennnnnnnn. ceees T 10 1210 px] s3 1
Men............ cererereaeann 633 10 1300 30 st 1
WOmBN . ..ovveeeneennnnnnnns sis 7 1096 29 $7 1
Sex and age of Imnﬁciuy:'
Men—
L O s02 1n 1442 s4 u 2
6569....... cereeereenees Sesesns 6”2 18 1444 st 4 2
TOTh e eeiieieiiiieaiiaaas . 682 13 1282 40 $6 2
7Sorolder................... 611 16 13 3s s6 1
Women—
(% s82 39 1481 76 4 2
(L $69 19 1216 28 $3 2
MN............. Ceeeeeeenns .. 91 12 1072 Q 60 2
TSoroMer.........oiuiieiinennn. 469 9 847 4s 62 2
Sex and marital status:
Men—
Marmied .....oovviiiiiieninnnnns 697 9 1417 26 S0 |
Widowed .......ccoovvennnnnnnnn. 436 13 946 64 9 2
Divoreed .....cooiveniiinnnnnnnn. 481 kx] 759 93 64 4
Never married. ............... 476 34 293 ” 6 3
Women—
Marmied ......oooviniiiiinnnn, . 763 .8 1487 k] ] 7] 2
Widowed ........... e ceenee 97 6 760 28 61 2
Divorced ......... Cererreenenenees are 13 ™ s7 s 4
Never married.................. . 452 20 938 1S L1} 3
Size of family:
L O T 419 6 629 19 6s 1
2 POIBONS.....tiiiiiiiiiennnaaan ns3 9 1381 28 s4 1
3 persons or more................ o 669 29 2261 7 30 1
Monthly family income:
Less than $500........... ceeeees 326 7 396 6 91 1
$S00-3999 .....cviiiiiiiinienns . $20 s 743 7 " 1
$1,000-81,499.................. e n3 18 1228 7 $7 1
78 15 1722 14 4 1
793 13 2203 13 3s 1
710 4l 2176 20 25 1
$3,0000rmore..........c.c00nennnn 764 29 3891 13 17 ]
Family source of income:
Eamings’'—
b (T m 18 1946 36 3 1
No..... T 580 13 1018 29 63 !
Assots—
) £ T 622 9 1337 2 S0 1
No.ooveunnnnn. Sbesesssnbasasans 428 1] 604 2 7 2
Means-tested cash benefits—
) (YO 338 16 594 s6 s8 1
T 600 9 1247 20 $3 1
Other cash income—
) (T N 6S1 n 1461 px] 46
NO.ovvrennnnn. Ceeereeesennses . 97 7 79 24 n 2
Dissbled workers
Total........... Cevheneseoveses 2 14 1162 '} 49 2
O R, 366 12 171 s7 $0 3
WOmen . ..ooovviviiennnnnnnns 419 26 137 $9 46 4
Age of bensficiary:* .
1884................ Ceerrereenaes L77] 16 1240 83 4s 4
L T S01 18 127 s3 L] 3
Ses footnotes ot end of table
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Table 4.—Standard errors for table 17, Annual Statistical Supplement to the Social Security Bulletin,
1987—Continued
OASDI benefit Total income Ratio®
Charactedstic Median | Standard error Median | Standard error Median | Standard error
Disabled workers—coat.
Sizs of family:
Iperson.......coovvviiininnnnn... 392 26 490 39 k;) S
P L T 547 21 1202 s1 4 3
3 persons or more......... vessssiad 597 28 1628 162 39 3
Type of (nmily:’
L 578 15 1367 97 “ 2
With minor childrea. .............. n 48 1284 128 54 6
No minor children................ 547 17 1427 115 41 3
Unmamiod......ooovvvivnnnnnnnns 434 21 833 50 ss H
Monthly family income:
Less than $1,000................... 437 19 620 42 80 3
$1,000:81,999......c0veiiiinnnnnn.. 616 20 1369 49 44 2
$2,000 OF MOTE....vvuverennnnennnns 563 43 2564 113 18 1
Family source of income:
E.lmircx'—
) T 516 17 " 1831 69 3l 2
1 N 528 20 803 50 70 3
Assots—
) £ T 566 23 1512 90 41 2
1 483 16 822 53 63 4
Means-tested cash benefits—
b P N 407 34 858 67 52 4
1 2 53 16 1266 6S 47 3
Other cash income—
B T N 594 20 1574 s 41 2
NO o i i iiiaieens 4 14 884 48 62 H]
Nondisabled widows
Tolal. .. .ottt kY, 8 657 33 59 2
Age of bencliciury:’
6069 ...t 363 12 834 43 47 3
70 0f OMer..everiiinenininnnnns 386 9 579 28 68 3
Size of family:
D POMSON. e e e eeeeaeennen 363 10 an 18 n” 2
2 PEIBINS. .., 458 19 1227 82 41 3
3 Persuns Of MOFe. .. .evuuneenaennns m 1S 2104 210 17 2
Monthly family income:
Less than $1,000..........ce....n.. 361 9 4 10 9 §
$1,000-51,999 . eennneennnernnnnnnn. “3 21 1304 36 32
$2,000 OF MOF...cveeeenceeennnnnn 401 16 2939 84 13 1
Family source of income:
Eamings —
Yun.‘ ............................ 368 10 1759 184 19 2
NO etretiereenaenneennenens 3ss 10 496 20 7 2
Assels—
b £ T 403 7 825 38 sl 2
NO tenetiteeeeereeenneaneensn 316 n 408 15 LT 3
Means-tesicd cash benefits—
Yo' ooiiiinannnn. erresiuitaenes 258 12 4s4 32 59 3
NO v eniteeteeneerereeeennennnn 396 ] 706 3 59 3
Other cash income—
D T U 406 16 1033 69 39 2
NO ceitiitiee e eneenns, 369 8 525 21 ” 2

Sce footnuics of end of wable.
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Table 4.—Standard errors for table 17, Annual Statistical Supplement to the Social Security Bulletin, '
1987—Continued
OASDI bhenefit Total income Ratio® l
Characteristic Median | Standard ervor Median | Standsrd error Median |  Standard error
Minoe children ' .
Tolal..............! evevertenes 604 4 1463 114 a 3
Size of family 1
lor2persoms..........oeunvunnnnd 392 61 981 132 43 11
dporsons.......ciiiiiiiiiiiiinn - © 622 b1 1437 158 S0 7
4 PErIOns.....ouiininininnnnn.s 674 6 TS 252 46 10
L 843 101 1800 198 30 s
6 porsons or more. ............. 39 9 1348 213 as s '
Type of family:"'
With husbend/wife head.............. 601 2 1828 12 k}] 3
With single head.................... 61s . 7 181 7 9 s
Monthly family income: '
Less than $1,000................... 464 1 674 s7 81 S ,
$1.000-81,999. ...ceiiiiieinnnnn, : 700 a 1449 k) 46 3
$2,000 OF MOTe.......ccccvvnnn