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Abst ract

An Analysis of Sanple Attrition in Panel Data
M chi gan Panel Study of Incone Dynanics

By 1989 the M chigan Panel Study on Inconme Dynam cs (pPSID) had
experienced approximtely 50 percent sanple loss from cunul ative
attrition fromits initial 1968 nmembership. W study the effect of this
attrition on the unconditional distributions of several socioeconomc
variables and on the estimates of several sets of regression
coefficients. W provide a statistical framework for conducting tests
for attrition bias that draws a sharp distinction between selection on
unobservabl es and on observables and that shows that weighted |east
squares can generate consistent paraneter estimates when selection is
based on observables, even when they are endogenous. Qur enpirica
anal ysis shows that attrition is highly selective and is concentrated
among | ower soci oeconom c status individuals. W also show that
attrition is concentrated anong those wth nore unstable earnings,
marriage, and mgration histories. Nevertheless, we find that these
variables explain very little of the attrition in the sanple, and that
the selection that occurs is noderated by regression-to-the-nmean effects
from selection on transitory conponents that fade over tinme
Consequently, despite the large amount of attrition, we find no strong
evidence that attrition has seriously distorted the representativeness
of the PSID through 1989, and considerable evidence that its cross-

sectional representativeness has remained roughly intact.



The increased availability of panel data from household surveys
has been one of the nost inportant devel opnents in applied socia
science research in the last thirty years. Panel data have permtted
social scientists to exanmine a w de range of issues that could not be
addressed with cross-sectional data or even repeated cross sections
Neverthel ess, the nost potentially danmaging and frequently-nentioned
threat to the value of panel data is the presence of biasing attrition--
that is, attrition that is selectively related to outconme variables of
i nterest.

In this paper we present the results of a study of attrition and
its potential bias in one of the most well-known panel data sets, the
M chi gan Panel Study of Income Dynam cs (PsID). The PSID has suffered a
| arge volume of attrition since it began in 1968--almost 50 percent of
initial sample nenbers had attrited by 1989. W study the effect of
attrition in the PSID on the nmeans and variances of several inportant
soci oeconom ¢ variables--such as individual earnings, educational |evel
marital status, and welfare participation-- and on the coefficients of
variables in regressions for these variables. W also exam ne whether
the likelihood of attrition is related to past instability of such
behavi ors-- earnings instability, propensities to mgrate or to change
marital status, and so on. A conpanion paper studies the effect of
attrition on estimates of intergenerational relationships (Fitzgerald et
al., 199733).

An understanding of the statistical issues is inportant to
under standi ng our approach. W provide a statistical framework for the
analysis of attrition bias which shows that the conmmon distinction

bet ween sel ection on unobservabl es and observables is critical to the



devel opment of tests for attrition bias and adjustments to elinmnate it.
However, we show that selection on observables is not the sane as
exogenous selection, for selection can be based on endogenous
observabl es such as |agged dependent variables which are observed prior
to the point of attrition. W note that the attrition bias generated by
this type of selection can be elinmnated by the use of weighted |east
squares, using weights obtained from estimted equations for the
probability of attrition, and hence without the highly paranetric
procedures used in nuch of the literature. Many of our tests for
attrition bias are consequently based on whether |agged endogenous
variables affect attrition rates. However, we also conduct an inplicit
test for selection on unobservables by conparing PSID distributions with
those from an outside data source, the Current Population Survey (CPS)
We find that while the PSID has been highly selective on many
inportant variables of interest, including those ordinarily regarded as
outcone variables, attrition bias nevertheless remains quite small in
magni tude. The major reasons for this lack of effect are that the
magni tudes of the attrition effect, once properly understood, are quite
small (nost attrition is random; and that nuch attrition is based on
transitory conponents that fade away from regression-to-the-mean effects
both within and across generations. W also find that attrition-
adjusted weights play a small role in reducing attrition bias. W
conclude therefore that the PSID has stayed roughly representative

t hrough 1989.!

! A sinilar conclusion was reached by Becketti, Gould, Lillard,
and Wl ch (1988) for the PSID using data through 1981 (see al so Duncan
and Hll, 1989, for an analysis of representativeness in 1980).
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|. The PSID: General Attrition Patterns

The PSID began in 1968 with a sanple of approximtely 4800
famlies drawn fromthe U S. noninstitutional population (for a genera
description of the PSID see HIl, 1992). Since 1968 famlies have
been interviewed annually and a wi de variety of socioecononic
informati on has been collected. Adults and children in the origina
PSI D househol ds or who are descendents of nenbers of those househol ds
are followed if they formor join new househol ds, thereby providing the
survey the possibility of staying representative of the noninmm grant
U S. popul ation. A consequence of the self-replenishing nature of the
panel is that the sample has grown in size over time. There were
approximately 18,000 individuals in the 1968 famlies; by 1989,
information on about 26,800 individuals had been collected.’

About three-fifths of the 1968 fanmilies were drawn from a
representative sanpling frane of the U S. called the "src" sanple, and
two-fifths were drawn froma set of individuals in lowincone famlies
(mostly in sMsas) known as the "sego" sanple. At the time the survey
began, the PSID staff produced weights that were intended to allow users
to conbine the two sanples and to calculate statistics representive of
the general population. Those sanple weights have been periodically
updated to take into account differential nortality as well as

differential attrition (see Institute for Social Research, 1992, pp.82-

2 Institute for Social Research (1992, Table 14?. The PSID al so
interviews individuals who are not related to a 1968 fanmily but who nove
into interviewed households, nost comonly by nmarrying a PSID nenber.
Those individuals are termed "nonsanpl e" observations and are assigned a
zero weight. Another 11,600 of these individuals had been interviewed by
1989, on top of the 26,800 nentioned in the text. Cenerally, such
individuals are no longer interviewed if they leave a PSID househol d
However, all children of a "sanple" parent and "nonsample" parent are
kept in the survey, which causes the PSID sanple size to grow over tine;
see bel ow.



98 for a recent discussion of nonresponse and other weighting
adjustments). W shall discuss the effect of this weight adjustnment in
our paper.

Table 1 shows response and nonresponse rates of the original 1968
sanpl e members.®> The first three colums in the table show the nunber
of individuals remaining in the sanple by year---the nunmber in a famly
unit, the portion in institutions--whom we treat as respondents, to be
consistent with practice by PSID staff--and their sum equal to 18,191
individuals in 1968. As the table indicates in the fourth colum, about
88 percent of these individuals remained after the second year, inplying
an attrition rate of 12 percent. The actual nunber attriting is shown
in the fifth colum, with conditional attrition rates shown in
parent heses bel ow each count. A smaller proportion left the PSID in
each year after the first--generally about 2.5 or 3.0 percent annually.
By 1989, only 49 percent of the original nunber were still being
interviewed, corresponding to a cunulative attrition rate of 51 percent.

The table also shows the distribution of the attritors by reason--
ei ther because the entire famly becane nonresponse ("famly unit
nonresponse"), because of death, or because of a residential nove which
coul d not be successfully followed.®* The distribution of attrition by
reason has not changed greatly over time, although there is a slight
increase in the percent attriting because of death and a slight

reduction in the percent attriting because of mobility. Both of these

> These attrition rates condition on being interviewed in 1968,

the initial year. However, only 76 percent of the famlies selected to
be interviewed were interviewed (HII, 1992, p.25). W return to this
i ssue below in our conparisons with the CPS.

_ ' Some of the "fam |y unit nonresponse" observations may have
attrited because of mgration or nortality unknown to the PSID
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trends are no doubt a result of the increasing age of the 1968 sanple.
The final colum in the table shows the nunber of individuals who cane
back into the survey from nonresponse ("In from nonresponse”) each year
These figures are quite small because, prior to the early 1990s, the
PSID did not attenpt to locate and reinterview attritors

Figure 1 illustrates the overall attrition hazards graphically.

The Figure clearly shows the spike in the hazard in the first year. It
is also nore noticable in the Figure that there has been a slight upward
trend in attrition rates over time, although not large in magnitude

In a background report (Fitzgerald et al., 1997a), we show
cumul ative rates of response anmong 1968 sanple nenbers by race, sex, and
age. Cunul ative nonresponse rates have been highest for races other
than black and white, and next highest for blacks. Nonresponse rates
are higher armong nen than anmong wonen. Not surprisingly, nonresponse
rates are highest anong the ol der 1968 sanple nenbers and anong
respondents initially between 16 and 24. Among the ol dest 1968 sanple
menbers, those 65 and over, only 7 percent were interviewed in 1989.
Nonresponse rates are al so higher in the SEO subsanple than in the SRC
subsanpl e al though not by a large amount.

That nortality should have a narked effect on the measured
response rate is not surprising, but it does inply that the 51-percent
attrition rate in Table 1 overstates sanple |oss anong the |iving
popul ation. Wen individuals who died while in the PSID are excluded,
overall nonresponse rates fall from 51 percent to 45 percent overall and
from 68 percent to 47 percent anong those 55-64. Wien an additiona
adjustnent is nade for nortality among attritors after the point of
attrition (using national nortality rates by age, race, and sex), the

attrition rate for the older population falls another 12 percentage
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points to 35 percent and the overall attrition rate falls to 44 percent
(i.e., the estimated percents of still-alive individuals who have |eft

t he psip) .5

Il. Statistical Approach

Although a sanple loss as high as 44 percent nust necessarily
reduce precision of estimation, there is no necessary relationship
between the size of sanple loss fromattrition and the existence or
magni tude of attrition bias. Even a large anount of attrition causes no
bias if it is "random in a sense we will define formally below.In
this section we will outline our approach to addressing this issue by
presenting astatistical nodel that distinguishes between different
types of bias, which discusses the different restrictions necessary to
detect and correct for each type, and which outlines which types we will
address in our enpirical work.

Sel ecti on on (Cbservabl es and Unobservables. Attrition bias in the

econonetric literature is associated with nodels of selection bias, and
the applicability of the selection bias nodel to attrition was

recogni zed early in the literature (e.g., Heckman, 1979). But
recognition of the problem of nonresponse and the bias it can cause
dates fromnuch earlier in the survey sanpling literature (see Madow et

al., 1983, for a review. Here we will present a nodel tied nore

® That is, individuals who died after the point of attrition
cannot be identified as having died fromthe PSID data. This inplies
that the attrition rates we have calcul ated, even netting out those who
died while in the PSID, overstate the fraction of the living population
that has attrited. W use national nortality rates by age, race, sex,
and year to estinmate the nunber of attritors who have died, and then
recal culate our attrition rates accordingly.
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closely to econonetric formulations than to those in survey sanpling
studies. Qur setup will initially be formulated as a cross-section
model but then will be nodified for panel data.

We assune that the object of interest is a conditional population
density f(y|x) where y is a scal ar dependent variable and x is (for
illustration) a scalar independent variable. W wll work at the
popul ation level and ignore sanpling considerations. Define A as an
attrition dummy equal to 1 if an observation is mssing its value of vy
because of attrition and O if not (we assune for the noment that x is
observed for all, as would be the case if it were a time-invariant or
| agged variable). W therefore observe (or can estimate) only the
density g(y|x,A=0). The problemis howto infer f fromg. By necessity
this will require restrictions of sone kind

Al though there are many restrictions possible (in fact, an
infinite number), we will focus only on a set of restrictions which can
be inposed directly on the attrition function, which we define as the
probability function Pr(A=0|y,x,z). Here z is an auxiliary variable
which is assunmed to be observable for all units (e.g., a time-invariant
or lagged variable) but distinct fromx, and whose role wll becone
clear nmonentarily. The variable y is partially unobserved in this
function because it is not observed if A=l

The key distinction we nake is between what we term selection on

observabl e8 and sel ecti on on unobservables.® W say that selection on

® These terns have not, to our know edge, been utilized in the
literature on sanple selection models (i.e., nbdels where a subset of
the population is mssing information on y). However, the terns have
been used in the treatnent-effects literature, nost extensively and
explicitly byHeckman and Hotz (1989) but al so by Heckman and Robb
(1985, p.190). The concept of selection on observables, if not the
exact term appears nuch earlier in the treatnent-effects literature
W shoul d al so note that the survey sanpling literature often uses the
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observabl es occurs when

Pr (A=0ly,x,2z) = Pr (A=0|x,z) (1)

We say that selection on unobservables occurs sinply when (1) fails to
hol d; that is, when the attrition function cannot be reduced from
Pr(A=0ly,x,z) .’

These definitions may be nore famliar when they are restated
within the textbook paranetric nodel. Letting E(y|x)=By+B x and
Pr(A=0|x,z) =F(-5,-8,%-8,2), where F is a proper c.d.f., we can state the

nodel equivalently with error terns € and v as

Y =By tBhx+te , Yy observed if A=0 (2)
A* = &) + 8x + 8,z + vV (3)
A =1 if A* > 0 (4)

0 if A* < 0

where v is the random variable whose c.d.f. is F. In the context

of this nodel, selection on unobservables occurs when

z I e|x Dbut v _I e X ()

and that selection on observabl es occurs when

terns "ignorable" and "mssing-at-randonf selection to describe what we
are termng selection on observables (Little and Rubin, 1987).

7 W could define selection on unobservables to occur when x and z
drop out of the probability function, and then to define selection on
both observabl es and unobservables to occur when y,x, and z all appear
in the function, but we are not particularly interested in the fornmer
case and hence will not maintain such usage
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v | elx but =z tJL e | X (6)

where the synbols I and I denote "is i ndependent of" and "is not

i ndependent of ," respectively. The selection on observables case is
relatively unfanmiliar in the econometrics literature but we wll show
that it is relevant for the attrition problem However, we wll first
deal with the nore famliar case of selection on unobservables.

Sel ection on Unobservables. W will discuss this nodel only

briefly because of its famliarity. Exclusion restrictions are the
usual method of identifying this nodel, and our major goal here is to
discuss the difficulty in finding such restrictions for a nonresponse
model in the PSID.

Wrking from the paranetric form of the nodel, the conditiona

mean of y in the nonattriting sanple can be witten

E(y|x,z,A=0) = BO + le + E(epgz,v<—60-61x—6zz)

= By + Byx + h(-3,-5,x-5,2) (7)

BO + le + h'(F(—éo-élx—ézz)

where h and h' are functions with unknown paraneters. Mving from the
first to the second line of the equation requires that the joint
distribution of a and v be independent of x and z, so that the

condi tional expectation depends on x and z only through the index.
Moving fromthe second to the third line sinply replaces the index by
its probability, which is permssible since they have a one-to-one

cor respondence.

Early inplementations of this mobdel assumed a specific bivariate
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distribution for e and v, leading to specific forms of the expectation
function (e.g., the inverse MIls ratio for bivariate normality), while
more recent inplenmentations have relaxed some of the distributiona
assunptions in the nodel by estimating functions h or h' whose arguments
are either the attrition index or the attrition probability,
respectively (see Maddala, 1983, for a textbook treatment of the early
approach and Powel |, 1994, pp.2509-2510, for discussions of the nore
recent approach). Arned with estinates of the parameters of the
attrition index or of the predicted attrition probability, equation (7)
becomes a function whose parameters can be consistently estinmated. *
However, aside from nonlinearities in the h, h', and F functions,
identification of 8 requires an exclusion restriction, nanely, that a z
exist satisfying the independence property frome and for which &, is
nonzero. Such a variable is often loosely termed an "instrunment,"
al though nost estimation nethods proposed for egn (7) do not take a
textbook instrumental-variables form Finding a suitable instrument for
unobservabl e selection is nore difficult for the case of nonresponse
than in some other applications because there are few variabl es that
af fect nonresponse that can be credibly excluded from the nain equation

for y. Wile this depends on the specific mdel under consideration, on

® 1f nonparametric nethods are used to estimate h and h', not all
of the paranmeters in p (e.g., the intercept) may be identifiable. W
shoul d also note at this point that if x I1s time-varying then it is
necessarily mssing for attritors and hence the attrition propensity
equation cannot be estimated as we have witten it. Additional
assunptions are then required to estimate the nodel. For exanple,
adding tinme subscripts, one could assune x(t)=aj+a,x(t-1)+a,z+u(t), thus
letting x be a function of |lagged x and z (‘'sone different 2% could be
specified, alternatively). Substituting this equation for x(t) into the
attrition equation would permt estination provided x(t-1) is available
for all observations. This procedure, however, introduces another
potential source of selection bias from non-independence of u(t) and
e(t).
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a priori grounds personal characteristics such as those generally
included in x are unlikely to be prom sing sources of instrunents
because nost such characteristics are related to behavior in general and
hence to vy.

More promising are variables external to the individual and not
under his control, such as characteristics of the interviewer or the
interviewing process, or even interview paynents. Al though we have
proposed no explicit behavioral nodel of attrition, a natural theory
woul d be a sinple benefit-cost model in which an individual conpares the
value of participating in the survey to the value of not participating.
Good interviewers or interviewing conditions |ower the cost of
participation and interview paynents directly increase the value of
participation. However, a suitable instrument nust vary across
respondents, and nust vary in a nmanner independent of y. The staff at
the Institute for Survey Research who have adnministered the PSID have
assigned interviewers on the basis of respondent characteristics, and
have also varied interviewing conditions (length of interview in-person
vs. telephone, nunber of callbacks, etc.) entirely and only on the basis
of respondent characteristics; consequently there is no exogenous
conponent to the variation intreatment. This rules these variables out
as instrunents.

Moreover, there have also been no exogenous variations in
interview paynents over the course of the PSID, for payments have been
adjusted only for inflation over tine and vary within year only on the
basis of interview node. Based on these and other considerations we
di scuss in our background report (Fitzgerald et al., 1997a), we concl ude

that there are no instrunents for nonresponse in the PSID which are
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credi bly exogenous to behavior in general.’
Although we will therefore not test for selection on unobservables
directly, or correct for such selection, indirect tests for selection on
unobservabl es can be conducted whenever an outside data set is available
containing validation information. Admnistrative data on some variables
(e.g., earnings) are occasionally available but this is the exception
rather than the rule, and they are not available for the psip.®
However, the Current Population Survey (CPS) is a heavily-used outside
data set which is a repeated cross section and hence not subject to the
same type of attrition bias as the PSID. The CPS is subject to
nonresponse itself, but not of the sane order of magnitude as the 50
percent nonresponse rate in the psiD.* Hence we will use the CPS as a
compari son data set and conpare the marginal distributions of variables
in the CPS and PSID to one another as well as regression coefficients.
If selection on unobservables is present and it biases the coefficients,
for exanple (see eqn. (7)), estimates fromthe tw data sets wll be
different. Unfortunately, this nethod of comparison is useful only for
cross-sectionally-defined variables and not for variables which make use

of the panel nature of the PSID, and hence does not offer a genera

® Exclusion restrictions are only one formof information. For an
exanpl e of the use of other types of information, see Manski (1994).
Fitzgerald et al. (1997a) provide sone sinple bounds cal cul ations of one
type proposed by Manski.

% See H Il (1992, p.29) and Bound et al. (1994) for a discussion
of validation studies using the PSID.

L \wile the magni t ude of nonresponse does not map directly into
the anount of bias, as we noted earlier, it would be unlikely for the
CPS to be nore biased than the PSID given these differences Iin the
amounts of attrition
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solution to the problem.?®?

Sel ection on Ohservables. As we noted previously, the case of

sel ection on observables is relatively unfamliar in the econonetrics
literature. Because of this unfanmliarity, and because, unlike

sel ection on unobservables, it is something we can actually address, we
Wi ll discuss it at slightly greater length than we did the previous
case.

The critical variable in the selection on observables case is z, a
variable which affects attrition propensities but is presumed also to be
related to the density of y conditional on x (i.e., z is endogenous to
y). Such a variable can exist only if the investigator is interested in
a "structural" y function which we interpret as a function of a variable
X that plays a causal role in a theoretical sense; other variables
(i.e., z) do not "belong" in the function. More generally, this
situation will arise whenever the investigator is interested in (say)
the expectation of y conditional on x and sinply does not wsh to
condition on z. In cross-sectional data, for example, the standard
M ncerian theory of human capital proposes that earnings are a function
of education and experience; other variables which are jointly
determined with earnings, |ike occupation and industry, should not be
conditioned on to obtain the "correct" estimates. Yet use of any sanple
that is selected on the basis of occupation and industry (e.g., only
certain occupations and industries are included) wll clearly bias the

estimates of the earnings equation. The variable z is thus an

2 Imbens and Hellerstein (1996) show that such outside data sets,
if taken as 'truth,' can be inmposed on the data set of interest (e.g.
the PSID) and can be used to fornally test whether the data
distributions in the two data sets are the sane. See related work by
I mhens and Lancaster (1994) and Hrano et al. (1996) along these |ines.
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"auxiliary" endogenous variable. As we will discuss below, in the panel
data case, a lagged value of y can play the role of z if it is not in
the "structural" nodel and if it is related to attrition.

In the presence of selection on such an endogenous variable, it is
easy to show that |east squares estimation of (2) on the nonattriting
sanple will generate inconsistent estimates of B and, nore generally,
that the estinmable density g(y|x,A=0) Wi l|l not correspond to the
conpl et e-popul ation density f£(ylx) since the event A=0is related to y
through z. Apart from this selection on observables bias, using as much
of the lagged information in the panel as possible hel ps reduce the
amount of residual, unexplained attrition variation left over in the
data, and this will reduce the scope for selection on unobservabl es.

Formally, in the Appendix, we show that, under the selection on
observabl es restriction given in equation (1), the conpl ete-popul ation
density f(y]jx) can be conputed fromthe conditional joint density of y

and z, which we denote by g:

f(ylx) = | gly,z|x,A=0) w(z,x) dz (8)
z
wher e
-1
Pr (A=0|z, x)
w(z,x) = (9)
‘ Pr (A=0|x)

are normalized weights. The nunmerator of (9) inside the brackets is the
probability of retention in the sanple and is, in the paranetric nodel
descri bed above, F(-8,-5,x-3,2). Because both the weights and the

conditional density g are identifiable and estimable functions, the
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conpl et e-popul ation density f(yjx) is estinable, as are its nonents such
as its expected val ue (Bo+Bqx in the paranetric model).®® Eqn(8) shows
that the conpl ete-popul ation density can be derived by weighting the
conditional density by the (normalized) inverse selection probabilities;
in the paranetric nodel, it can be shown that this inplies that weighted
| east squares (W.S) can be applied to egn(2) using the weights in (9).

W shoul d enphasize that the application of WS in this case is
unrelated to the heteroskedasticity rationale appearing in nost
econonetrics texts. It is also not in conflict with the conventional
view anong nany applied econom sts that survey weights can be ignored
because they do not affect the consistency of OLS coefficients, for
survey weights are often intended only to adjust for sanple designs
whi ch have stratified the population or differentially sanpled it by
variables that are exogenous. Here, however, selection is indirectly on
the dependent variable, and not adjusting for attrition results in loss
of consi stency.

If z is not a determnant of attrition, the weights in (9) equa
one and hence all conditional densities equal unconditional ones and no
attrition bias is present. Aternatively, if y and z are independent
conditional on x and A=O, the density g in (8) factors and it can again
be shown that the unconditional density f(y|x) equals the conditiona
density, and there is no attrition bias.

Wiile these results are relatively unfamliar in the econonetric
literature, they are pervasive in the survey sanpling literature, where

they formthe intellectual justification for the construction and use of

3 As we noted in n.8, if contenporaneous x is unobserved and

hence the attrition probability equation cannot be estimated, |agged X
or additional z variables are required.
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attrition-based survey weights (Rao, 1963,1975; Little and

Rubin, 1987,pp.55-60) .7 |n the econonetrics literature, while

wei ghting formulations are sometines used as a framework for discussing
sel ection nodels (e.g., Heckman, 1987), the main point of contact wth
the nodels discussed here is the choice-based sanpling literature (for
di screte y, see Manski and Lerman, 1977, for an early treatment and
Amremya, 1985, for a textbook treatnent; for continuous y, see Hausnan
and Wse, 1981, Cosslett, 1993, and Inbens and Lancaster, 1996). That
literature generally considers estimation and identification in sanples
which are selected directly on the dependent variable, y; weighted

maxi mum | i kel i hood or |east squares procedures are often proposed to
‘undo’ the disproportionate endogenous sanpling. The difference in the
attrition case is that selection is on an auxiliary variable (z) and not

ony itself; but otherwise the solutions are closely related.!®

' For an exception, see Cosslett (1993, pp.31-32). In addition,

after the first draft of this paper we discovered an independent
treatment of the selection on observabl es case by Horowitz and Manski
(forthconming), who show that the mean of a function of y can be
consistently estimated with weights of the type we have discussed under
the sane restrictions.

> W should note that the weights discussed in the survey
sanpling literature sometimes differ from the weights in our nodel in
two respects. First, many survey weights--including those in the psiD--
are also intended to capture non-randomsanpling at the initial stage
(e.g., fromstratified designs). That is not the purpose of the weights
we %ave di scussed and requires a slightly different formulation to
justify. Second, the weights in our nodel are not the type of
"universal" weights generally conputed for many survey data sets;
"universal" weights are designed to be all-purpose and usable for any
variable or nodel, whereas our weights are nodel -specific because one
can easily imagine using different attrition-equations (e.g., wth
different lagged y's) depending on the nodel being estinmated and its
definition of vy.

¢ W wish to enphasize that W.S is not the only estimtion nethod-
-there are many (inputation, GW various forms of maxi mum likelihood)--
nor is it efficient; in addition, there are many issues connected with
the use of weights which we do not discuss here. The ngjor advantage of
WS is that it produces consistent estimates and is relatively easy to
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It should also be noted that sinply conditioning on z does not
solve the problem This can be seen nobst sinply by observing that the
object of interest in nost nodels is E(y|x), not E(y|x,z). Including z
in the regressor set will generate "biased" coefficients on x in a
l'inear-regression nodel, for exanple, in the sense that it will not
estimate the effect of x on y unconditional on z. Because z is an
endogenous variable, it distorts the conditional distribution of y on x.
Hence correcting for selection on observables is to be sharply
di stingui shed from the corrections for unobservable selection shown in
eqn (7), which involve conditioning on functions of x and z; those
met hods are not appropriate for this case.

Testing. The application of the selection on observables nodel to
attrition in panel data is straightforward if a |lagged value of y (e.g.
y at the initial wave of the panel, when all observations are present)
plays the role of z, assumng that attrition is affected by such a
| agged value. Lagged values of y will, assunming serial correlation in
the y process, be related to current values of y conditional on x. The
use of lagged values of y in this role requires the same distinction we
noted earlier between structural and auxiliary determnants of
contenporaneous y, for the use of lagged y as a z nakes sense only if
the investigator is interested, for theoretical or other purposes, in

functions of y not conditioned on those | agged values.'’

i npl ement

 An investigator who posits a theoretical (i.e., structural)
model that includes all lags of y will necessarily have much reduced
scope for selection on observables. Taking this point to its extreme, if
there are no observables in the data set that are excluded from the
structural y function, there is no role for for using observables to
adjust for selection. Selection on observables is a data-set-defined and
model - defined category, and what is an observable variable in one data
set or nodel may be an unobservable in another.
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As noted previously, two sufficient conditions for the absence of
attrition bias on observables are either that the weights equal one
(i.e., z does not affect A or that z is independent of y conditional on
x. Specification tests for selection on observables can be based on
either of these two conditions. Thus one test is sinply to deternine
whet her candi date variables for z (e.g., lagged values of vy)
significantly affect A° W will conduct these tests extensively in our
enpirical work. A second test would be to conduct specification tests
for whether OLS and WS estinates of eqn (2) are significantly
different, which is an indirect test for whether the identifying
variables used in the weights are endogenous (see Dumouchel and Duncan,
1983, for an exanmple of such a test). We will not conduct such tests
in our paper but instead |eave them for future research. However, we
will determne whether using the universal weights provided by the PSID
staff affect the estimated coefficients of several nodels, even though
the "nodel -based" weights we have been discussing are not necessarily
the sane as the PSID universal weights (see n.15).

Anot her test for selection on observables which we will performis
based on an exercise performed by Becketti et al. (1988) and which we
termthe B Wtest. In the B Wtest, the value of y at the initial
wave of the survey, which we denote by y,, is regressed on x and on
future A (i.e., whether the individual later attrites). The test for
attrition selection is based upon the significance of A in that

equation.!® This test nust necessarily beclosely related to the test we

¥ W assume x to be time-invariant. If it is not, this nethod
requires that only the values of x at the initial wave be included in
t he equati on.
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have already described of regressing A on x and y, (which is z in this
case); in fact, the two equations are sinply inverses of one another.
Formal |y, suppose that the attrition function is taken as the

latent index in the paranmetric nodel, i.e.

A* = 50 + 61x + 622 + Vv (10)

Inverting this equation, taking expectations, and applyi ng Bayes' Rul e,

it can be shown that

E (vola,x) = | yy £ (yplx) w(B, ¥y, X) dyg (11)
wher e
Pr(AIYOIX)
W(RA, ¥y, X) = (12)
Pr (A|x)

which are essentially the sane as the weights appearing in (9) but
including the probabilities of a=1 as well as A=O  Egn (11) shows that
if the weights all equal one, the conditional nean of y, is independent
of A and hence A will be insignificant in a regression of y on x and A
(the conditional mean of Yo in the absence of attrition bias is Bo*tBy%,
so a regression of y, on x will yield estimates of this equation). As
noted previously, the weights will equal one only if yg,is not a

determ nant of A conditional on x. Thus the BGW nmethod is an indirect

test of the same restriction as the direct nethod of estimating the

19



attrition function itself.??

However, if the weights do not equal one, it would be difficult t
derive an explicit solution for equation(11l) fromthe estimtes of (10)
that we will obtain in our attrition propensity nodels. To do so would
require conducting directly the integration shown in (11). |t would be
sinpler to just estimate a linear approximation to (11) by QO.S, as did
Becketti et al., to determne the magnitude of the effect of A on the
intercept and coefficients of the equation for Yo as a function of x.

W shall therefore also estimate such equations in our enpirical work.
However, it should be kept in mnd that this is not an independent test
of attrition bias separate from that enbodied in our estimtes of
eqn(10); it is only a shorthand neans of deriving the inplications of
our estimates of eqn(1O for the magnitudes of differences in 1968 y
conditional on X between attritors and nonattritors

Panel Data and Permanent-Transitory Effects. Finally, we wish to

relate the selection on observabl es nodel we have been discussing to
nmore traditional nodels of attrition in panel data, and to point out a
connection with permanent-transitory distinctions which we will also
apply in our enpirical work bel ow. The nost well-known nodel of
attrition in the econonetrics literature is the nodel of Hausman and
Wse (1979); that nodel has been generalized and extended by Ridder
(19%0,1992), N jman and Verbeek (1992), Van den Berg et al. (1994), and
others (see Verbeek and N jman, 1996, for a review). These nodel s

general |y assune a conponents structure to the error term sometines

¥ In general, of course, if v=a+Bu+e, regressing u on v instead
of v on u results in a "biased" coefficient on v (i.e., it is not a
consistent estimate of the inverse of B)y. Nothing here contravenes
that. The "coefficient" on x in a regression of y on x and A bears no
sinmple relationship to 61 or S, in egqn(10), as can be fromegn(11).
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i ncluding individual -specific tine-invariant effects and sometines
serially-correlated transitory effects, for exanple, and inpose
restrictions on how attrition relates to the components of the
structure. A conmon assunption in sone studies in the literature, for
exanple, is that the unobserved conponents of attrition propensities are
i ndependent of the transitory effect but not the individual effect; in
that case, simple first-differencing (among other nethods) can elimnate
t he bi as.

Qur approach differs fromthis past work because of our sharp
distinction between identifiability under selection on observables and
on unobservables, a distinction not nade in these past studies. Mny
error conponents nodels which allow attrition propensities to covary
wi th individual conponents of the process can be treated within the
sel ection on observables franework because |agged values of y can be
mapped into those conponents. If we let zin our nodel stand for a
vector of l|agged values of y instead of a scalar, we have
Pr (A=0|%X,Yy _1sYp_ns¥Ye_3s+++s¥g) @S OUF attrition function. Assune full
observability of those lagged values. Then any nodel in which the error
conponents of the y process which covary with attrition can be uniquely

mapped into the set of t values of lagged y can be captured by our

sel ection on observables nmodel. An exanple is the autoregressive nodel:

Ye = By + Bix + €, (13)
t-1

e = L pre. + w (14)
t=0

t-1
* j—
A =65 + 3% +r=Zo 6,.81 + V¢ (15)
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Estimation of (13) on the non-attriting sanple results in bias because
e, is serially correlated and A* is a function of the lagged values of
that error. But solving eqn(13) for e_in lagged periods, and
substituting into eqn(15) for the |agged errors, leads to an equation
for A* where only lagged y appear.

This exanple also illustrates a case in which controlling for
| agged observables in the A* equation is not sufficient to avoid
attrition bias, for it is necessary that the contenporaneous shock o,
(i.e., that which is not forecastable fromlagged y) be independent of
v, conditional on the observables. For exanple, shocks to earnings
whi ch occur simultaneously with, not prior to, attrition from the
sanpl e, cannot be captured by lagged values of y; attrition bias from
this source falls under the selection on unobservables rubric we
di scussed earlier. However, a full conditioning on the available data
on the history of y reduces the scope of possible unobservable
selection, as we noted earlier, because it isolates the only remaining
source of such bias to contenporaneous, non-forecastable shocks

The general formof our attrition probability Pr(a=0|x,y,_;,
Yepr¥e_gr+1Yg) is capable of capturing a large variety of
alternative forns of attrition dependence on lagged y other than the
simple linear form portrayed in the autoregressive case. For exanple,
the nmean of a set of |agged values of y, y,is a consistent estimator
(as T-) for the individual effect, after conditioning on observables
x and assuming nean-zero transitory disturbances. The deviations of
each val ue of Yo fromy represent transitory disturbances in each
period t. By estimating flexible forms of the attrition function which
contain both y and the deviations of lagged y fromy in different

periods, we can determ ne whether attrition probabilities covary with
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"permanent” levels of y and with transitory shocks one period, two
periods, and nore periods back in tine. The variance of y, over any
specified length of past periods is yet another transform of |agged y
val ues which nay covary with attrition; this would occur if it is
variability per se, not the nean or value of any set of individua

di sturbances, that affects whether individuals stay in or out of the
sample.?® W will test these and other transforms of lagged y in our
nmodel s.

Summary of Analyses to be conducted. To summarize, in the

follow ng analysis of the PSID we will (i) conduct tests for the
presence of attrition on unobservables by conparing cross-sectiona

margi nals and regression coefficients in the CPS and the PSID;, (ii)
conduct tests for the presence of selection on observables by estinmating
attrition equations as a function of lagged y values as well as by
regressing first-period y on future attrition; and (iii) we wll conduct
tests for "dynamc" attrition effects by estimating attrition equations
as a function of |agged pernmanent, transitory, and other noments of the
| agged y distribution.

W should note at this point that a problemwth inplementing
procedures using |agged values of y is that those neasures are available
for the full sanple only at the initial year of the PSID 1968.
Conditioning on values of y after 1968 necessarily opens the door to
bi as because sonme attrition has already occurred and estimation nust be
restricted to observations for whom all data on all |agged variables in

the equation are available. Consequently, for the most part, we wll

“ It is clear that formal nodeling of the error process of y

could be conducted here but we will leave that for future research, and
will only test various transforms of lagged y in a reduced-form context.
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restrict our tests of lags to only those available in the first year
1968. While this approach necessarily ignores much of the information
in the PSID on attritors prior to the point of attrition, it yields
results least subject to the post-1968 attrition bias problem Qur
dynamic attrition analysis will be an exception, for there we will
estimate attrition hazards--that is, probabilities of exit conditiona
on being in the sanple the previous period--as a function of all the

| ags available up to each decision point. That analysis will be
conducted ignoring the potential bias induced by this sample restriction
(usual Iy called "unobserved heterogeneity" in duration analyses);
consequently, no "structural" interpretation will be given to the

estimated coefficients in those attrition equations.?

[11. Cbservable Correlates of Attrition in the PSID

Rat her than begin our analysis with the conparison of the PSID to
the CPS, we will first exam ne the observable correlates of attrition in
the PSID, primarily focusing on characteristics, any one of which could
be a "y or a "x", in 1968. W wll also estimate attrition probability
equations as a function of 1968 characteristics for selected "y”
variables and will conduct BGWtests in this section

The last year of the PSID available at the time our data files
were created is 1989. W focus on the seemngly sinple question of

whet her 1968 characteristics differ between those who were present in

2 Note, however, that a bias in the structural coefficients of
attrition hazards does not affect the consistency of the WS estimator
using the predicted probabilities from those equations as weights. The
sel ection on observables nodel does not require independence of z and v

in eqgn(3).
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1989 and those who were not (hence the distributions of x and y
conditional on A, in a tabular form).??2 For our analysis sanple, we take
every individual who was present in a PSID household in 1968, or about
ei ghteen thousand individuals, as noted previously. W disaggregate the
sanpl e by sex and 1968 househol d headship status, and focus on five
popul ati on subgroups: male heads, wives, female heads, male nonheads,
and fermal e nonheads. The asynmetric treatnent of men and women is
required by the gender-specific definitions of headship in the PSID, and
the division of groups by headship in the first place is required
because sharply differential amunts of information were collected on
heads and nonheads (many variables are not available for the latter
group) . W& al so exclude subfam |y heads fromthe PSID because they were
defined inconsistently over time and also differently than in the CPS
whose conparisons to the PSID are an inportant part of our analysis.

For the bulk of our work, we include the SEO oversanpl e together
with the SRC representative sanple. W therefore use PSID constructed

1968 sanpl e wei ghts whenever appropriate.?® However, we al so provide

2 In our background report, we also conduct analyses of the

mddl e year, 1981, because that was the |atest year anal yzed by BGW
The issue that analysis addresses is whether any attrition bias we find
has arisen since the BAW study was conduct ed.

22 The PSID nakes no distinction between male heads simlar to
that nmade between wives and female heads, for all married women are
automatically classified as wives. The PSID al so incorporates
cohabitation to a degree: any couple living together in a "partner"
status for nore than one interview is then and thereafter treated as
"married"--the male is classified as a "head" and the female is
classified as a "wife". W include themin our sanple

24 These weights reflect only the sanple design of the PSID (and
initial nonresponse) and contain no adjustments for attrition. Hence
they are not the tyBes of weights we were discussing in Section II
However, they must be utilized because the SEO observations were sanpl ed
on variables that are correlated with income, which is closely related
to many of our dependent variables.
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estimates on the SRC sanple alone and show that attrition effects are
sometimes worse for that sanple than for the conbined SEOQ SRC sanple.

Distributions of 1968 Characteristics. Table 2 shows the mean

val ues of 1968 characteristics of nmen who were 25-64 and househol d heads
in 1968, by their attrition status as of 1989--"always in" versus 'ever

out” by that year.?® As the first two colums indicate, attritors and
non-attritors have many significant differences in characteristics
Attritors are nore likely to be on welfare, less likely to be married,
and are older and nore likely nonwhite. In addition, attritors have

| ower |evels of education, fewer hours of work, |less |abor incone, and
are less likely to own a hone and nore likely to rent.?® The clear
implication of this pattern is that attritors are concentrated in the

| oner portion of the socioeconomc distribution. The second nmonments for
| abor income in the table indicate that the variance of |abor income is
greater anong attritors than among nonattritors, and, interestingly,
that the attritor labor income distribution is nore dispersed at the
upper tail than the nonattritor distribution. This suggests that, to
sone degree, some high |abor-income famlies may be nore likely to

attrite than mddl e-i ncone famlies."

The last two colums in the table provide an assessnent of the

25 Because only a tiny fraction of attritors ever return--see

Table 1 above--those individuals who were "always in'" between 1968 and
1989 are alnost identical to the set of individuals present in 1989, and
the set of individuals who were 'ever out' between 1968 and 1989 is

al most identical to those who were nonresponse in 1989.

26 Al nmonetary figures in the paper are in real 1982 dollars using
the personal consunption expenditure deflator. W should also note
that the top and bottom 1 percent of the l|abor incone variable is
exc:pded to circunmvent top-coding problens and to avoid distortion from
outliers.

7 A simlar finding was reported by BGAW
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effect of nortality. The third and fourth colums disaggregate the "ever

out" subsanple into those "not dead" and those "dead" according to
whet her individuals died while in the PSID (as noted previously, sone
individuals die after attriting, of which we have no know edge)
Conparing the third colum (not dead) with the first two shows that the
gap between the Always In and Ever Qut is sonetimes narrowed by
excluding the dead fromthe attritors, but rarely byvery much; indeed,
in some circunstances, the gap even increases. The latter occurs when
mortality is related to a variable in opposite sign to its relation to
attrition conditional on being alive: consequently, ignoring nortality
actual |y makes the selectiveness of attrition seemm|der than it
actually is.

Tables 3 and 4 show the corresponding tables for wves and female
heads.?® The general findings are the sane as for male heads
attritors and nonattritors frequently differ in their characteristics
and the differences cannot be explained by nortality. A few of the
details do differ across denographic groups, however. Female heads have
much larger differences in welfare participation, for exanple (fenale
heads al so have higher participation rates in the US. welfare system
than other groups). |Interestingly, the variance of I|abor incone is
smal ler anong attritors than nonattritors anong female heads, although
the differences anong wonen are not significant. W conclude that the
many significant differences in attritors and non-attritors in the PSID
appear broadly across all headship and gender groups.

Attrition Probits. The first nultivariate analysis we present

consists of estimates of binary-choice nodels for the determ nants of

2 |n our background report, we also provide tabulations for
nonheads.
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attrition, using the same data in the tables we have been presenting
(i.e., whether having ever been nonresponse by 1989 as a function of
1968 characteristics). W therefore estimte probit equations for the
probability of having ever been nonresponse by 1989.%° As in Tables 2-4,
the sanple consists of all 1968 respondents 25-64 and all regressors are
measured in 1968.

W shall also make a distinction between "x" and "y" in this
anal ysis by focusing on three "y" variabl es: |abor income, marita
status, and welfare participation (female heads only). W select these
three because they are some of the nore conmon dependent variabl es used
by economists and sociol ogists, and therefore their relations to
attrition are of particular interest. Qur tabular analysis in Tables 2-
4 showed sone evidence of significant attrition effects for these key
variabl es, which should generate some cause for concern for analysts who
study these outcomes.®* One issue that can be addressed in a
mul tivariate analysis is whether these effects are attenuated when a set
of other socioeconomc variables is controlled for in a regression
f ramewor k

Table 5 shows a set of expanding specifications of attrition
probits which focus on the effect of our first "y,”" [ abor incone, on the
attrition of male heads. The first two colums of the table 5 show the

effect of labor income on attrition wthout conditioning on any other

22 Al though we do not estimate a dynamic nodel of year-by-year
attrition, these estinmates can be viewed as a nodel of cunulative
attrition that reflects the working-out of a year-by-year nodel. Since
all the regressors are held at thelr 1968 val ues, our equation can be
viewed as a approximation to the reduced-form nodel

° To repeat a point in Section II, the concern arises because the
1%68 val ues of these variables are likely to covary with their later
val ues.
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regressors ("No Labor Incone" is a dummy equal to 1 if the individual
has no |abor income). The results show that the 1968 |abor incone |evels
of nmale heads have a very strong correlation with future nonresponse.
Attrition probabilities are quadratic in |abor incone--lowest at niddle
income levels and greatest at high and low incone levels, a pattern

al so found by BGAW as noted earlier. Individuals with no [abor incone
at all have higher attrition rates as well. The third colum in the
table shows that when "standard" earnings-determning variables are
added--race, age, and education--labor income remains a significant
determnant of attrition. Inplicitly, therefore, the residual in a |abor
i ncome equation containing these regressors is correlated with
attrition. Wwen a large nunber of other variabl es--income/ needs, hone
ownership, SEO status, and others--are added, the I abor incone effects
remai n.

Table 6 shows the coefficients on the earnings variables in these
model s (except for the first) for wives and fenale heads, and also the
coefficients for other 1968 "y" variables.3 For femal e heads and w ves
| abor income effects are nuch weaker. For neither group is there nuch
of an effect of labor incone on nonresponse except for the effects of
having no |abor income at all, which continues to have a positive effect
on nonresponse. For wives, even this effect is relatively weak when the
| arger set of covariates is included in the equation. Wwen the earnings
vari abl es are replaced by our other two "y" variables--1968 narita
status and welfare participation--rather simlar patterns are found
Again, there are some significant coefficients on these variables when

nothing else is controlled for, but in all cases those effects fall to

> The full set of regression coefficients on all nodels is
avail able in our background report.
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i nsignificance at conventional levels in the nost expanded
speci fication.

Table 7 shows the coefficients in attrition probits when all three
types of y variables are included. Although including the variables
singly gives the best specification for conparison with the BAW
specification (which inverts the attrition probit to solve for a single
y), there is no reason not to include all available data in an attrition
probit intended for weight construction, or for general interest.?? The
results in the table indicate that very little is changed when multiple
y variables are included; nost effects are insignificant, with the
absence of |abor income continuing to be the one variable with often-
significant effects even after controlling for other regressors.

W shoul d al so note that the R-squareds fromthese probits are
extrenely small.*® |In Table 5 they never exceed .069 and in the nodels
in Tables 6 and 7 they range from.028 to .071, and even |ower in Mdels
1,2, and 3 when fewer other regressors are conditioned on. Thus, even
in those cases where significant correlates of attrition are found, they
explain very little of the variation in attrition probabilities in the
data. One inplication of this result is that weights based on these

equations would, in all likelihood, have little effect on estimted

% As we stressed in Section Il, all these y variables are

potentially "endogenous" in the sense that they mght be related to a
contenporaneous y of interest, and adding nore lagged y variables to the
attrition equations increases the chances of capturing such endogeneity.
But it is only through the existence of such endogeneity that weights
can reduce attrition bias.

3 The Rsquared neasure we use is defined in the footnote to the
Table and is a common neasure of fit in binary-choice nodels. This
measure has recently been shown to have desirable properties relative to
other measures (Caneron and Wndneijer, 1997) and can be interpreted as
the proportionate reduction in uncertainty fromthe fitted nodel, where
uncertainty is defined by an entropy neasure.
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out cone equations.?*

W conclude from these results that the unconditional effects of
| abor income, welfare participation, and narital status significantly
covary With attrition probabilities, consistent with our conclusions
fromthe tabular analysis in Tables 2-4 (although the BGW form of the
test, reported next, corresponds nore closely to Tables 2-4). However,
we also find that, in a mpjority of the cases, these effects fall to
insignificance at conventional |evels when a sufficiently broad set of
covariates are conditioned on. The nmain exceptions to this occur for
various specifications of |abor incone nodels, particularly for male
heads but occasionally as well for female heads and for wonen in genera
and for the occasional other nodel. Thus these results provide support
for some concern for cross-sectional attrition bias in the PSID for
uncondi tional distributions, and for conditional distributions for
earnings, especially of male heads.

BAW Tests. Aswe noted in Section Il, the inversion of our
attrition probits--the effect of future attrition on 1968 outcome
variables, rather than the other way around--is also of interest. Such
regressions were estimated by Becketti et al. (1988) and used as a test
for attrition bias. As we noted previously, apart from nonlinearities
and sone differences in the stochastic assunptions, the results should
have the sane general tenor as the attrition probits but will show nore
directly the degree to which regression coefficients in typical outcone

equations are affected.

3 This statenent nust be qualified because even weights with very

smal | variance could have a large inpact if they are sufficiently highly
correlated with the error term and the regressors
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Tabl e 8 shows 1968 | og | abor incone regressions for nal e heads.®
Separate regressions are estimated for individuals who were always in
the sample through our final year, 1989, and for the total sanple in
1968. W conpare the total sanple and the nonattriting sanple--not
attritors and nonattritors--because the issue is how different paraneter
estimates would be fromthose in the total sanmple if only the
nonattriting sanple is used.’® W show results separately when the SEO
sanple is included and excluded. For male heads, none of the
coefficients on the variables of nobst past research interest--Black
Ed<12, College Degree, Age and Age-Squared--are significantly different
between the total and nonattriting sanples in estimtes including the
SEQ, and the magnitudes of the differences in the coefficients are
sel dom large from a substantive research point-of-view  Significant
differences do appear for the "Qther Race" and "Sone College" variables
(and one of the region variables), for reasons we have not been able to
determne. Mre significant difference appear for the estimtes when
the seo is excluded, but these are again not large in nagnitude. In
sunmary, at least for SRC-SEO conmbined sanple, we find very few

inportant effects of attrition on the coefficients.?'’7®

* Individuals with zero labor incone are excluded. Wile this
i ntroduces sonme nonconparability with our attrition probits as well as
raisin% wel | -known selection issues, we w sh to naintain correspondence
with the bulk of the earnings function literature, which also generally
conditions on positive income

* The two sets of differences are transforms of one another, but
they have different standard errors. Under the null of equality of the
true coefficient vectors, the variance of the difference in the
coefficients is the difference in the separate variances (the variance
in the smaller sanple nmust be larger, necessarily, under the null).

7 Sinilar findings were reported by BGLW However, their
analysis only went through 1981 and, in addition, they tested the
difference in coefficients between attritors and nonattritors whereas we
properly test between the total sanple and nonattritors
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In our background report (Fitzgerald et al., 1997a), we show
estimates of |abor income equations for wives and fenale heads; marita
status probits for nmen and wonen; and wel fare-status probits for fenale
heads, all estimated in 1968 separately for the total and nonattriting
sanpl es. For wives, the labor incone results are essentially simlar to
those for men although some significant differences in the magnitude
(though not the sign) appear for the education coefficients. For fenale
heads, the only significant |abor-income differences are for the
coefficients on age, but the separate coefficients for the total and
nonattritor sanples are each insignificant (a sign that fenale heads
have very flat age-earnings profiles), so it is not clear how inportant
this result is. In the marital-status probits, sone significant
differences appear for nen (Black coefficient) and wonen (education
coefficient), generating some what nore concern for these outcone
variables than for labor income. The welfare probits show no
significant differences in any of the coefficients

Vald tests for the joint significance of the differences in al
sl ope coefficients and intercepts generally reject the hypothesis of
equal ity between the vectors. However, when test are conducted for the
equal ity of the slope coefficients allowing the intercepts to differ
most fail to reject equality. The estimated intercept differences
(i.e., constraining all coefficients on the other regressors to be the
sane for the two groups) are shown in Table 9. Thus we conclude that,
while the coefficients on "standard" variables in l|abor income and

wel fare-participation equations and, to a lesser extent, nmarital-status

¥ W cal cul ated Wiite standard errors for the coefficients but
found themto be only 5 percent higher, at nost, than those shown. W
therefore do not calculate them for the remainder of the analysis.
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equations, are unaffected by attrition, there are still be differences

in the levels of these outconme variables conditional on the regressors.

I'V. Cross-Sectional Conparisons to Census Data

The second piece of our analysis is to conpare cross-sectional
distributions and regression coefficients between the PSID and the CPS,
allowing us to conduct a nmore direct analysis of the existence of
attrition bias for these types of variables. Conparing the PSID and the
CPS has some difficulties, however. The mostinportant is that the
sanpling frames are not identical, for the CPS includes individuals and
famlies who have immigrated to the U S since 1968, while the PSID
excl udes those families.** W wll find this issue to be of some
i nportance and, consequently, we wll present some tabulations on the
characteristics of immgrants since 1968 taken from the Decennial Census
in 1990. Second, many of the variables are defined differently in the
two data sets (headship, for exanple, as well as labor incone) and hence
this will generate sone nonconparability.

Tables 10 and 11 show PSID-CPS conparisons for male heads 25-64 in
1968 and 1989, respectively. Table 10 conpares the two data sets in
1968, and is thus relevant to the issue of whether the approxinate 25-
percent nonresponse in the drawing of the PSID sanple systematically
bi ased the first wave of the data. The table indicates that the
distributions of age, race, education, marital status, and regiona
location in the CPS and PSID were roughly in line in 1968, both for the
SRC sanple and the conbined (weighted) SRC SEO0 sample.® A few

* The PSID Latino suppl enental sanple, which includes a few
immigrants, was not begun until 1990.

34



m scel | aneous divergences appear (e.g., in the educational distribution)
which may be a result of different questionnaire wording. As for I|abor
force and earnings, neither the CPS nor the PSID have unbracketed
variables for weeks worked or hours in 1968, so only the fraction of
those with positive weeks worked can be conpared, and in this dinension
the PSID again lines up with the CPS. In addition, the PSID
unfortunately did not obtain an unbracketed earnings variable in 1968 so
we nust rely on a neasure of |abor incone, which includes sone earned
i ncome other than wages and salaries.!* The nmeans of the two earnings
measures are about $1,000 apart in the two data sets, and a bit farther
apart if the SRC sanple is used. Wether this is a result of the
difference in the measures cannot be ascertained. The table also shows
measures of dispersion in the two data sets, although these are also
contam nated by the differences in neasures. The log variance of
earnings is considerably smaller in the PSID than in the CPS, but the
measures of percentile points are not far apart, suggesting that
differences at the very |lowest percentiles are driving the difference.*
Statistical tests for the differences in the distributions alnost

always reject equality of the distributions because the standard errors

9 The PSID weights in 1968 were not obtained fromdirect post-
stratification against Census or CPS distributions, but were derived
from conbining the weights fromthe University of Mchigan's SRC
sanpling frame and the Census Bureau's SEO sanpling weights. The
wei ghts for the conbined SRC-SEO sanple were set to make the conbined
SRC- SEO sanple representative

I The PSID procedure for creating labor income is described in
Institute for Social Research (1972, pp.307+). W exclude from our
cal culations those with zero wage and salary income and those who said
on a separate question that they were self-enployed. Qur CPS wage and
salary neasure therefore also excludes individuals with self-enploynent
i ncone.

2 The log variance is sensitive to changes in the lower tail of
the distribution.
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fromthe CPS, with its very large sanple sizes, are extrenmely snall.
However, the nmagnitudes of the differences in nmost of the variables are
small from a substantive research point of view, so we shall continue to
make comparisons along this dinension rather than through forna
statistical tests.*

Table 11 shows the conparable distributions in 1989. In this table
we show two columms for the conbined SEOQ SRC PSID sanple, one using 1968
wei ghts and one using the 1989 weights calculated by the PSID staff and
including an attrition adjustment.* Some differences between the PSID
and CPS appear but they are not large, and are often narrowed slightly
by the weights. For example, the higher attrition rate for blacks can
be seen fromthe slightly | ower percent black for the 1968-weight PSID
(.07) versus the current-weight PSID (.09). The sSRC-only sanple is the
wor st (.06), no doubt because no attrition-adjusted weights have been
calculated for that sanple. Nevertheless, both for race and for age
education, marital status, and region, the differences between the CPS
and the PSID, and among the different PSID sanples, is quite snmall and
gives an overall inpression of fairly strongly continued
representativeness of the PSID for nale heads, even through 1989.

In addition, the PSID has a wage and salary earnings variable in
1989 which can be conpared to that in the CPS, allowing a better
conpari son between the data sets on this score than was the case for

1968. In 1989 the two are within $500 of each other, only half of the

*3 However, on the nore inportant issue of differences in
regression coefficients, we will rely nore heavily on tests of
differences. See bel ow

“  The construction of these attrition-adjusted weights is
described in Institute for Social Research (1992, pp.82-98). The
variables included in the attrition equation are age, gender, race,
education, nunber of children, region, lagged famly incone, and others
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$1000 difference in 1968. The continued difference with the |abor
income variable suggests that much of the 1968 difference was indeed a
result of nonconparability of variables. For earnings itself, the
current-weight PSIDis the closest to the CPS, followed by the 1968-

wei ght PSID and followed by the SK-only, which is the farthest from the
CPS.

As for dispersion, the log variance nmeasures in the PSID are still
smal ler in 1989 when conparable neasures are used (the SRConly sanple
continues to be the farthest fromthe CPS). Again, however, the
percentile point neasures are reasonably close in the different data
sets, perhaps suggesting that the log variance neasures are affected by
outliers at the bottom of the distribution. It might also be noted that
the percentile neasures show strong increases in dispersion over tine
(conpare Tables 10 and 11), consistent with the evidence now recogni zed
of increasing earnings inequality anong men in the US.  This
comparability was also noted previously by Gottschalk and Mffitt
(1992).

It is necessary to reconcile these findings, which indicate that
the PSID has roughly maintained representativeness through 1989 for the
uncondi tional means and distributions of najor sociodenographic |ines,
with those from the previous analysis indicating significant differences
between attritor and nonattritor unconditional characteristics in 1968
(Tabl es 2-4) .4 Taking both results at face value, they necessarily

inmply that the differences in the value of the variables for the two

“ Actually, the differences are a bit exaggerated because Tables
2-4 conpare attritors to nonattritors instead of the total sanple to
nonattritors, which is the inplicit conparison in the CPS analysis. At
an approximate attrition rate of so%, the differences shown in Tables 2-
4 shoul d be halved for comparison with the CPS. This by itself reduces
the perceived seriousness of the discrepancy sonewhat.
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sanples in 1968 nust have converged over tine. Further investigation of
this possibility reveals it to indeed be the case, as we denonstrate in
Tables 12 and 13. Table 12 shows the characteristics of PSID nales who
were 25-40 in 1968 and therefore were 46-61 in 1989, but including in
the 1968 sanple only those nen who responded in 1989; consequently, the
sanple is conposed of the sane individuals in both years (unlike Tables
10 and 11, the former of which include some men who have attrited or
died by 1989 and the latter of which includes a second generation). The
table also shows CPS tabulations of nen in theséﬁéane age groups in the
same years. It is clear that, while time-invariant characteristics such
as race nmust necessarily remain as far apart between the data sets in
1989 as they were in 1968, this is not the case for time-varying
characteristics. I ndeed, the distributions of education and marital
status change over time for the PSID men in a way that reduces the
initial selection and noves the distributions closer to the CPS. The
initial selection on relatively high-educated men in the PSID is offset
by a slower rate of growh of education over the life cycle anong
nonattriting individuals in the PSID than in the CPS; and the initial
selection on married nen is partly offset by a nore rapid decline in
marriage rates in the PSID than in the CPS. The analysis of earnings is
complicated by the nonconparability of measures, but the growth of |abor
income in the PSID was nuch snaller than the growth of earnings in the
cPs, thus partly offsetting the initial selection on relatively high-
income nen in the PSID.

The sinplest explanation for this pattern is that the time series
processes for education, marital status, and earnings contain a serially
correlated conponent which at least partly regresses to the nmean, and

that selection is at least partly based on that component. The
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exi stence of ARMA errors, after a time-invariant or even unit root
conponent has been controlled for, has been anply denonstrated in the
[iterature on earnings dynam cs (MaCurdy, 1982; Abowd and Card, 1985;
Mffitt and CGottschalk, 1995); the transitory conponents in these nodels
do not fade out very quickly over time, at least in |evels.

In our next section, where we nore directly examne attrition dynamcs,
we W ll show explicitly that attrition is based upon |agged shocks which
are deviations from average |evels, although contenporaneous shocks
cannot be directly exam ned.

A simlar regression-to-the-nean effect appears to be at work in
the PSID across generations, although mlder in nagnitude (see
Fitzgerald et al., 1997b, for a fuller exam nation of intergenerationa
attrition issues). Table 13 shows the original Table 11 for 1989 split
out between those 25-45 and those 46-64; the former were nostly children
in 1968 and hence constitute the 'second generation' that was inplicitly
contained in Table 11. The CPS-PSID differences are often slightly
narrower for the younger generation than for the old, as can been seen
fromthe percent with less than 12 years of education, the percent
married and the percent owning a honme. The pattern is not uniform
across all categories, however. Nevertheless, for nany categories the
data are consistent with an intergenerational mnodel with simlar
serially-correlated nean-regressing conponents.

Returning to Table 11, it can be seen that a second explanation
for the conparability with CPS is a small role played by the updating of
the PSID weights for attrition on observables. The PSID staff readjusts
its weights over time to take into account both differential nortality
by age, race, and sex but also differential nonresponse (Institute for

Soci al Research,1992,pp.82-98). The latter adjustment is based on an
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estimated nonresponse nodel in which nonresponse probabilities for
different time intervals since 1968 are nade a function of past
soci oeconom ¢ characteristics such as age, race, sex, incone, famly
structure, urban-rural |ocation, and regional l|ocation. The predicted
nonresponse probabilities fromthe nodel are used to adjust the weights
for each menber of the sample on the basis of his or her
characteristics. This procedure is capable, in principle, of adjusting
for attrition on observables, as discussed above in Section Il, even
though these are "universal" weights rather than nodel-specific
weights. ¢

Conparison of the colums for current-wei ght and 1968-weight
estimates in Table 11 shows that this adjustment has an effect on the
PSID means for only a few variables. The adjustments are generally
(though not always) in the "right" direction--that is, to nove the PSID
means closer to those in the CPS. This is particularly the case for the
race distribution, where the percent white is inproved by this
adjustnent. The labor force and income variables are |ikew se noved

slightly toward the CPS by the wei ght adjustment.? Nevertheless, the

** W state "in principle" because it is necessary that the
nonresponse nodel be properly specified for the adjustment to restore

representativeness. It is worth enphasizing that no outside benchmarks
fromthe CPS or other data set are used for these nonresponse _
adjustnents. The adjustments are all "internal," and result only in a

mul tiplication factor being applied to the prior year's weights to
obtain current weights. See n.44.

" However, the table also suggests a problemwth the PSID weight
because tine-invariant characteristics, such as race, are capable of
perfect attrition adjustnent because the true popul ation nmeans of those
vari abl es nust be the sane as they were in 1968; hence it is easy to
calculate a weight that perfectly restores the 1968 nean. But if the
wei ghts are based on nonresponse nodels which are parametric functions
of several variables (like race), and hence smoth over them the
resulting weights will never fully adjust any single variable, even
time-invariant ones. This is a problemwth all universal weights
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magni tude of the changes resulting from the weight adjustnent are
generally quite small. The major reason for this result is that

despite the correlation of observables with attrition propensities,
attrition remains nostly noise. This was clear fromthe |ow R-squared
val ues reported in our attrition probits. The variances of the predicted
attrition rates fromthose probits are small, which necessarily inplies
that the variance of attrition-adjusted weights is small; weighting may
have little effect in this case (subject to the caveat nentioned
previously).

Al though we have now provided explanations for the closeness of
the CPS and PSID cross-sectional distributions, we note that there are
some remaining differences. These can be further narrowed once
immgration into the U S. since 1968 is accounted for. The inportance of
immgration is illustrated in Table 11, which shows neans for male heads
in 1989 taken from the 1990 Decennial Census Public Use Mcrodata sanple
(puMs). Although the CPS did not, as of 1989, ask date-of-inmgration
questions, the Decennial Census did so. The PUMS figures in the table
introduce some additional conplications because the PUMS means without
immgrants are not always equal to those of the CPS, in part because of
sanpling error in the CPS and in part because the 1989 CPS sanpling
frane is based on that of the 1980, not the 1990, Census. Nevert hel ess,
in several instances the PUVS tabul ations indicate that immigrant/non-
immigrant differences in characteristics are in the direction that would
explain some of the CPS-PSID differences. Inmgrants are
di sproportionately nonwhite, for exanple, possibly explaining the
remai ning gap between the CPS and PSID, and inmgrants have |ower |abor
force activity and earnings, consistent with the direction of the psip-

CPS gap (i.e., higher labor force activity and earnings levels in the
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PSID). Thus, while the evidence is not conclusive, it does suggest that
immgration is part of the explanation for the renaining PSID CPS
difference for sone variables.

CPS-PSID conparisons for other denographic groups--wves, fenale
heads, nale non-heads, and female non-heads (see our background report)
indicate that the results for wives are quite simlar to those for male
heads and, if anything, the CPS-PSID differences are even snaller. The
results for fenmale heads show again small CPS-PSID differences, with a
few exceptions.

W conclude from this examnation, therefore, that, despite the
seenmingly large differences in characteristics of attritors and non-
attritors in the PSID, it nevertheless remains cross-sectionally
representative of the non-inmmgrant U S. popul ation.

CPS-PSI D Regression Conparisons. Table 14 shows estinmates of

cross-sectional log earnings equations for nale heads in the PSID and
CPS in 1968, 1981, and 1989, using current-year values for the

i ndependent variables as well as dependent variable. In general, the
differences in parameter estimates are larger than mght be expected on
the basis of the unconditional means which, as we just denonstrated, are
quite close to one another. The regression coefficients in the three
years show generally simlar signs but a number of differences are
sizable in magnitude. Two of these--the "other race" and "some
college"--are probably due to differences in definitions of other race

and of post-high-school education.®® The sanme type of differences appear

In the PSID, "Hispanic" was coded as a racial category prior to
1985 whereas in the CPS, "Hi spanic" comes from a separate ethnicity
questi on. For our regressions, we recoded "Hi spanic" to "white" in the
PSID in years prior to 1985. For the "Some College" variable, the
treatnent of junior colleges and vocational schools is different in the
two data sets. On the other hand, these coefficients are also those for
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for earnings regressions of wves and female heads (see background
report).

Table 15 shows F and chi-squared statistics for the significance
of the differences between PSID and CPS earnings regressions as well as
probit equations for marital status and welfare participation in each
year. For the log earnings regressions for male heads, both the ful
set of coefficients, those excluding the constant, and those excluding
the constant and the regional coefficients are significantly different
in the two data sets in 1968. However, interestingly, the size and
significance of the test statistics tends to fall over time, in general
I ndeed, by 1989, the coefficients other than the constant and region are
insignificantly different in the two data sets. This finding suggests
that attrition is not the cause of these differences in coefficient
vectors. W speculate that the initial selectivity of who consented to
be a part of the PSID (a 25-percent nonresponse rate) could have
generated the 1968 differences we observe. That the dissimlarity then
tends to fade out over the length of the PSID may be the result of the
regressi on-to-nmean phenomenon we denonstrated earlier for the
unconditional means. This is an area for future research.”

The test statistics shown in Table 15 generally show sonewhat

simlar patterns in the test statistics for other denographic groups and

whi ch differences appeared in Table 8.

** Becketti et al. (1988) found the sane result: through 1981, the
F-statistics for the difference in earnings regression coefficients
(they did not exam ne other dependent variables) tended to fall over
time. They speculated that the cause mght be a result of their
inclusion of nonsanple individuals after 1968. However, we exclude
nonsanpl e individuals and find the same result, so we conclude that the
pattern is a result of sonmething else. W should also note that the
patterns in Table 15 are unaltered by either the exclusion of the S0
sanple or estimation wthout weights.
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for other dependent variables although the size of the statistics is
sonmetines smaller and sonetines larger. For the earnings equations for
both wives and femal e heads, the coefficients in the two data sets are
insignificantly different from one another when the constant is excluded
(and when both the constant and the region coefficients are excluded) in
all three years. For the other dependent variables, the test statistics
are larger than for earnings but, like the nale head earnings
statistics, generally fall over tinme. In addition, in 1989 not a single
test statistic for any group or any dependent variable is significant
when coefficients other than the constant and regi on are compared.>

In any case, the major finding of our analysis is that, while the
PSID-CPS differences in regression coefficients are |larger than would be
expected after our exam nation of the unconditional neans, these
differences go back to 1968. Further investigation, particularly of the
causes of the initial, 1968 difference, would be warranted in future

resear ch.

V. Dynamic Attrition Mbdels

In the final piece of our analysis, we explore the dynamc
attrition issues we discussed in Section Il concerning the effects of
permanent and transitory conponents of |agged "y" variabl es and nake
use, in general, of the full y-history by estimating year-by-year

attrition hazards through 1989. This exercise has interest for two

** This general pattern of falling test statistics mght be

thought to be partly the result of declining sanple sizes, but in fact
the conbined CPS-PSID sanple size increases over time because the CPS
has been gradual |y expanded over tine, and nore than enough to outweigh
PSID attrition.
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reasons. First, for the devel opment of weights based on estimated
attrition functions, these equations nmay be superior to those based only
on the levels of the 1968 vari abl es. However, given the results of our
analysis thus far, attrition bias in the PSID does not appear to be very
severe for cross-sectionally defined variables. The second reason is
therefore nore inportant, for these equations have inplications for
attrition bias in equations used in past and future PSID studies which
use dynamc, or panel-defined, outcone variables rather than cross-
sectional | y-defined ones (earnings and enploynent dynamcs, welfare and
marital status transition nodels, etc.). If "y” in our nodels in
Section Il is reinterpreted as such a dynam c outcone variable, then
that analysis inplies that if lags of those variables are significant
determnants of attrition then analyses which attenpt to nodel the
cont enpor aneous val ues of those variables on the nonattriting sanple may
produce inconsistent paranmeter estimates (nanely, if the lagged val ues
of those variables covary with the contenporaneous values). Because
there is no counterpart to the CPS for panel-defined variables in the
PSID, this can be our only (indirect) test of attrition bias for PSID
dynam ¢ anal yses.

Al t hough we have not developed a formal nodel of the causes of
attrition, it is plausible to hypothesize that not only are low-
soci oeconom c-status individuals likely to attrite (as our results on
levels of the relevant variables have denonstrated thus far) but also
that individuals with a recent change in earnings, marital status, and
other variables are nore likely to attrite. Taking this notion one step
further, we hypothesize that individuals observed over their full past
history to have had above-average rates of fluctuations in earnings,

above-average nunbers of transitions in marital status, or above-average
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rates of geographic mgration--to take the three which we will exam ne--
are nore likely to attrite. W conjecture that it is plausible to
suppose that disruption in general may be related to attrition because
it may make individuals either nore difficult to locate by the PSID
field staff, or less receptive to participation in the panel, or both.
To investigate this issue, we estimate attrition functions with a
latent index of the form
6 + v

AT, =

it £(Y), ¢-1rY4, t-2r---1¥i0) * X

io it (16)

where the outcome variable, a;., equals 1 if the individual attrites at
time t, conditional on still being a respondent at t-1. The vector %50
consists of tine-invariant "x" variables, with coefficient vector o.
Eqn(13) allows the |agged dependent variables to affect current
attrition propensities in a general way (function f) but, in our
empirical work, we test functions which transformthe lagged y into only
four different summary variables: (a) the individual-specific nmean of
the variable over all years since 1968; (b) the individual-specific
variance of the variable over all years since 1968; (c) deviations of
| agged variables from the individual-specific means; and (d) durations
of tinme spent in various states defined by the variables in question

The first of these measures tests whether attrition is affected by
i ndi vi dual -specific nean levels of earnings, marital status, and other
variables (we include famly structure and geographic mobility as well).
This analysis should yield broadly simlar findings to those in Section
1l above, for they only replace the 1968 values of these variables with

their neans over a period of years. The second of the statistics

46



measures individual heterogeneity in turnover (labor market, narital,
geographic location, etc.). As we noted previously, if attrition
covaries With | agged values for these variables, then it follows that
model s estimated on nonattritors but using the contenporaneous
counterparts to these measures as dependent variables (turnover
durations, transition rates, etc.) wll be biased provided that the
cont enpor aneous and | agged neasures covary as well. The third of the
measures tests whether |agged changes ("shocks") to these variables
affect attrition. This is logically separate from the question of
i ndi vidual heterogeneity in turnover. It relates closely to the issue
of whether transitory events affect later attrition, although we cannot
be sure of that interpretation because we cannot, by definition
determ ne whether recent events will persist in the future or not if the
individual attrites (and hence whether the events wll, in retrospect,
be seen to be permanent or transitory shocks). This analysis has
inmplications for bias in the estimation of transition rate nodels for
cont enporaneous variables on the nonattriting sanple. The fourth
measure is nmore famliar and tests whether durations in a state
(marriage, mgration) affect attrition propensities; these equations
have inplications for the estimation of contenporaneous nodels for the
l ength of spells.

For our nodels we pool all observations on individuals 25-64 in
original 1968 sanple famlies for all years 1970-1989 for which they are

observed.®® W estinmate logits for whether the individual attrites in

L \We onit 1968 and 1969 so that we can construct at |east two
| agged variables for individuals |ast observed in 1970. W al so make
no adjustnent to the standard errors for the pooled nature of the data
(relatedly, as we noted earlier, there are no adjustnents for unobserved
heterogeneity). However, year-by-year estimation of the nodels revea
qualitatively simlar results; hence the standard error issue does not
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the next period as a function of the four summary measures discussed
above defined as of the current period. W also include 1968 vari abl es
for education, age, and other socioeconomc characteristics. |In some
runs we include year dummies, which fully capture duration dependence
Table 16 shows a series of estimated attrition equations focusing
on |lagged earnings. Colum (1) shows that attrition propensities for
men are significantly negatively affected both by |agged nean earnings
as well as earnings in the prior period. The latter inplies that
negative deviations of current earnings from mean earnings raise the
l'i kelihood of attrition. Colum (2) shows that the effect of deviations
does not extend back beyond the current period. Colum (3) tests the
effect of the individual-specific variance and finds that attrition
rates are positively affected by variances, even conditioning on current
period and | agged nean earnings. Colum (4) shows that this result is
robust to the inclusion of age and year dunmes, for it mght be the
case that if attrition rates vary with calendar year or age, this mght
create spurious estimtes since earnings vary with year and age.5?
However, columm (5) shows that the inclusion of several standard
soci oeconom ¢ variables (education, race, etc.) is sufficient to render
insignificant the effect of |agged nean earnings on attrition rates, a
result not surprising inasnuch as permanent earnings are likely to be
nmore predictable by such regressors than are earnings deviations or
earnings variances. The latter two remain significant even after
inclusion of the additional regressors. The last colum shows, in

addition, that there are no significant effects of this kind for wonen.

af fect our concl usions.

2 The year durmmies show no significant duration dependence in the
hazard after 1970
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W speculate that earnings are not as good a predictor of instability of
other behaviors for wonmen as for men because there are considerably nore
pl anned fluctuations in earnings for women.>

These results, therefore, are consistent, at least for men, wth
attrition being selective on stability. Therefore it should be expected
that neasures of second monments, of turnover and hazard rates, and of
related variables should be smaller in the nonattriting PSID sanple than
in the population as a whole.

Tables 17 and 18 show that this result extends to marital, famly
structure, and migration behavior. Table 17 denpnstrates that nen
recently experiencing a transition out of marriage (due to divorce,
separation, or w dowhood) are nore likely to attrite than those not
experiencing such a transition. In addition, nmen who have experienced
| arger nunbers of marital transitions in the past are nore likely to
attrite. |Interestingly, however, no effects of this kind appear for
females. Table 18 shows that men who have split off fromother famlies
are nore likely to attrite--although the effects are insignificant when
other characteristics are controlled--and that nen who have noved
recently or who show a high average propensity to nove are nore likely
to attrite. Again, however, no significant effects appear for wonen.

Al though these results clearly denonstrate a tendency for nen wth
more unstable histories to attrite, the seriousness of the problem for
the PSID is difficult to judge. The R-squared values in these attrition
equations are uniformy very small, as shown in the tables, which

implies that attrition along these dinensions may not have a |arge

> \W thank a referee for suggesting as well that the female

results may reflect the existence of married-couple households in which
the husband's earnings is the domnant factor affecting the famly's
attrition.
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effect on the conparabl e contenporaneous neasures on the nonattriting
sanple from selection on these observables. This cannot be known for
certain because the size of the bias depends not only on the R-squared
values, but also on the size of relation of these lagged instability
measures with both the regressors in the main outconme equation of
interest and with the error termin that equation (recall the nodel of
Section I1). However, weights based on these equations could be

devel oped which would capture dynamc effects nore adequately than do
the current, universal PSID weights, and these could be used in
specification tests to see the inportance of their effect on estimates
of outcome equations. Nevertheless, this approach cannot capture any
bias from selection on unobservables in such equations (unfortunately,
as previously noted, there is no equivalent to the CPS for these

variables with which to gauge the presence of such selection).

VI. Concl usi ons

Qur study of attrition in the PSID has yielded several findings:

® The observed baseline characteristics of those who later do and
do not attrite fromthe PSID are quite different; these differences are
often statistically significant. Attritors tend to have |ower earnings
| oner education levels, lower marriage propensities, and appear to be

generally drawn from the lower tail of the socioeconomc distribution

® These unadjusted differences fall in magnitude and are usually
rendered statistically insignificant as determnants of attrition

propensities after conditioning on a nunber of other socioecononic
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characteristics. In one |eading case, however--earnings for nmale heads-
-a significant relationship continues to exist even after such

condi ti oni ng.

e |n a regression context, attrition appears to prinarily affect
intercepts rather than slopes of regressions for earnings and welfare

participation, but also sone slopes for narital-status regressions

® (ross-sectional conparisons of unconditional noments between
the PSID and the CPS show a close correspondence all the way through
1989. W reconcile the seemngly inconsistent findings of, on the one
hand, significant neasured correlates of attrition and, on the other
hand, continued cross-sectional representativeness by show ng that
regression-to-the-nmean effects are present that cause initia
differences in characteristics to fade away over tine both within and
across generations. A snmall role is also played by PSID weights used to
adjust for attrition related to observables, although, because attrition
is nostly noise, the weights do not alter PSID neans by a very large
anount . We also find that some portion of the renmaining CPS-PSID
difference is a result of the exclusion of individuals who have

immgrated to the U.S. since 1968 from the PSID sanpling frame

® Regression coefficients in nmodels for earnings, marital status,
and welfare participation in the CPS and the PSID are usually quite
simlar in sign and magnitude but not always so, and the differences in
coefficient vectors as a whole are usually significant in the baseline
year (1968). However, the test statistics for the difference in

coefficient vectors fall over time and inply that, by 1989, the CPS and
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PSID coefficients are insignificantly different as a whole.

e W find evidence that attrition propensities are correlated
with individual -specific levels of turnover and instability in earnings,
in marital status, and in geographic mobility. W also find that recent
unfavorabl e events along these dinensions--a drop in earnings, a marital
dissolution, or a geographic nove--induce nore attrition. The
magni tudes of the effects of these variables on attrition, as neasured
by R-squareds, are not |arge, which suggests that they are unlikely to
i nduce significant bias in studies which have such dynam c neasures as
outcone variables. As noted earlier, however, this conclusion depends
on nodel specific correlations, and we recommend that authors of these
types of studies be aware of possible attrition biases and check the

sensitivity of their results accordingly.
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APPENDI X

Let f£(y,z|x) be the conpl et e-popul ation joi.r.n“ density of y and z

and let g(y,z|x,A=0) be the conditional joint density. Then

g(y,z,A=0|x)
g(y,z|x,A=0) =

Pr (A=0|x)

Pr (A=0ly,z,x) f(y,z|x)

Pr (A=0|x)

Pr (A=0|z,x) f(y,z|x)

Pr (A=0|x)

£y, z|x)

w(z,x)

where w(z,x)is givenin egn (9) in the text. Hence

fly,z|x) = w(z,x) gly,z|x,A=0).

Integrating both sides over z gives egn (8) in the text.
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Figure 1

Attrition Hazards: Sample With No New Entrants
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Table 1

Response and Nonresponse Rates in the PSID
Remaining in Sanple Attritors?®
I'n
Year from
In a In an Total As a Total Fam Di ed Moved Non-
Family 1Insti- Pct of Uni t Resp.
Uni t tution 1968 Non-
Tot al Resp.
1968 17807 384 18191 100.0 - -
1969 15561 367 16028 88.1 2163 1797 84 282 -
(.119) (.099) (.005) (.016)
1970 15126 333 15459 85.0 600 351 74 175 31
(.037) (.022) (.005) (.011)
1971 14767 322 15089 82.9 404 208 95 101 34
(.026) (.013) (.006) (.007)
1972 14400 293 14693 80.8 429 190 115 124 33
(.028) (.013) (.008) (.008)
1973 13969 307 14276 78.5 449 247 100 102 32
(.031) (.017) (.007) (.007)
1974 13581 307 13888 76.3 410 229 89 92 22
(.029) (.016) (.006) (.006)
1975 13226 302 13528 74. 4 386 200 97 89 26
(.028) (.014) (.007) (.006)
1976 12785 291 13076 71.9 487 310 86 91 35
(.036) (.023 (.006) (.007)
1977 12377 310 12687 69.7 411 234 88 89 22
(.031) (.018) (.007) (.007)
1978 12078 320 12398 68. 2 330 210 63 57 41
(.026) (.017) {.005) (.004)
1979 11718 316 12034 66. 2 387 224 73 90 23
(.031) (.018) (.006) (.007)
1980 11357 305 11662 64.1 405 233 90 82 33
(.034) (.019) (.007) (.007)
1981 11022 340 11362 62.5 337 208 77 52 37
(.029) (.0.8) (.007 (.004)
1982 10780 326 11106 61.1 285 135 88 - 62 29
(.025) (.012) (.008) (.005)
1983 10487 322 10809 59. 4 336 194 83 59 39
(.030) (.017) (.007) (.005)




Year In a In an Tot al As a Tot al Fam Di ed Moved In

Fam I nst. pct Att. Non- from
Uni t of 68 Resp Non
Resp
1984 10178 319 10497 57.7 348 225 93 30 36
(.032) (.021) (.009) (.003)
1985 9891 275 10166 55.9 371 229 96 46 40
(.035) (.022) (.009) (.004)
1986 9517 292 9809 53.9 390 275 84 31 33
(.038) (.027) (.008) (.003)
1987 9230 257 9487 52.2 357 215 94 48 35
(.036) (.022) (.010) (.005)
1988 9002 206 9208 50.6 310 178 95 37 31
(.033) (.019) (.010) (.004)
1989 8743 170 8913 49.0 323 212 79 32 28
{.035) (.023) (.009) (.003)

Not es:
Excludes new births and nonsanple entrants.

2 Figures in parentheses show attrition rates as a percent of the total sanple
remaining in the prior year (colum four).



Table 2

1968 Characteristics by Attrition Status: MaleHeads,
Age 25-64
Always | n Ever CQut Ever Qut/ Ever out/
Not Dead Dead
Wel fare Participation (%) 0.8 1.3 1.4 1.2
Marital Status(9:
married 95.8 90.1~* 87.1 98.1
never rmarried 2.4 3.7+ 4.9 0.4
wi dowed 0.3 1.5* 2.0 0.1
di vor ced/ separ at ed 1.2 4.6* 5.9 1.3
Percent with Annual 98.7 94.1* 95.7 89.8
Hours Worked > O
Annual Labor Income 21345 17011 17277 16298
Annual Labor Income for those 21631 18152 18106 18281
w i ncome > 0
Annual Hours Worked for those 2378 2246 2268 2182
w hours > 0
Variance of 1og annual |abor .248 .529 .481 .667
incone for those wincome > 0
Labor income quintile ratios for
those wlabor income > O:
Quintile 20/median .658 .611 . 615 .558
Quintile 40/median . 886 .905 . 923 .865
Quintile 60/median 1.101 1.139 1.123 1.164
Quintile 80/median 1.392 1.498 1. 462 1.493
Education (%: < 12 31.5 52.5%* 50. 8 57.2
12 32.8 25.6% 27.3 21.0
12-15 15.8 11.5* 11.5 11.5
16+ 19.9 10.4~* 10.4 10.4
Race (%): Wi te 92.7 88.3* 87.4 90.7
Bl ack 6.6 10.7* 11.5 8.0
Regi on (%): Nort heast 24.7 25.8 26.9 22.3
North Central 32.2 27.5* 26.5 30.1
Sout h 26.7 30.1* 29.6 31.2
West 16.4 16.7 17.0 15.7




Table 2 continued

Al ways In Ever Qut Ever Qut/ Ever Qut/

Not Dead Dead

Age 40.7 45.6%* 43.1 52.1
Tenure(%: Owmn hone 74.9 62.9* 58.0 75.9
Rent 21.5 33.8* 38.9 20.2

Nunber of Children in Famly 2.0 1.5 1.6 1.3
Sample Size 1238 1533 1116 417

Notes: Sanple weights used.

*» Significantly different

from "Always In" at 10% | evel.



Table 3

1968 Characteristics byAttrition Status: Wves,
Age 25-64
Always In Ever Qut Ever Qut/ Ever Qut/
Not Dead Dead
Wel fare Participation (%) 1.1 1.6 1.4 2.2
Percent Wth Annual Hours 47.7 44.0 44. 4 42.3
Worked > 0
Annual Labor Income 36308 3299 3366 2960
Annual Labor Income for those 7653 7509 7580 7128
w i ncome > 0
Annual Hours Worked for those 1311 1315 1342 1173
w hours > 0
Vari ance of |og annual | abor 1. 546 1.624 1.548 2.014
i ncone for those wincone >0
Labor incone quintile ratios
those wlabor income > O:
Quintile 20/median .240 .218 .222 .216
Quintile 40/median .800 . 611 . 622 .557
Quintile 60/median 1. 205 1.164 1. 667 1.195
Quintile 80/median 2.000 1. 637 2.078 1. 670
Education (%): < 12 30.5 45.6* 44. 7 50.0
12 49.1 38.7* 39.9 32.8
12-15 10.7 10. 2 9.6 12.7
16+ 9.8 5.5% 5.8 4.5
Race (%): White 92.0 89.5* 90.0 86. 6
Bl ack 7.4 9.4* 8.7 12.5
Regi on (%) Nor t heast 23.9 27.3%* 28.3 22.4
North Central 31.7 26.4%* 25.1 32.8
Sout h 28.0 31.2* 31.8 27.9
West 16.5 15.1 14.8 16.9
Age 40.9 44.5* 43.5 49.6
Tenure (%): Oan hone 77.8 69.1* 67.9 75.5
Rent 18.8 28.5* 29.6 22.6
Nunmber of Children in Famly 2.0 1.5 1.6 1.4
Sanpl e Size 1377 1043 847 196

Not es: Sanpl e wei ghts used.

*: Significantly different from “Always In" at 10% | evel.



Table 4

1968 Characteristics by Attrition Status: Female Heads,

Age 25-64
Always In Ever Qut Ever out/ Ever out/
Not Dead dead
Wel fare Participation (%) 4.3 10.5* 10.0 17.9
Marital Status (%):
married 1.4 1.8 1.7 2.5
never married 21.2 14.6%* 14.7 13.1
wi dowed 38.7 39.1 39.1 39.0
di vor ced/ separ at ed 36.7 40. 8 40. 6 43.8
Percent Wth Annual Hours 80.4 67.4% 67.0 73.7
Worked > 0
Annual Labor Income 8199 6950 7167 3482
Annual Labor Income for those 10214 10296 10679 4723
w i ncome >0
Annual Hours Worked for those 1593 1645 1676 1203
w hours > 0
Variance of log annual |abor 1.426 1.185 1. 045 1.739
incone for those wincome > 0O
Labor income quintile ratios for
those w |abor inconme > O:
Quintile 20/median . 316 .424 .471 .438
Quintile 40/median .737 . 800 .838 .653
Quintile 60/median 1.163 1.178 1.178 2.483
Quintile 80/median 1.553 1.468 1. 440 5.724
Education (%): < 12 45.1 49. 2 46. 8 88.4
12 28.3 32.4 33.7 11. 6
12-15 13.8 9.6* 10.2 0. 00
16+ 12.8 8.8* 9.3 0. 00
Race (8): White 80. 3 76.0* 77.3 55. 4
Bl ack 18. 8 23.2* 21.9 44. 6
Regi on (%): Nort heast 25.2 26.2 26.3 24.8
North Central 30.0 24.6* 25.6 9.3
Sout h 25.8 27.7 25.9 57.5
West 19.0 21. 4 22.2 8.4
Age 44. 9 47. 4% 47.2 50. 4
Tenure (%): Om home 45.0 40. 3 40. 3 40.7
Rent 50. 3 55.9* 55.8 58. 2
Nunber of Children in Famly 1.3 1.0 1.0 1.8
Sanpl e Size 502 526 475 51

Not es: Sanmpl e wei ghts used.
*. Significantly different from"A ways In" at 10% | evel .



Tabl e 5

Ever-Qut Attrition Probits
Mal e Heads Age 25-64, Focus on Labor Incone

Model 1 Mbdel 2 Model 3 Model
Coef f. dP/3X Coef f. dP/ax Coef f . oP/dxX Coef f . dP/dX
I nt ercept .334* .128 .360* .139 1.770* ,671 1.130* .417
{(.059) {.096) (.454) {.518)
Labor Incomea) -.0239* -.0092 -.0272*% -. 0105 -.0192* ~.0073 -.0237* -.0088
{.0030) (.0103) (.0108) (.0120)
No Labor .284%* .110 .254 .100 .291 .110 .181 .067
I ncome (.160) {.177) (.180) (.186)
Labor IncB e .009 .003 .018 .006 .022 . 008
Squared (.025) (.026) (.026)
Bl ack .074 .028 .037 .014
{.066) (.081)
O her Race .356 .134 .198 .073
{.248) (.251)
Age -.088* -.033 -.039 -.014
{.022) (.024)
Age Squaredc) .107* .041 . 054f .020
{.025) (.028)
Education < 12 .200% .076 .208* .077
Years (.690) {.071)
Sonme Col | ege -.114 -.043 -.195* ~.072
(.096) {.097)
Col | ege Degree ~.305* -.116 ~.384* -.142
(.107) {.109)
Nor t heast -.051 -.019
{.939)
Nort h -.139 -.051
Central {.091)
Sout h -.120 -.044
(.088)
In SEO Sanple -.070 ~-.025
(.080)
Lives in Rural -.271~* -.100
Area (.072)
(SMSA < 1000)
Number of -.033* -.012
Children in (.017)
Fanm |y
Presence of .09% .035%
Child < 6 (.061)
owns House ~-.310* -.114
(.068)
M ght Move -.01% -.006
in Future (.072)
I ncone/ Needs .031 .012

Ratio

.033)




Table 5, continued

Model 1 Model 2 Model 3 Model 4
Coeff. 8P/dX Coef f. dP/ax Coeff. apP/éx Coef f. 9P/8x
2
R .028 .028 .044 .068
Sanpl e Size 2253 2253 2253 2253
Nunmber 1074 1074 1074 1074
Ever Qut
Loq Like. -1516. 05 -1515. 99 -1490. 27 -1453. 02

Notes: Excludes known dead. Characteristics measured in 1968.
*: Significant at 10% | evel.
ap/dX signifies the effect of a unit change in the variable on the probability of attrition evaluated at
the nean.

R® equals one minus the ratio of the log likelihood of the fitted function to the log likelihood of a
function with only an intercept.

a)Ooeffici ents multiplied by 103.

b)Ooeffici ents nultiplied by 108.

C)Ooeffici ents multiplied by 102.



Ever-Qut Attrition Probits:

Table 6

QG her Results
Model 2 Model 3 Model 4
Coef f . dP/9X Coef f. ap/oxX Coef f. apP/ax
Wves, 25-64,
Focus on Labor I|ncone
Labor a) {.0186&0 .0004 . 0056 .0021 .0016 .0006
I ncome (.0168) (.0172)
No Labor .133 . 051 .128 .0489 .135 .049
I ncome (.083) (.085) (.086)
Labor InCBTe .011 .004 .021 .008 . 030 .011
Squar ed (.073) (.074) {.075)
Femal e Heads, 25-64,
Focus on Labor Incone
Labor a) -.0010 -.0004 -.0018 -.0007 -.0035 -.0013
I ncome 1.0195) {.0201) (.0214)
No Labor .438%* 171 424 .162 .424* .160
Income (.125) {.128) (.133)
Labor Incgrf\e .00a . 004 .0186 . 007 .033 .012
Squar ed (.073) (.074) {.078)
Men, 25-64,
Focus on Marital Status
Marri ed -.436* -.165 -.192 -.0710 -.156 -.058
{.134) (.140) (.142)
W dowed -.130 -.049 . 054 020 .028 . 009
{.234) (.238) (.239)
Di vor ced/ (.1929 -.098 .255 .094 , 288 .106
Separ at ed {.193) (.194)
Wonen, 25-64,
Focus on Marital Status
Marri ed ~-.182* ~.069 -.036 -.014 -.039 -.015
(.101) (.104) (.106)
W dowed ~.024 -.009 .0425 .0160 . 065 . 024
(.123) (.125) (.126)
Di vor ced/ . 090 .034 .114 .043 L2131 .049
Separ at ed (.112) (.114) (.115)




Table 6 continued

Model 2 Model 3 Model 4
Coef f. aP/oX Coeff. dP/dx Coeff. apP/ox
Fenal e Heads, 18-54,
Focus on Wl fare
Wl fare .270% .106 .214 .083 .0704 . 027
Recei pt (.139) {.143) (.149)

Notes: Excludes known dead. Characteristics measured in 1968.

¥: Significant at 10% | evel.
dp/8X signifies the effect of a unit change in the variable on the probability of

the nean.

a)

attrition evaluated at

Coefficients multiplied by 10°.

B coefficients miltiplied by 10°.



Table 7
Ever-Qut Attrition Probits

Mul tiple Focus Variables

Femal e Heads Men Women
18- 54 25-64 18- 54
Coef f. oP/dxX Coef f . dP/dX Coef f . dP/dX
Labor Tncone
Labor Incomea) -.0350 -.0130 -.0199~* -.0073 .0001 . 0000
(.0022) {(.0120) {(.0013)
No Labor Incone .431%* . 162 .203 .071 .221* .082
(.141) (.179) (.071)
Labor Ig?ome -.003 -.001 .002 . 006 . 0QQ . 000
Squared (.008) (.003) (.001)
Mari t al statusc)
Marri ed - - -.156 -.060 ~-.039 -.015
(.142) (.106)
W dowed .141 .053 .026 . 009 (.12 " 024
(.164) (.239)
Di vor ced! .249% .094 .288 .106 (o118 " 049
Separ at ed (.121) (.194)
Wel fare
Wl fare Recei pt .070 . 027 -.239 -.088 .083 .031
(.149) (.213) (.109)
Not es: Excl udes known dead. Characteristics neasured in 1968.

*: Significant at 10% |evel.

oP/dxX signifies the effect of a unit change in the variable on
the probability of attrition evaluated at the nean.

QG her variables included are those in Mdel (4) in Table 5.

a)
b)

Coefficients nultiplied by 103,
Coefficients multiplied by 10%.
S onitted category for female heads is never-married.



Table 8

1968 Log Labor Income Regresssions

Mal e Heads
SRC and SEO Conbi ned SRC Only
Tot al Al ways In Di fference Tot al Always In Difference
I ntercept 8.24* 8.38* .14 8.28~* 8.35* .08
(.197) (.232) (.12) (.23) (0.26) (.13)
Bl ack -.249%* -.272%* -.022 -.173* -.195* -.022
(.044) (.056) (.035) {.055) (0.070) (.043)
QG her Race -.221 -.246 .196* -.393* -.193 .200%*
{(.136) (.173) (.106) (0.164) (.184) (.0830)
Ed < 12 -.293~* -.271* .023 -.291* -.244* 047*
(.034) (.039) (.019) (.040) (.045) (: 020)
Some Col | ege .101~* .068* -.033* .103* .098* -.005*
(.037) (.039) (.014) (.042) (.044) {.001)
Col | ege Degree .271* .283* .012 .311+ .334~* 024*
(.043) (.045) {.011) (.050) (.050) (: 008)
Age .080%* .074%* -.059 .080~* 079* -.001
(.009) (.011) (.061) (.011) (: 013) (.007)
Age Squar ed® ~.948* - .856* .092 -.947% ~. 922+ .003
(.108) (.132) (.075) (.125) (.149) (.081)
Nor t heast .076* 110* .034 (0F:3:04 .065 -.022
(.039) (: 045) (. 022) (:047) (. 052) (.023)
North Central .045 . 006 -.039* .013 -.056 ~.069*
(.038) (.043) (.020) (.043) (.048) (.021)
Sout h -.076* -.105* -.028 -.111* -.147* -.036
(.039) (.045) (.023) (.045) {.051) (.025)
Sampl e Size 2182 1159 1406 788
R? .19 .24 .22 .26
F-statistic® 50. 5 35.7 38.8 27.8
Vari ance of .326 .220 .285 .194
Error
Notes: Standard errors in parentheses.
Sanpl e excludes known dead.
SRC+SEO sanple are weighted.
¥ Significant at 10% |evel.
a) 3

Coefficients nultiplied by 107.
F-stati'stitc- for hypothesis that all coefficients except the intercept are
equal to zero.

b)



Table 9
1968 Incorme, Marital Status, and Welfare Equations:

Difference in Total and A ways-In Sanples, Intercept-Only Nodel

SRC+SEO SRC Only
Labor Incone Regressions:
Mal e Heads -.059* ~.053*
(.012) (.013)
W ves .016 . 007
(.028) (.034)
Femal e Heads .091~* .122%*
(.037) (.061)
Marital -Status Probits:
Men -.232* -.232*
(.037) (.044)
Vonen -.063* -.078"
(.022) (.028)
Wel f are- St at us Probits:
Femal e Heads -.264* -.383~*
{.087) (.186)

Not es: Model s include all variables shown in Table 8 but allow the intercept
to differ for the Total and Al ways-In Sanples. Coefficient equals Total-
Sanple intercept nminus A ways-In Sanple intercept.

Standard errors in parentheses
Sampl e exludes known dead
SRC+SEO i s wei ghted
*Significant at the 10% | evel



Table 10

Characteristics of Male Heads 25-64: 1968
PSID and CPS
CPS PSI D
Wei ght ed Unwei ght ed
(SRC and SEO (SRC only)
Age 43.7 43.3 43.6
Race
VWi te i .90 .91
Bl ack .08 .09 .08
Hi spani c -
Educati on
Less than 12 42 .43 .41
12 .32 .29 .30
13-15 .11 .14 .14
16+ .15 .15 .15
Marital Status
Never married .03 .03 .03
Married .92 .93 .94
Di vor ced/ separ at ed .03 .03 .03
W dowed .01 .01 .01
Regi on
Nor t heast .25 .25 .22
North Central .28 .30 .31
Sout h .29 .28 .30
West .18 17 .17
Omn  Hone .69 .71




Table 10 continued

Labor Force

Earnings

Positive weeks
wor ked

Weeks workeda)

Annual hours worked?®’

a)

Real wage and sal ary

Real |abor incone

Wage and Sal ary

Distribution"'

Log vari ance®’

Ratios of Percenti
Points to Median

20th Percentile
40th Percentile
60th Percentile
80th Percentile

55

Wel fare Participation

CPS PSID
Wei ght ed Unwei ght ed
(SRC and SEO (SRC only)
.96 .96 .96
$19478
$20460 $20709
.452 .389 .354
.671 . 667 . 667
.886 .883 . 907
1.114 1. 087 1.107
1.429 1.373 1. 400
.02 .01 .01

Not es:

a) Workers only.

b)

PSID figures use

| abor

ncome rather than wage and salary incone.



Table 11

Characteristics of Mile Heads 25-64: 1989
PSID, CPS, and PUMS
PUMS CPS PSID
with wi t hout Current Wits. 1968 Wits. Unwei ght ed
immignts inmmgnts (SRC and SEO) (src and SEO (SRC Only)

Age 42. 4 42.7 42.0 42.0 42.0 42.2
Race

White . 86 . 89 . 89 .90 .92 .93

Bl ack .08 .08 .08 .09 .07 .06
Hi spani c .07 . 05 .07 .03 .02 .01
Educati on

Less than 12 .17 .16 .17 .18 .18 .17

12 .28 .29 .36 .29 .29 .29

13-15 .27 .28 .19 .23 .23 .23

16+ .27 .27 .28 .29 .30 .31
Marital Status

Never married .10 .10 .10 .08 .09 .08

Married .79 .79 .79 .81 .81 .82

Di vor ced/ separ at ed .10 .10 .09 .09 .09 .09

W dowed .01 .01 .01 .01 .01 .01
Regi on

Nor t heast .20 .19 .20 .22 .23 .20

North Central .25 .26 .25 .28 .28 .30

Sout h .34 .35 .34 .31 .31 .32

West .21 .20 .21 .18 .18 .17
Omn Hone .72 .74 .71 .73 .74 .75




Table 11 continued

PUMS CPS PSI D
with w t hout Qurrent Wjts. 1968 Wit s. Unwei ght ed
immignts inmgnts (SRC and sEo) (SRC and SEO (SRC Only)
Labor Force
Positive weeks .92 .92 . 89 .93 .93 .94
wor ked
Weeks worked?’ 48. 1 48. 3 49.0 46.6 46. 6 46.7
Annual Suours 2156 2164 2165 2172 2176 2199
wor ked?
Ear ni ngs '
Real wage and $24239 $24582 $22970 $23481 $23645 $23905
sal ary
Real |abor income - $24090 $24273 $24537
Wage and Sal ary
Distribution"'
Log Variance .63 .61 .624 .501 .491 .452
Ratios of Percentile
Points to Median
20th Percentile .557 .971 .566 .582 .571 .589
40th Percentile .857 .886 .868 .873 .873 .875
60th Percentile 1.117 1.143 1.132 1.163 1.143 1.143
80th Percentile 1.500 1.525 1.509 1.519 1.500 1.500
Wl fare .02 .02 .02 .01 .01 .01
Partici pation

Not es:

a) Workers only.



Table 12
Characteristics of Males 25-40 in 1968 and 46-61 in 1989
PSID and CPS

CPS PSI D
18°188s  i11%1%bo ifigs ), 4051

Age 32.4 53.1 32.8 53.8
Race

Vhi t e . 89 .87 .93 .92

Bl ack .09 .10 . 06 .06
Educat i on

Less than 12 .31 .25 .25 .27

12 .38 . 36 .34 .30

13-15 .13 .14 17 .18

16+ .18 .24 .22 .26
Marital Status

Never narried .12 .06 .02 .02

Marri ed . 83 .80 .95 .86

Di vor ced/ separ at ed .04 12 .01 .10

W dowed .02 .02 .01 .02
Regi on

Nor t heast .24 .21 .26 .25

North Central .28 .25 .30 .28

Sout h .30 .35 .29 .31

West .18 .19 .15 .16
Omn  Hone . 89 . 66 .86




Table 12 continued

CPS PSI D
25-40 46-61 25-40 a) 46-61
in 1968 in 1989 in 1968 in 1989
E ing b)

arnings

Real wage and $18429 $24694 T $25464
sal ary

Real |abor incone -- -- $21265 $24638

Not es: PSID sanple includes seoc and SRC and both years use 1968 weights.

a) Sanmple includes only those responding in 1989.
b} Workers only.



Table 13
Characteristics of Mile Heads 25-45 and 46-64 in 1989

PSID and CPS

Age 25-45 Age 46-64
CPs PSI D CPsS PSI D

Age 34.9 34.8 54. 6 55. 3
Race

VWi te . 88 .92 . 89 .92

Bl ack .08 .07 .08 .06
Educati on

Less than 12 12 .12 .25 .28

12 .36 .30 .35 .29

13-15 .22 .26 .15 .17

16+ .30 .32 .25 .26
Marital Status

Never married .14 .12 .04 .01

Married .76 .78 .84 .88

Di vor ced/ separ at ed .09 .09 .10 .09

W dowed .00 .00 .02 .02
Regi on

Nor t heast .20 .21 .21 .25

North Central .25 .28 .25 .28

Sout h .34 .31 .34 .29

West .22 .18 .19 .17

Omn_ Hone .64 .66 .83 . 88




Tabl e

13 continued

Age 25-45 Age 46-64
CPS PSID CPS PSID
Earningsa)
Real wage and $22096 $23162 $24878 $25262
sal ary
Real |abor incone $23622 $25890

Not es: PSID sanple uses SRC-SEO and 1968 weights.

a) Wrkers only.



Table 14

PSID and CPS Log Earnings Regressions: Mal e Heads
1968 1981 1989
PSI D CPS PSI D CPS PSI D CPS
I ntercept 8.642* 8.456* 8.478* 7.545* 8.066* 7.560%*
(.015) (.065) (.086) {.071) (.067) (.080)
Bl ack -.229%* -.393* -.159* -.283* -.278* -.241*
(.032) (.014) (.043) (.016) (.048) (.017)
O her -.102 -.264* .144 -.210* . 04¢ -.210*
(.099) (.040) (.111) (.030) (.125) (.028)
Low Ed -.288%* -.271* -.244~* -.313* -.140* -.366*
(.026) (.010) (.037) (.012) (.046) (.015)
Sonme .028 .119 .0le* .101~* .167* 119*
Col | ege (.027) (.014) (.033) (.013) (. 039) (: 013)
Col | ege .247%* .248%* .283~* .263%* .442~* .390*
Grad (.032) (.013}) (.036) (.012) (.040) (.012)
Age 061* .070* .063* .105* .078%* .101*
(:007) (.003) (.009) (.003) (.011) (.004)
Age -.007* -.008* -.006* -.011~* -.008* -.011~*
Squar ed’ (.001) (.004) (.001) (.001) (.001) (.001)
Nort heast .054~* .035* -.016 .060* 080~* .148*
(.029) (.012) (.035) (.014) (: 014) (.016)
North .092* .012 .070* .046* -.067 .057~*
Central {.028) (.012) (.033) (.013) (.041) (.015)
Sout h .102%* -.177* -.067* -.039* -.099* -.013
(.029) (.012) (.034) (.013) (.041) (.014)
Standard errors in parentheses
*: significant at 5% |eve
Combi ned SRC-SEO sanple (weighted) is used for PSID
Oritted categories for dummies are white, 12 years of education, and West.

"Coefficients multiplied by 10



Tabl e 15

Significance Tests

for CPS-PSID Differences

1968 1981 1989

Earnings: Ml e Heads

Al Coeffs 11.3* 8.9* 5.6*
Al Coeffs but Const. 3.7* 2.5 3.4%
Al Coeffs but Const. & Region 4.1* 3.0 4.0
Earnings: Fenal e Heads

Al Coeffs 2.8%* 2.6* 3.9%*
Al Coeffs but Const. 1.2 1.3 1.6
Al'l Coeffs but Const. & Region 1.6 1.5 2.2
Earni ngs: Wves

Al Coeffs 1.5 8.1* 4.8%*
Al Coeffs but Const. 1.5 0.9 2.4
Al'l Coeffs but Const. & Region 1.5 0.9 2.3
Marital Status: Males

Al Coeffs 124.6* 86.4~* 96.1%*
Al Coeffs but Const. 23.0* 23.5% 18.3*
Al'l Coeffs but Const. & Region 14.7* 22.0%* 13.6
Marital Status: Fenal es

Al Coeffs 21.1* 16. 2 27.1*
Al Coeffs but Const. 20.5* 9.1 22.1%
Al Coeffs but Const. & Region 7.5%* 8.7 13.5
Wl fare Part: Female Heads

Al Coeffs 107.7* 25. 8" 28.7*
Al Coeffs but Const. 42.0% 23.9* 18.4
Al Coeffs but Const. & Region 33.2* 17.2* 14.2
Not es:

Earnings statistics are F-statistics; nmarital status and welfare participation

are likelihood ratio statistics.

*: significant at the 5 percent |evel



Table 16

Dynamic Attrition Mdels Wth Focus On Lagged Earnings
(Logit Coefficients)

Mal es Femal es
(1) (2) (3) (4) (5) (6)
y -.20% -.24* -.28% -.26% -.07 .23
(.07) (.08) (.08) (.08) (.09) (.14)
yt-1 -.22%* -.17* -.18* -.20%* -.15* -.11
(.06) (.08) (.06) (.086) (.07) (.11)
) -.09 - - -
yt-2 (.09)
Var(y) - .32%* .33* .38* -.04
(.09) (.09) (.09) (.23)
Time Dunmes n n n Y Y Y
and age
Q her n n n n Y %
Characts. 2
R? .018 017 .020 .025 .043 .018
Not es: Dep. var. is 1 if individual attrites in next period, O if not. y is

the nean earnings from 1968 to current period; Yeo1 and Ye_p are earnings in
the current period and one period back; and var(y)is the variance of earnings
from 1968 to the current period. The coefficients on the first three
variables are nultiplied by 10% and the coefficient on the fourth is

mul tiplied by 108.

Standard errors in parentheses. For R-squared definitions, see Table 5.

*: significant at the 10 percent |evel.

a) Education, race, region, age of youngest child, rural residence, honmeowner.



Table 17

Dynamic Attrition Mdels Wth Focus On Lagged Marital Status
{Logit Coefficients)

Mal es Femal es
(1) (2) (3) (4) (5)
_ -.24 -.22 -.31 -.21 -.14
v (.19) (.20) (.19) (.20) (.19)
t-1 -.81* -.72* -.67* -.72* -.15
y (.15) (.15) (.15) (.16) (.17)
n .20%* - L21% .02
tr (.05) (.09) (.09)
Dur ati on ~-.04* .00 ~.01
(.01) (.02) (.02)
O her a) n n n Y Y
Characts.
Pseudo RZ .022 .024 .023 .043 1009

Notes: Dependent variable is the same as in Table 16. y is the average
probability of being married from 1968 to the current period; Ye_1 is a
marri ed dummy for the current period, ne . is the nunmber of marital transitions
from 1968 to the current period; and, 'duration' is the nunber of years since
the last marital transition. Al equations contain age and year dunmies.
Standard errors in parentheses. For R-squared definitions, see Table 5.

*. significant at the 10 percent |evel.

a) See Table 16.



Table 18

Dynanmic Attrition Mdels Wth Focus On splitoff and Mgration
{Logit Coefficients)

Splitoff M gration
Mal e Femal e Mal e Femal e
(1) (2) (3) (4) (3) (6) (7)
Splitoff
Split in t-I L73*% .74* .35 -.05 - - -
(.37) (.37) (.37) {.59)
Ever Split Of .28% -.04 .00 - - -
(.15) (.16) (.18)
M gration
y - - .90 LT+ -.02
(.29) (.30) (.36)
i - - .41* .28* .13
yt-1 (.12) (.12) (.13)
Dur ati on - - -.02%* -.01 -.00
(.01) (.02) (.01)
Cther Characts. 3’ n n Y Y n % Y
Pseudo RZ 006 .007 .036 017 1015 .040 .017
Notes : Dependent variable is the same as in Table 16. y is the average

nunber of noves from 1968 to the current period; Yeo1 is a dummy for having
nmoved in the current period; and 'duration' is the nunber of years since the
last move. Al equations include age and year dunmies.

Standard errors in parentheses. For R-squared definitions, see Table 5.

*: significant at the 10% | evel.

a) See Table 16.



