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ABSTRACT

This paper estimates the expectations of older male workers in the form of a
130 million element Markov transition probability matrix specifying the joint
stochastic process for workers' income, health, martial and employment status,
conditioned on workers' decisions about labor force participation and collec-
tion of Soecial Security benefits. The estimated transition matrix will be
used in subsequent work to estimate the unknown parameters of workers' utility
funetions under the assumption that their behavior is governed by the solution
to a dynamic¢ programming model. The paper also discusses some of the problems
involved in constructing good measures of workers' states and decisions.
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1. Introduction

This is the second installment in a serles of three papers studying the
behavior of men at the end of the life-cycle. The first paper, "A Dynamic
Programming Model of Retirement Behavior" (Rust, 1988a), constructed =a
theoretical model based on the hypothesis that workers maximize expected
discounted 1lifetime wutility. The wmodel treats observed behavior as a
realization of a controllied stochasiic process {xt'dt} derived from the
solution to a stochastic dynamic programming problem (DP)}. Estimation of the
DP model requires observations of the worker’s state X, and control dt’ and a
specfication of the markov transition probablility density “(Xt+llxt’dh]
representing a gtochastic "law of motion" that embodies workers’ beliefs of
uncertain future events.

This paper uses ‘the Retirement History Survey (RHS) to construct state
ti’dti}’ t=1,...,T1, i=1,...,I, for a sample of I=8i31

male respondents interviewed biannually from 18688 to 1973. I discuss some of

and control variables {x

the conceptual problems lnvelved in constructing measurements of {xt,dt} S0
that the resulting discrete-time, discrete-state DP model makes the bhest
possible =2pproximation to the wunderlying continucus-time, continuocus-siate
decision process. I present my solutions to the measurement problems and
conduct an extenslive comparative data analysis fo assess the overall quality
of the resulting variables. Finally, I present estimates of workers’
expectations, in the form of an estimated transition probability matrix ;.

All this work is bullding up to the third paper of the seriles, which will
use the constructed state and contirol variables and the estimated transitien
probablility matrix as inputs to 2 "nested fixed point® maximum likelihood
algorithm (Rust 1888b} to estimate the unknown parameters of workers’ utility
functions., The success of the final stage depends critically on accurate
measurements of {xt,dt} and correct specification of workers® beliefs =n.

The paper 1s organized as feollows. Secilons 2 sand 3 summarize the

principal findings. Section 2 describes the state and control wvariables




constructed from the RHS dataset and presents the maln conclusions of the datsa
analysis. Section 3 specifies the functional form of workers’ beliefs, and
summnarizes the main empirical findings. The remaining sections presenit detalls
on the construction of {Xt’dt} and the numerical estimates of ; that comprise

the evidence for the conclusions drawn in sections 2 and 3.

2. State and Control Variables: Maln Findings
Following the notation of Rust (1988a) the DP model requires a vector of

state variables, xtE(Wt’yt’awt'ht‘at‘et‘mst)’ defined by:

LA accumulated net financizl and tangible nonfinancial wealth

S total income from earnings and assets

aw, : Social Security "average monthly wage"

ht : health status of worker (good health/poor health/disabled/dead)
a, : age of worker

e, ! employment status (full-time/part-time/not employed)

ms, : marital status (married/single)

and control variables, th(St’ct) def'ined by:

5, : employment search decigion (full-time/part-timesexit labor force)

c, ! planned consumption expenditures.

In the last twenty years, several panei datasets have accumulated
sufficiently detailed data to permit construction of the required variables:
the Panel Survey on Income Dynamics (PSID), the National Longitudinal Survey
(NLS), and the Retirement History Survey (RHS). The RHS is the largest and
most comprehensive of the three, explicitly designed by the Social Security
Administration (SSA) to study the dynamics of retirement behavior. A special




feature of the RHS ig the availability of matching records from Census and SSA
that permit direct validation of response error in several key variables. The
Social Security Earnings Record (SSER} contains each covered worker’s wage
earnings (up to the statutory maximum taxable earnings) and quarters of
coverage from 1833 to 1974. The Social Security Master Beneficiary Record
(SSMBR] contains actual payments of Social Security 0ld Age, Survivors,
Disability and Death benefits (0ASDI) to each respondent, spouse and dependent
from 1969 to 1978. The combination of finely detailed data, large sample size,
long duration, plus the existence of linked Census and SSA records, make the
RHS the data set of cholce for estimating the DP model.

Having sald this is not to deny the sober truth that even with the
linked RHS records, there is a limit to how accurately one can measure the
"true" states and decisions of individuals. Besides the obvious problems of
missing data, response and coding error, estimation of the DP model presents
three additiconal problems: 1) choice of time discretization, 2) choice of
state discretization, and 3) construction of observable indicators of latent
state and control variables.

Although the individual’s actual decision process is best modelled in
continuous-time, the data are collected and the DP model 1is formulated in
discrete-time. In theory, use of discrete-time models is not a limitation
since it has been shown that under very general conditions one can-formulate =
discrete-time DP model that approximates an underlying continuous-time DP
model arbitrarily closely as the time interval goes to zero (van Dijk, 1984).
One can account for absence of data on {xt,dt) between survey dates by forming
a marginal likelihood function that integrates out the missing observations.
In practice, however, computational and data limitations forced me to use
fairly coarse two year time intervals. The computational limitatlions arise
from ithe numerical integrations required to form the marginal 1likelihood
function and the "curse of dimemsicnality" inherent in DP models with fine

time grids. The data limitations stem from the lack of "instantaneous"




measures of income flows. In any case I prefer to use the available annual
measures of income flows and hours of work on the bellef that these measures
better represent the worker’s state and labor search decisions than the
instantaneous measures. Analytically, the disadvantage of the discretization
iz that 1t Implicitly committs workers to fixed consumption and labor supply
values for two year periods. I should point out, however, that even with two
year time Iintervals, the worker is glven 20 opportunities to revise his
decisions between age 58 and the terminal age, S8, Such & model is quite a bit
more flexible than existing models such as Burtless and Moffitt (1984) that
don’t allow workers to revise consumption and labor supply decisicons at all.
In any case 1 leave the analysis of the consequences of time aggregation teo
the actual estimation of the DP model in the third paper of this series.
The state varlables Vo Wy and aw, which are naturally treated as
continuous must also be discretized in order to estimate the DP model. Similar
to the discretization of time, there are theorems guaranteeing thalt one can
approximate a continucus-state DP model abritrarily closely by a
discrete-state DP model (Bertsekas and Shreve, 1976). In practice I have found
that the DP solution is not very éensitive to the discretization of the state
variables, and that one can obtain a good approximation using fairly coarse
grids (Rust, 1987). In this study I use a grid size of $1,000 (1968 dollars)
which turned out to be more than adequate given the " two year time
discretization.

The mogt difficult problem, however, was construction of good

measurements of health ht’ labor search, Sy and consumptlon c none of which

t!
are directly observable. Although the BHS asked respondents to list the

amount spent on individual consumption items, in my opinien the list was too




incomplete to construct reliable estimates of total consumption.1 Since the
BHS has very complete, detalled data on income and wealth? my approach is to
infer c, from the budget equation

(2.1) LA A A

Unfortunately, the BRHS only recorded income in the even-numbered years
immediately preceding each survey date. Thus, Iin order to construct S I
needed to Iimpute income in odd-numbered years. This in turn npecessitsted
consiruction of complete labor force histories for each worker, including
total anémual hours worked in each year.3 Using hours worked together with

annual wage earnings data from the SSER (available up to 1874}, I was able to

1In fairness, I should mention that some authors such as Hammermesh (1982)
have, with =some success, used this data to impute total consumption
c
2

"
The wealth and income data used in this study were "pre-cleaned" by the
program IMPUTE written by Beth van Zimmerman and Phil Farrell, research
assocliates of Michael Hurd, SUNY Stony Brook. Besides imputing missing values,
the program estimated the value of service flows for owned assets such as

autos and housing at a presumed opportunlity cost of 3%..

3Constructing labor force histories turned out to be a major undertaking,
requiring over 80 pages of FORTRAN code and over four months of full-time work
to write and debug. The difficulties arose from the need to carefully track
the survey skip patterns to extract the required variables from a battery of
more than 130 gquestions in the "Work Experience" section of the RHS. Fine
attention to detail was requied te avoid misclassifying 20% of the sample of
workers with "non-standard" employment histories some of which involved

multiple job transitions within the two-year period.




impute income in odd-numbered years and construct estimates of ¢, over the two
year sample lnterval. A limitatlion of the Iincome data ls absence of capital
gains. I dealt with this problem by attiributing 100% of the change in house
value to capital gailns (provided the respondent was a homeowner and had not
moved within the interval) and by excluding workers who had substantial real
estate or equlity holdings. I faced equally difficull problems constructing ht
and By but I will defer the detalls of thelr construction until Iatgr.

Good measurements of {xt'dt} are absolutely critical to the success of
the DP model since its is hlighly nonlinear in variables and there currently
is no good theory of errors in variables for such models. Wherever possible, I
have attempted to obtain independent measures of the variables to assess the
magnitude of the measurement error. I have also constructed an array of
associated "variable flags" to indicate the degree of confidence in each of
the constructed state and control variables. By setting the appropriate flags,
I can screen out questionable cases to obtaln a core subsample for which
confidence in the data is relatively high. To guard against the possibility
that such screening could produce unpredictable sample selection biases I have
compared the distribution of each variable to its distribution in the full
sample using all available observations. Because presentation of tabulations
of the flag variableg takes us too much into the "guts" of the computer
programs that generate the state variables, I bave decided agesinst presenting
them. Instead I describe the nature of any special data or sample selection

problems where appr-opr'ia,te.4

4O;f‘ course, I will be happy to provide the reader with the data and documented
versions of all computer programs used to generate the variables so that other
researchers can verify any of my results should they choose to do

850.




I can state the major conclusions of the data analysis as follows:

1. At the aggregate level, the data show workers making a smooth transition
from work into retirement, gradually reducing consumptlion and labor supply bhut
maintaining wealth levels intact. This Is consistent with the behavior of a
neoclassical, risk-averse consumer who =abttempts to smooth consumplion and
leigsure streams, and provide bequests fo his heirs. However at the individual
level, the data are anything but smcooth: neasured consumption shows erratic
fluctuations and labor supply has an abrupt discontinuity, with the typical
vorker staying at his full-time Job up until retirement age (62 to €5}, at
which time he applies for Social Security, guits his Job, and remains out of
the Iabor force for the rest of his life.

2. Constructing consumption expenditures from +the budget equation,

C, =W, ~W is susceptible to the frequent and often large measurement

£ M 1Yy
errors in wealth, possibly exacerbated by absence of good information on
capital gains. The majority of the erratlic wvariations in measured consumption

appear to be attributable to response errors in wealth.

3. The distribution of real wealth changes is centered aboui 0, but with a
large variance. On average, net worth is not very large, about 4 times snnual
income, and a substantial fractlion of this wealth, 50-604%, is tied up in
housing. These facts strongly support the wview that the large swings in
measured consumption are simply a result of response errors in wealth rather
than erratic consumption/savings behavior., Although a simple test of the null
hypothesis HO: Ct=yt. vs. HA: ctatyt rejects at the 5% level (but not at the 1%
level), the fact that the average change in wealth is $-658 with a standard
deviation of #$47,015 makes it wvery hard to distinguish between alternative

theories of consumption/savings behavior. Because of the problems involved in




accurately measuring wealth and therefore consumption, I have opted to start
with 2 simpler DP model based on the hypothesis that Ct=yt' In this model
workers choose labor force participation sirategles to maximize the expected

discounted value of the utility of 1ncoﬁe, ignoring wealth and bequests.

4., Although respondent’s total Iincome is only recorded for even numbered
years, the existence of independent income measures in the SSER and SSMBER
datasets allowed mé to construct reliable income imputations in odd numbered
years, Thus, if wealth changes are indeed an insignificant component of
consumption, total imputed Iincome will be a good measure of actual

consumption.S

5. The distribution of total annual hours worked is highly bimodal with most
of its mass at either 0 or 2000. While some of this bimodality is likely an
artifact of response error (with workers simply rounding their responses to 40
hours/week, 50 weeks/year), it does 1indicate that the tripartite

classification of labor force status e, Iinto 1=full-time, Z=part~time, or

t
3=unemployed does not grossly misrepresent the data and that this measure is
robust to falrly large variations In the hours cutoffs defining the three e,
states. Overall, the distributions provide little evidence to support the view

that workers treat annual hours of work as a continuous decision variable.

5Biannua.l income was used only for purposes of constructing a measure of
consumption. Based on conclusions 2 and 3 above, I have decided to exclude
consumption/savings decislons and formulate a DP model with blannual time
intervals, measuring workers’ states over the preceding even—numbered survey
yvears. Thus, the DP model will actually use the annual Income flows that were
recorded in the surveys. For further Jjustification of this approach, see

conclusion B.




6. A systematic response error problem known as the seam problem produces
exaggerated estimates of labor state transitlons acrosg the survey dates, or
seams, of the RHS. This leads to artificial cyclical variations in the
transition probabilities for “across-seam"” transitions as compared to
"between-gean” trensitions., The wvarlation is apparently due to imperfect
recall of labor force history in the earlier year of the two year interview
frame, leading to inconsistencies between recalled labor force status in the
current interview and the labor force status reported in the last interview.
One can ameliorate the seam problem by "skipping over the seams” and tracking
transitions between the even-numbered years Iimmediately preceding the
odd-year survey dates in order to reduce the amount of recall on the part of
respondents. This convinced me to formulate a DP model with a time period of
two years rather than with & more fine-grained model with a one year time

period.

7. There are three posslble measures of the "Jjob search" control variable: 5, =
self-reported planned hours of work in the year following the survey,

g, =actual hours worked in the year following the survey, or B, = actual

e s
hzurs worked in the second year following the survey. The la;;} measure
corresponds to a ‘“perfect control" model whereiln an unemployed worker who
decides to go back to work is successful with probability 1. In my opinion the
perfect control model is not a priori plausible, so I focus on the other two
measures which correspond to "imperfect control" models where unemployed
workers who decide to look for a full-time job have less than a 100% chance of
belng successful. Probably reflective of the fact that "talk is cheap", it
appears thal the first measure of 5 is a much more nolsy measure of actual
Jjob search behavior than is the second measure. Since the data show that the
second measure allows for a much more intuitive and predictable relationship
between job search decisions and subsequent employment outcomes, I adopt it as

the measure of St used to estimate the DP model.




8. The four-way classification of health status ht inte I=good health,
2=health limitatlon but not disabled, 3=disabled, and 4=dead, seems to produce
sensible results despite the inherenily subjective nature of healih status.
Use of actual benefits paid from the SSMBR data was critical te the quality of
ht since self-reported measures of health significantly underestimate the
occurrence of health state 3 due to systematic under-reporting of Social
Security disability receipts by respondents. The Social Security requirement
of doctor examination for disability qualification seems to be a sgignificant
factor in identifying individuals with substantlially greater health problems
as indicated by their significantly higher ex post mortality. An unfortunate
aspect of the disability classification 1s the fact that no workers become
disabled after age 62. This is an artifact of Social Security rules that

automatically convert disability payments into OASI payments after age 2.

8. The SSMBR data =allow me to identify when individuals actually apply for,
and receive, O0ASI benefits. Twenty percent of eligible reciplents apply for
benefits as soon as they are able to receive them at the early retirement age
B2, and another twenty per cent apply for benefits at the normal retirement
age B5. Overall B0X of eligible workers apply for and recelve OASI between the
ages of 62 and 65. The implied retirement hazard and frequency distributions
computed using the SSMBR data and a definition of "retirement" as the age of
first receipt of OASDI differ significantly the distributions computed by
other researchers using the RHS data and other definitlons of retirement. 1In
order to better understand the phenomenon of early retirement =and the
pronounced bimodal distribution of retirement dates, I have included a new

control varlable S8, defined by
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0 if worker is not recelving OASI
1 if worker is receiving OASI and first applied for it
(2.2) s8, = before age 65 {early retirement)
2 if werker is recelving OASI and first applied for it
after age 65 (normal retirement).

Including 58, allows me to aveld ad hoc definitions of "relirement”,
separating the analysis of retirement behavior (i.e. collection of OASI) from

labor supply behavior,

3. Estimation of Worker’s Bellefs: Hain Findings

Recall that workers® bellefs are represented by a Markov transition
probability density u(xt+1|xt,dtJ. Under the assumption of homogeneous beliefs
and rational expectatlions, one can "uncover" these bellefs from data on the
realizations of {xt’dt}‘ Given the discretization:-of time and state variables
proposed in section 2, @ is 2 matrix with approximately 130 million elements.
Clearly a non-~parametric estimate of = is out of the question since nearly all
cells of ; would be estimated ag ldentically zero even though we know that the
corresponding transitions actually occur with positive probability. It is
necessary, therefore, to find a parametric specification n(xt+1|xt,dt,93.that
depends on a much lower-dimensional vector of unknown parameters 6 in such a
way that all relevant cells of m are assigned non-zero probabilities. It is
also important to choose a specification that is parsimonious, yet
sufficiently flexible so that the estimated model is consistent with the data.
Direct parameterization of a 130 million element matrix seems out of the
question, so a more clever approach must be employed. The strategy I have
followed 1is to decompose m Into a product of conditional and marginal
densities and estlimate each of the components separately. To see this more

clearly, note that without loss of generality one can decompose 2 bivariate
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transition density f as follows:

A L R I LT L FIC VI | L P ¢ T S

=f

A AT TR LIS A LAY

where fl’ fz, fG’ and f4 are defined from f in an obvious way. Although (3.1)
shows that the ordering of the decomposition of f Is irrelevant, it does make
a difference when the functional form of f must be estimated from the data.

For example, I have found empirically that future health h is much a more

t+1
useful and interpretable variable for predicting future Income Yier than the

other way around. Having tried varlous decompositions of m, the one I found

most plausible is given below

(3.2) ) =

(Y110 ®te1e PStag Prag [Ver opomSeooaes o

e, ,ms,,h
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Y LIRS AN 4y ) x

t’
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Note that the decomposition (3.2) excludes the state and control variables

Cy Wy» awy from the original list presented in section 2. Consumption Cy and
wealth W, were exciuded due to the measurement problems discussed in
conclusion 3 of section 2. The Social Security average monthly wage aw, (a

t
complex average of the worker's historical earnings) was excluded since it

turned out to sufficiently collinear with current Iincome Y that I could

reduce the dimensicnality of the model by making Yi do double duty as a proxy
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for av, . Finally future age 2, s excluded since it has =a trivial

non-stochastic transition rule: at+1=at+2 with probability 1.

The motivation for the decomposition of m given in (3.2) is that lncome
Yy and employment status e, are the most important state variables of the DP
model, and therefore their evolution should be predicted as well as possible.
If we view (3.2) as specifying ® as a direct product of individual transition
matrices, then wy is the "innermost" component of the direct product, in the
sense that Iincome transitions are conditioned on the contemporanecusly
realized values of all the remaining state variables. From an empirical
standpoint, Iincluding these contemporaneous values substantially Iimproves the
fit of the Income regressions estimated in section 9.

The outermost component of the direct product, health status h hes

t’
additional structure resulting from the definition of health states ht=3 and

ht=4' If I fix the values of the other variables (yt,et, Ly

represented by the feollowing 4x4 transition probability matrix.

ms, ,a dt)’ then n,_ is

h

Figure 3.1: Btructure of Health Transition Matrix

(3.3) T =

According to (3.1), death is treated as an absorblng state. Note that
disablility is also ireated as an absorbing state in the sense that once =
worker becomes dlisabled, he can only contlnue to stay disabled or die. This
restriction was necessitated by data limitations. Although the Social Security
SSMBR dataset includes the variable "date of t{ermination of disability

benefits®, there were only a 2 or 3 cases where actual termination was
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observed. Perhaps this Indicates problems in Social Security record-keeping,
but it is more likely to an artifact of the definition of "disability" to
which I alluded in section 2. According to Soclal Security rules, disabled
workers who receive SSDI benefits past age 62 are automatically reassigned
0OAS]I benefits after turning 62. Thus, there is no real incentive for Social
Security to keep track of the date when the actual physical disability
terminates once the worker is older than 62. One can try to partially rectify
the problem the following way: reclassify workers who received disability
benefits prior to age 62 and who are now older than 62 and reporting that they
are in good health as being in sitate ht,=1 rather than ht=3' Unfortunately this
reclaessification scheme has its own problems: although it allows transitions
from disability to good healih [ht=3 to ht+1=1), there is no way to record
transitions from ht=3 to ht+1=2 since the RHS variables do not allow us to
distinguish between the states "existence of =a health problem that limits
one’'s ability to work" and “"disability".

The remaining sections of the paper discuss the construction of the the
state and control variables in more detail, and present estimation results for
each of the four components of the of the decomposition of = given in (3.2).
Having conducted an extensive specification search to find the appropriate

functional form for =, I can summarize the main empirical findings below.

1. Age and income are relatively unimportant determinants of death rates after

controlling for health, employment, and marital status. Death rates decrease

slightly with income and actually decrease with age wuntil age 87.6 Not

6The latter concluslon disappears if I exclude the variable sst

distinguishing respondents who are receiving OASDI. Since men who collect

0ASDI have higher death rates, excluding ss, produces a model where death

t
rates increase slightly with age.
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surprisingly, single workers are significantly more 1likely to die than
married workers. However even this variable has small impact relative to
health h,,
poor health (ht=2,3J are 2 to 4 times more likely to die than healthy workers.

labor supply and retirement decisions (st,sst). Workers who are in

There is an equally strong assoclation between the Job search decision 5, and
the probablility of death, but the nature of the relatlion depends critically on
the worker’'s health and retirement status. If the worker is retired or
disabled (h=3 or sse{i1,2}), any attempt to return te work on either a full or
part time basis is extremely hazardous, significently increasing the risk of
death. However if the worker has not already retired and is in relatively good
health (he{1,2} and ss8=0), the decision to quit work is associated with
significantly higher death rates. Although this latter finding may represent
spurious causality due to failure to completely control for all dimensions of
healih étatus, from the standpoint of a worker behaving according to the DP
model the assoclation is necessarily interpreted as cause and effect.

2. The probability of becoming disabled is a sharply decreasing function of
age: a result that ls an artifact of the definition of disabiliiy discussed
above. It is very likely that disability is an endogenous state variable (i.e
the outcome of an underlying decision process), as evidenced by the fact that
the probability of becoming disabled decreases well before =age 62. The
explanation ls that the process invelved in applying and qualifying for SSDI
imposes significant costs on the worker, including doctor examination at the
worker’s expense. Naturally, the closer one is to the early retirement age of
82, the less Incentive one has teo incur the costs of applying for SSDI,
especially when the probability of qualification is less then 1. Despite the
difficulties with the disability classification, it is still a worthwhile
distinction since the required doctor certification appears gquite successful
in identifying a group of workers who suffered serious health problems before
early retirement age, as confirmed by thelr signifcantly higher mortality

rates. Workers who become disebled after age 62 are covered under health state
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ht=2 {existence of a health problem that 1limits the ability to work or get
around), so that the mein problem with the health status variable is that
older workers classified in health state ht=2 are likely to Include a greater
percentage who would have otherwise been classified as disabled. Other
findings of lIinterest are the fact that both single and higher income workers
are significantly less likely to become disabled. The finding for single
workerg might be partly a result of sample selection blas: single workers are
presumably less likely to have a family suppert network to rely on, so they
are more likely to become Institutionalized if Lhey have serious health
problems. Such workers are lost from the sample since the RHS did not attempt

to interview institutionalized individuals.

3. The probability of being in good health is a declining function of age and
an increasing function of income. Whether the worker is single or married has
no significant impact on the probability of being in good health. By far the
most important determinant of fufure health is current health. Currently
healthy workers are three times more likely to be in good health than
currently unhealthy workers (ht=2). There is weak evidence that continuing to
work on a full or part-time baslis increases the probablility of being in good
health. Conversely, the decision to quit working Iis associated with a
deterioration in health. This result is corroborated by the fact that retired
workers, sse€{1,2}, are significantly less likely to be in good health. As with
my comments in point 1, the association might indicate spurious causality due
to imperfections in the measure of health status: healthier workers continue

working while unhealthy workers qult and retire.

4, By far the most important variable predicting future marital status is
current marital status: once single, a worker has less than a 7% chance of
finding a new mate. Older workers are more likely to lose their spouse, while

higher income workers are less likely to become single, at least up to an
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income of $30,000. There is weak evidence that among single workers, ithe worse
one’s health, the more likely one is to remain single. Among married workers,
being in worse health increases the chance of remaining married. Economic

decisions such as the labor search declsion St or the retirement decision sst

appear to have little or no effect on future marital status.

5. As one would expect, future employment status e is most strongly

t+1
affected by the employment search decision St7' In addition, the worker’s

previous employment state e, has a significant impact on probability that the

t

search decislion S is realized. Thus, currently employed workers have a

significantly higher chance that st=1 will result in 41

or unemployed workers, but interestingly unemployed workers have a

=1 than do part-time

significantly higher chance of being successful in gaining a full-time job

than part-time employed workers. Conversely, if a worker decides to quit, he
is more llkely to realize his decision if he is currently unemployed than if
he had a full or part-time Jjob. Full-time workers are more likely to realize
their quit decisions than part-time workers. Health status also has a very
strong impact on employment status. Workers who become disabled are 2.5 times
more likely to be out of the labor force and their chances of staying in =a
full-time Jjob are less than 1/3 that of non-disabled workers. There are clear
aging effects on the abllity to continue working full-time;  for example, the
probability that a 67 year o¢ld worker will be successful In keeping or finding
a full-time job 1s conly 1/3 as high as an equivalent worker under 80. Income
appears to be a statistically significant proxy for employability, with high
income workers being B0% more likely to keep or obtaln a full-time Jjob than
low Income workers. Scomewhat surprisingly, changes In marital stabtus have no

7Recall that st is proxied by the actual realized employment state in the

odd-numbered years between the even—-numbered years in which ey and €, ore

recorded.
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gignificant Iimpact on employment status. Less swurprising is the fact that
retired workers are less llkely fo be fully employed and more likely to be
unemployed, all other things equal.

8. In order to match the long-tailed cross-sectional income distributions, the
stochastic process for income was assumed to have a transition density with =a
conditionally heteroscedastic legnormal distribution. Income 1is strongly
autocorrelated with an autoregressive coefficient of .85, =and there Iis
evidence of nenlinearity in this relation in the sense that higher powers of
current Iincome Yy enter the model with highly significant coefficients. The
variance of future income yt+1 is an Increasing function of current income,
but the relation is far from proportional: a worker earning #50,000 has a
standard deviatiocn in A of $12,000 whereas a worker earning $5,000 has a
standard deviation in yt+1 of $2,000. Health status has a significant impact
on income prospects: healthy workers expect a 34 increase in real income, and
disabled workers expect a 54 increase In income. However currently healthy
workers who become disabled expect a 20%4 drop in income. Changes in marital
status have large and statistically significant impacts on income. A worker
who loses his wife expects a 25% drop in income, and a bachelor who has no
prospects of remarriage expects his income to fall by aboul 20%. Of course,
realized employment states are very strong predictors of income. Workers who
keep working at their full-time Jobs expect a 254 increase In income, while
workers who exit from the labor force expect an 1BY decrease in income {in the
absence of Social Security). The estimated income process successfully
captures the main features of OASDI benefit rules, including the regressive
nature of the payoffs, the extra benefits to a spouse, the early retirement

penalty, and the effect of the "earnings test" for workers under 70.

7. It’s possible that there exist unmeasured differences or heterogeneity

among workers that create systematic differences in workers’ beliefs but which
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are not ceptured in the list of state and control variables set forth in this
paper. In order to assess the petential magnitude of this problem I included
several demographic variables in the estimation of workers’ beliefs =,
including a variable classifying the respondent as a "work lover" or "leisure
lover" as well as his education, race, and the industiry and occupation of his
longest held job. Surprisingly, except for the finding that blacks expect

significantly lower Iincomes than whites, none of these varisbles had a major

Impact on the estimated transition probability ;. Thus, the available
evidence indicates that the list of state and control varlables set forth in
this paper provides a reascnably complete set of "sufficient statistics" for
the staies and decisions of my sample of workers. In particular, there is no
strong evidence that the fallure to account for unmeasured hetereogeneity

leads to a gross misrepresentation of workers’ beliefs.8

4. Age, Marital Statug, and Demographic Variables

A set of variables that we ought to be able to measure accurately are the
identity of the respondent, his or her age, and basic demographic veriables
such as race, education, and the occupation/industry of the respondents’
longest job. By in large this Is true of the RHS data, although cross-checks
of self-reported values with Census and Social Security records do indicate
discrepancies. For example, out of an initial 1969 sample of 8,131 males,
reported and recorded Census date of birth differed by more than 1 year in B3
cases, in some cases by more than ten years. In order to estimate the DP

model, I need to track each of the 8,131 original male respondents over the

81n order to keep the length of this artlicle within bounds, I have chosen not

to present the estimation results that lead to this conclusion. I defer the
presentation of the results to the third paper of the series which will

examine the heterogenelty issue in more detall.
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ten year survey period. RHS respondent identifiers allowed me to distinguish
the original male respondent from his surviving spouse (or other household
members), and In conjunction with comprehensive death records compiled by Paul
Taubman I was able to determine whether or not the original respondent died
even if he was no longer responding to the survey. Table 4.1 provides =
response summary that shows that the basic sample of original male respendents
decreased from 8,131 in 1969 to 4,298 in 1979. There was significani atirition
of the original 1968 male respondents over the survey. Table 4.1 shows that
the attrition was due to the respondent’s death in 2327 ceses, and-

non-response in 1506 cases.

Table 4.1: RHS Response Summary

71 73 T8 77 79
original 88 male respondent 7054 6239 5541 4811 4298
no-response, B9 respondent still alive 53¢ 889 1104 1315 1426
no response, B9 respondent dead 152 3561 810 917 1245
surviving spouse responds, 68 respondent dead 244 488 722 808 1075
other relation responds, 69 respondent dead 37 58 54 80 7
other relation responds, 82 respondent alive 110 o6 100 120 80

8131 8131 8131 8131 8131

& discrepancy exists between the individual sub-record identifier in the SSER
tapes and the respondent identifiers on the original RHS tapes: the former
showed 8081 original respondents in 1971 versus 7054 in the RHS. The former
figure could not possibly be right given that 433 respondents had died by the

1871 interview. Indeed, a second cross-check using the Census Non-Response
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f‘ile9 agreed with the RHS identifiers. This provided a sobering reminder that
one cannot necessarily trust the SSA’s internal accounting data more than the
RHS interview data.

Relatively minor dlscrepancies exist in the data on marital status. For
exanple, nine individuals reported being married with spouse not present in
1869, but reported having never been married in 1871; two cases reported
having a deceased spouse in 1969 and never having been married in 1971.
Thirty-five cases classified themselves as being a surviving spouse in 1871,
but listed themselves as having a "spouse in 68 but not In 71" instead of the
correct response "898 spouse deceased, no 71 spouse". Using the corrected

marital status data, I defined the marital state variable mst as follows:

1 if respondent is married

2 if respondent is widowed, separated, divorced, or never married

Table 4.2 presents the computed 2 state Markov transition matrices for marital
status (where "M" denotes cases which are missing due to death or
non-response). The transition matrices change in the expected way over time:
the probability of becoming a widower over the two year survey frame increases
from 6% In 18969 to 8% in 1977. The probability of remarriage decreases over
time from 7% in 1968 to 2¥ in 1977,

9The Non-Response File was compiled by the Census in the process of conducting
the RHS interviews and was used by SSA as part of an Iinternal auditing systenm
to remove cases in which the Iinterviewer was unable Lo contact the original
1868 respondent or related household members. For some reason the non-response
data was not included on the RHS tapes, and is only avallable separately as a
subfile of the SSMBR tape. The Non-Response file will also be used in section
5 to identify men who were institutionalized after the 1868 interview.
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Table 4.2: Markov Transition Matrices for Marital Status

Year of
Transition Cell Counts Transition probabilities
1968-1971 1 2 - M total % 1 2
1 6180 386 512 7078 87.05 0.8412 0.0588
2 65 814 174 1053 12.85 0.0738 0.9261
8131 100. 00"
1971-1973 1 2 M total % 1 2
1 5434 408 406 B245 83.88 0.8306 0.0884
2 B6 9786 158 1200 18.12 0.0833 0.98367
7445 100.00
1973-1975 1 2 M total A 1 2
1 4760 410 330 5500 73.93 0.8207 0.0793
2 g3 1140 178 1381 20.07 0.0524 0.38476
8881 100. 00
1975-1977 1 2 M total % 1 2
1 4141 391 312 4844 75. 49 0.8137 0.0863
2 48 1310 215 1573 24,51 0.0353 0.9647
6417 100.00
1877-1979 1 2 M total % 1 2
1 3602 372 220 4194 71.10 0.9064 0.0936
2

32 1434 239 1705 28.90 0.0218 0.9782

5893 100.00
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Table 4.3 presents the estimation results for L the marital status
component of the decomposition of m given in (3.2). The elements of Moo Were
estimated by maximum likelihood, using a linear-in-parameters, binomlial logit
specification of the probability that mst+1=2. Note that the parameter
standard errors and t-statistics have been corrected using White’s (18982)
formula; for purposes of comparison I also present the usual t-stalistics
computed from the diagonal of the inverse hessian. The estimation results in
table 4.3 are based on a smaller subsample than table 4.2 (18,833 versus
34,773 observations) as a result of conditioning on the availability of
complete observations for the state and control variables entering LA and
conditioning on a sample boolean variable. The boolean excludes respondenis
who are not the original 1988 male respondents, and further excludes
respondents who are farmers or farm owners, respondents with significant
pension wealth, and respondents who made sufficiently erronecus or suspicious
responses as determined from the flag wvarlables described in section 2.
Overall, the estimation results in table 4.3 support the conclusions drawn in

point 4 of section 3.
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TABLE 4.3: Estimates of Maritel Statug Transition Probability

Dependent variable:

paramneter

variable estimates
stnl -0, 05628402
St=3 -0.08757423
mstﬂz, ht+1=1 -1. 87853000
mst=2, ht+1=2 —2.05862793
mst=2, ht+1=3 —-2.68821465
mst=1, ht+1=1 4, 06035625
mst=1, ht+1=2 4. 15716766

ms,=1, h_  ,=3 4.87178723

a, -0.01895495
Ve 0. 15003823
v ¥y -0.00267115
ss e{1,2} -0. 13039682
ss,€{1,2}, ms =2 0.02793904

log likelihood -2347.85020571
6. 46274344E-025

grad*direc

corrected
std. error

0. 14898058
. 14583786
. 11208414
. 12510188
. 18536881 -
. 10054546
. 11334007 °
. 08704320
. 01755366
.01788073
. 00037456
. 18827776
. 23740802

O O QO QO O P Rk o R R e O

I{ms

p+1=2)

uncorrected
t-statistic

0.37838800
0.58608925
1.74781953
. 89503827

| I | 1 I
[ I

3. 80807860
3.88861200
4.43535638
-1. 11973463
8.37073853
-6.57936304
-(. 84812070
0.11844131

.30413183. ..

corrected
t-statistic

-0.37T779435
-0.60049036
-1.68919772
-1.82972582
-2.26782976
3.58840349
3.73396035
4.29770154
—-1.07982864
8.53424374
~7. 13140351
-0. 83876492
0.11768364

percent correctly predicted 97.08
total observations
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5. Health status

A key variable in the DP model is the worker’s health status. This
variable shifts the worker’s mortality hazard, and affects his ability to work
and enjoy lelsure. In order to construct the health stetus variable, I used
mortality data from Paul Taubman's "death tape", and a battery of over 75
questions on health status in the RHS. It turned out, however, that two of
the 75 RHS health variables were most relevant for classifying health status:
HLIM: "do you have any health condition, physical handicap, or disability that
limits how well you get around?" and HWRK: "does your health limit the kind or
amount of work or housework you can do?". Originally I used these variables,
together with 15 other health-related questions and the respondent’s report as
to whether or not he received SSDI benefits to classify health status ht into
cne of four staltes: Il=respondent in good health, 2=respondent has a health
problem that limits his ablility to work or get around, but is not severe
enough for the worker to qualify for SSDI, 3=respondent has a health problem
severe enough for him to qualify for SSDI, and  4=respondent is dead. My
original construction of this varlable yielded significantly lower estimates
of the probabllity of belng on SSDI than those of Bound (1988): 1.174% in 1969
versus Bound’s estimate of 7.1¥% for men aged 55-64 in 1970. In addition, the
data appeared to show an unexpected mass outbreak of poor health in 1975, with
only 1254 respondents classified ag ht=1 and 3958 classified as ht=2; By using
the SSMBR OASDI payments data I was able Lo directly verify whether a worker
was clasgified as disabled by SSA by determining whether he was receiving SsDI
payments. Furthermore, analysis of the health input variables revealed that
the HWRK varlable for some unknown reason had 5856 missing values in 1975, and
the remaining cases conitalned a disproportionate percentage of workers
reporting a health limitation (1476 out of 2200). Elther there is a coding
error problem in HWRK7S or else the 1975 RHS survey had for some unknown
reason primarily recorded HWRK for a subsample of individuals with health
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problems.10 I fixed the problem by using only the HLIM variable to classify

workers into health state h=1 or h=2, and merging the disabiliiy data from the
SSMBR to classify disabled workers, h=3.

Another problem arcse from the fact that the RHS survey did not attempt
to track workers who became institutionalized, instead simply recording them
as missing. There is good reason to believe that the failure to track
institutionalized workers induces a sample selection bias since single workers
are less likely to have a famlly support network to rely on, and are therefore
more likely to become institutionalized and be lost from the ' sample. To
correct this problem I merged data from the Census Non-Response file which
récords the reasons for non-response, including institutionalization. Analysis
of health status of the institutlonalized workers showed thal among the sample
of 113 institutlionalized workers (36% of who were single in 1968 as compared
to 13% for the sample as a whole), in only 1 case did the worker return to the
RHS sample with improved  health: the preponderant majority of
institutionalized workers died within a few years after entering the
institution. Based on this evidence I declided to redefine healih state 4 as
workers who are elther dead or institutionalized.

A final problem was more difficult to resolve. Although we have fairly
conplete data on the month and year that a worker died, in order to be
included in the estimation of the health transition prebabllity matrix, we
must observe the worker's state and control vector (xt’dt) in the survey
period immediately preceding his death. Unfortunately there are many cases
were the worker failed to respond to the survey for two or more survey periods

preceding his death. Analysis of these cases shows that a disproprtiocnate

loconversatiOns with Gary Burtless of the Brookings Institution revealed that
he encountered similar problems with HWRK7S5. Thus the problem is not likely to
be due to a read error on my copy of the variable.
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number consist of single men. One solution is to "remove" the intervening
periods of missing data by treating the death as occuring just after the last
survey to which the worker responded. Unfortunately this approach has the
effect of "accelerating” the deaths of a fairly large group of workers,
distorting the estimates of age—-death profiles. I decided, therefore, to leave
the data as they were, and slimply acknowledge the possibllity of sample
selection bias that might lead to an underestimate of mortality rates for
gingle workers.

Table 5.1 displays the transition probability matrices for my final
definition of ht’ The data show a much more reasonable rate of disabllity
receipt, B8.1% in 1969, which is much closer to Bound's estimate. The
transition matrices generally appear to be quite reasonable, with workers in
worse health states having signficantly higher risk of death and disability.
Mortality rates appear fairly stable over time, and are in rough agreement
with Independent estimates calculated by Mott and Haurin (1985) using NLS
data. Note that the transition probabilities 1in table 5.1 imply that
disebility is an absorbing state: once a worker becomes disabled he either
remains disabled, becomes Institutionalized, or dies. This is simply =a
reflection of the data limitations discussed in section 3: the SSMBR. data do
not record the date of termination of disability. As a result, in each survey
year there are approximately 100 workers who report that ithey have no healih
problem that limited thelr ability to work or get around despite the fact that
Soclal Security records indicate that they are disabled. Because the existing
classification of disability confirms my a priori belief that disabled workers
have significantly higher mortality rates, and more importantly, because this
clagsification matches the aggregate disability rates compiled by Bound, I

decided not to reclassify these workers as ht=1'
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Year
69-T1

71-73

73-75

75~-77

= WM AW = B W e

W N

1
4347
B2

3629
449

2975
371

2495
422

0

Table 5.1:
Cell Counts
2 3 4
830 111 211
790 84 116
0 $06 106
0 0 0
2 3 4
T30 76 181
688 51 128
0 B33 113
0 0 9]
2 3 4
707 20 177
831 12 149
0 541 89
0 0 9]
2 3 4
510 0 164
877 2 171
0 454 a2
0 o 0]

M
170
147

45

0}

296

107
56

240
78
38

217
87
43

0]

total
5769
16¢8
858
C

%
70.98
20.91
08.10
00.00

e e e e

8128

6226

total
3386
1559
583
0

5534

100. 00

%
66. 16
23.11
10.73
00.00

10G.00

%
61.19
28.17
10.64
00.00

100.00

o0 o0o ooco0 O TOQO0O

oo

Health Transition Probabilities

Transition probablilities

1

. 8203
.3621
. 0000
. 0000

. 7862

.3417
.0000
. 0000

7670
L2722
. 0000
. 0000

.7873
. 2867
. 0000
. 0000

0o O

[l e Nele

j=NeoNoRel

2

0. 1188
0.
0
o

5090

. 0000
. 0000

. 1881

.52386
. 0000
.Q000

.1823
. 86097
. 0000
. 0000

. 1609
. 5958
. 0000
. 0000

OO0

[ageNelel

3

0.0208
0.0541
0.

0.0000

8268

.01858

.0388
.8251
.000ag

. 0052
. 0088
. 8587
. 0000

. 0000
.0014
.83153
. 0000

= OO0

= OO0 0

4

0.0388
0.
o
1

0747

-1732
. 0000

. 0382

.0g5g9
. 1748
.00oo

. 0458
-1083
. 1413
. 0000

. 0518
.1182
. 1685
. 0000




77-79 1 2 3 4 M total % 1 2 3 4
1 2133 540 0 131 130 2934 6l.15 0.75807 0.1826 0.0000 0.0487
2 316 887 O 158 BC 1401 29.20 0.2358 0.8465 0.0000 0.1178
3 0 0 359 73 27 459 08.57 0.0000 0.0000 0.8310 0. 1880
4 0 o o 0 0 4 00.00 0.0000 0.0000 0.0000 1.0000

4798 100.00

Another apperent contradiction exists between Census/Social Security
death records, the RHS death records, and the death records independently
compiled by Paul Taubman. The RHS date of death differs from Taubman’s data in
36 cases, which in turn differs from the Census and Social Security death date
{from the SSMBR tape] in 302 cases. Case-by-case c¢ross checks resolved the
discrepancies between Taubman’'s data and RHS, and cross—-checks of Taubman's
data with the Census data reveal that in 285 cases Taubman’s data recorded the
respondent as dead while Census and SSA had no record of death. Individual
cross—checks reveal that Taubman’s data are probably right in these cases. In
fact one can 1ldentify at least 26 cases of apparently fraudulent behavior
involving a surviving spouse who continued to collect both her and her
husband’s 0ASI benefits even though the husband had been deceased for several
yea.rs!l1 The final death datae that I used to construct the health variable are
Taubman’s original data, edited in approxlmately B0 cases where case-by-case
exaninations revealed that either the RHS or SSMBR death date was correct.

I conclude this section with tables 5.2, 5.3, and 5.4 which present the
estimates of the transition probabilities for health, disability, and death
respectively. Each of the transition probabilities were specified to have

linear-in—parameters binomial 1logit functional forms. Products of tLhe

11Although the total number of cases seems small, think of the millions of
unnecessary tax dollars spent if this error rate exists in the population at

large.
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estimated probability functions can be multiplied out to compute the estimated

health transition matrix, m -
has been listed in points 1, 2, and 3 of section 3 and will not be repeated

The interpretation of the estimation results
here. However in order to get more Ilntuition about how workers believe their

health declines with age, I present figures 5.1 to 5.3, which show
Pr{ht+1=1|at}, Pr{ht+1=3[at}, and Pr{ht+1=4|at}, respectively.
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sste{l,z}

log likelihood -B470.70743888

grad*direc 1. 87088242E-028

Table 5.2: Estimates of Health Transition Probability

Dependent varliable

parameter
estimates

. 28308814
. 15303544
. B4ATTSS82
. 13261881
. 21572087

0. 20683969
0. 012789449

-0.
a.
0.
0.

05423888
00088587
02113689
17005037

corrected
std. error

o © O O 0 o O o0 O O o

. 478818491
. 49528616
. 49618576
. 481348380
. 49269514
. 495341966
. 007782186
. 00752685
.Q0018738
. 06228325
.05776144

I{h

L4110

uncorrected
t~statistic

. 80449217
. 40304497
. 76289898
. 27822978
. 44180374
. 42189997

1.65308828

. 09584577
. 00256272
. 34705859
. 96758256

corrected
t-statistic

. 76820703
. 34705351
. 72392752
. 27551644
. 43783844
. 41758300

1.B4343610

. 20804844

5.28325400
0.338356883
2.84401187

percent correctly predicted 78.88
total observatlons

- 32 -

17538




Table 5.3: Estimates of Digsability Hazard Function

parameter
variable estimates
constant -27.83091400
ht=1, St=1 C.B8277943
ht=1’ St=3 -0.38444705
ht=2’ Bt=1 -0. 65686209
ht=2' st=2 0. 73440502
ht=2’ Bt=3 -0.95738762
2y 0.51877505
Yy 0. 41976624
at*yt -0, 00874512
ms, =2 0.73731675

L

log likelihood -1048. 45610014
G.E68166238E-027

grad*direc

o 0O O & O O O o O n

Dependent Variable:

corrected
std error

. 17638518
.30811521
- 36727688
.31441274
. 42346985
. 35761347
. 03481550
. 13932533
. 00221385
. 28758312

percent cerrectly predicted

I{h,,,=3}

uncorrected
t-statistic

-8, 18660618
2. 24283956
-1.07755878
~-2. 10694736
-1.74560322
~2. 69423827
10. 46765510
1.81436862
-1.78433113
2.58747453

total observations
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corrected
t-statistic

-12.78767861

2.21598743
-1.07397734
-2.089193686
-1.73428573
-2.87715782
14. 80069085

3.01284938
-3.04678841

2.56410828

88.72
17783




Table 5.4: Estimates of Mortality Hazard Function

Dependent Variable: I{ht+1=4}

variable estimates std error t-stat u t~stat c
ht=1, Bt=1 3.02142832 0.21469528 14.74075784 14.07309152
ht=1’ 8, =2 1.87576602 0. 46474387 3.B87207026 3.B80578400
ht=2’ t=1 2.47115478 0.34807814 7.22980179 7.089842528
bt=2’ st—z 2.35550786 1.00813087" 2.33831275 2.33650833
ht=2’ st-B 0.20875880 0. 35622039 0.62215231 0.58884584
ht=3’ t=1 -1.83437865 0. 24681647 -8, 08178222 -7.43215651
ht=3’ st-z -0.93274864 0.27379854 -4.32434492 -3. 406695698
ht=3' st—S -0.33218442 0. 12672294 -3.01163747 -2.62134402
Ve 0. 00870865 0.00435412 1.47047807 1.54088777
te[O 60) 2. 15267752 0.13634172 18. 57926607 15.78883916
te[SO B62) 2.35848514 0. 11708723 22. 41837686 20. 15151503
te[62 65) 2.71931875 0. 10230684 31. 08372566 26, 58000347
te[BS 68) 3.03076021 0. 10767281 31.97119315 28. 14787014
t5[68 71) 2.82505558 0.11992181 26. 94316060 24. 39135665
tz 71 2.73733898 0. 18388376 15.54234305 15.21253929
ms, =2 -0. 31691544 0.07285017 -4. 21539501 -4, 35023629
ht= s St=1’ te{l 2} -3.15683370 0.2101505¢  -15.12808470 -15.02176920
ht= » B,=2, § te{l 2} -1.82248054 0.48700518 -3.82339216 -3.902484868
ht=1’ St=3’ te{l 2} -0.27111012 0.10484321 -3. 14802854 -2.58585240
ht=2’ st=1, te{l 2} -3.40066483 0.35127786 -9.67327528 -9.68084012
ht=2' st=2, tE{l 2} —3.14843443 1.01031812 ~3.11117318 -3. 11628027
ht=2’ §,=3, s te{l 2} -0.84830371 0. 355392689 -2.48706044 -2.38694759

log likelihood -4713.912572186
grad*direc 2.01058679E-027

percent correctly predicted 93.97
number of cbservations 24233
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Figure 5.1 shows the probability of remaining in good health as a
function of age for four configurations of the remaining state variables. All
four curves show that health declines with age, however changes in the other
variables have a stronger impact on health than age alone. The top two curves
(marked with circles and squares), represent the health expectations of
workers who are already in good health, and whom retire at ages 62 and 65,
respectively (the latter worker alsc has 10% higher income). The bottom curve

represents the health expectations of a worker who is in poor health, h, =2,

and who retlres at age 62. The remaining curve, marked with x’s, Bhowstthe
health expectations of a healthy worker whe continued to work up until age 70,
at which time he fell il11 (ht=2)’ quit his Jjob, and began collecting OASI. The
combination of all these events at age 70 produced a dramatic downtuwrn In the
worker’s health expectations.

Figure 5.2 sghows the probability of becoming disabled as a function of
age. In this case age effects dominate, reflecting sharp declines in workers’
incentives te incur the costs of applying for disability benefits as they
approach the early retirement age, 62. The topmost curve corresponds to a low
income married worker who is currently in poor health (ht=2), while the lowest
curve corresponds to a high income single worker who is in good health.

Finally, figure 5.3 plots the estimated death hazerd function. As
discussed in section 3, it was difficult to identify the independent effect
of age on death rates. Both linear and quadratic specifications of age effectis
produced ultimately falling death hazards, a result I found implausible. Using
age dummies I discovered the explanation: the age dummies reveal that
workers’ death rates decrease until age B7 after which they begin rising with
age. However because the RHS surveyed men between 58 and 83 in 1869, the
oldest possible age reached during the survey ls 73. This implies that there
are relatively few observations beyond age 87, so that both the linear and
quadratic specifications attempted to fit the downward sloping part of the

death hazard functlon from age 58 to 67, ignoring the upturn that occurred
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afterwards owing to a lack of observations. Unfortunately, while the age
dummies allow the model to fit the data well, it implies that the risk of
death is constant after the worker reaches his early 70°s. Aggregate mortality
statistics show (unconditional on health and employment status), that death
rates increase wlth age, which implies that 2 model containing only age
dummies from 58 to 73 will ultimately undepredict death rates. To correct
this, I added = pure age-trend to the model in order to match the aggregate
mortality statistics from ages 74 to 95.12 Figure 5.3 (which incorporates the
age-trend after age 73) displays mortality expectations for four different
workers. The "v"-shaped curve marked with circles corresponds to a single, low
income disabled worker. While his death rate iz much higher than average, it
shows significant improvement until age 67 after which it begins to steadily
worsen. The bottom curve, marked wlth triangles, shows the mortality
expectations of a high income "workaholic" who 1s in good health and who
continued working full-time until his health deteriorated to ht=2 abl age 73,
after which he started working part-time. In spite.of his health problems, the
workaholic never retired, in the sense of collecting OASI. The remaining two
curves (marked with a "O0" and "x", respectively) show the death rates of two
average income workers who retire at 84 and 70, respectively. The 1latter
worker retired at 70 owing to the fact that his wife died and his health

12The aggregate mortality rates were obtained from the Statistical Abstract of

the U.S., (U.S. Government Printing Office, 1879). In future work I would like
to formally incorporate auxiliary mortality data for very old men into =2
pooled maximum likelihood estimation of the death hazard model. A difficulty
of this approach is the likely absence of asgociated healih and employment
statugs in any auxiliary data set. This will require me to "integrate out"
these variables, which in turn requires further distributlonal assumptions on
the cross-sectional distributions of health and employment status for very old

men. Given these problems, I decided to use the short-cut described above.
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deteriorated from h=1 to h=2; this explains the dramatic increase in his death
rate.

There are two features of figure 5.3 that seem implausible: 1) the sharp
v-shaped death hazard for the disabled worker, and 2) the gignificantly lower
death rates for the high-Income "workaholic" in comparison to the two average
income workers who retired at BE and 70. Locking back to the estimation
results in table 5.4, it appears that these predictions result from the fact
that Social Security recipients (sste{l,z}l have significantly higher death
rates. As discussed in conclusion 1 of section 3, this 1s probably due to the
fact that ht does not capture all dimensions of health status. Workers who are
in worse health are probably more likely to retire than healthy workers.
However from the standpoint of the DP model the relation is necessarily
treated as cause and effect: collecting OASI can be hazardous to your health,
To aveld this problem I re-estimated the model without the S8, interactions.
While there was a significant drop in the likelihood (from -4714 to -5045},
figure 5.4 shows that the resulting model seems to produce more reasonabile
predictions. In particular, ithe age effects now show =a slightly increasing
rather than decreasing hazard rate, and the gross disparities between the
workaholic (who never collected OASI) and his average-income collesgues has
disappeared. Based on these results, 1 have decided to exclude the S8,
interactions in the specification of the mortality hazard, even though they

clearly improve the fit of the model.
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B. Employment Status

Accurate classification of employment status e, is the key to the entire

undertaking: employment status is the most importan:.variable affecting income
and uviility levels in the DP model, and Is a crucial input into the income
imputation routines that construct biannual income. They are also key inputs
for the construction of biannual consumption expenditures in section 8. The
RHS dataset allowed me to construct three independent measures of lahor force
status: self-classification of employment status (SE), instantaneous
employment status ({IE), and historical employment status (E). Each of the
measures assume three values, 1=full-time, 2Z2=part-time, and 3=not-employed.
The SE variable was directly recorded in a trichotomous format from the survey
question "do you consider yourself partly retired, completely retired, or not
retired at all?". The IE measure was determined from the survey question, "how
many hours per week do you usually work on your current job". Using this
response I defined IE=1 if the worker worked more than 25 hours per week, IE=2
if the worker worked between 5 and 25 hours per week, and IE=3 if the worker
wags not currently employed or worked less than 5 hours per week. The
historical employment status measure E is an annual measure based on the
total number of hours worked in the preceding year. I defined E=1 if the
respondent worked more than 1300 hours in the past year, E=2 if the respondent
worked between 200 and 1300 hours, and E=3 otherwise. Because the worker might
have had multiple jobs in the two years preceding the RHS interview,
computation of total hours worked required direct reconstruction of the
underlying continuous-time labor force histories from a battery of more than
130 questions in the "Work Experience" section of the RHS survey. Previous
studies have used the IE and SE measures of employment status, probably
because they were among the easiest variables to pull off the RHS tapes.
Constructing retrospective labor force histories is a considerably more
conplicated undertaking due to the existence of complicated skip patterns in

the survey questionnaire and the need to carefully account for the beginning
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and ending dates of Jobs when there are multiple transitions within the
interview frame. To my knowledge, this is the first study to construct
complete labor force histories using the RHS data.

Table 6.1 presents aggregate employment distributions using each of the
definitlions of employment status. Although there are significant differences
between the nmeasures, all three confirm conclusion 1 of section 2 that the
aggregate data show workers making a smooth transitions from work into
retirement. The main differences are +that SE appears to substantially
over-estimate the occurrence of part-time work relative to the E and IE
measures, and E appears to slightly over—-estimate part-time work relative to
the IE measure. The latter effect is to be expected from the nature of the
definition of E: a worker who worked at a full-time Jjob until mid-year and
then retired would be classified as being in state 2 by the E measure and in
state 3 by the IE measure.
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Table B.1l: Cross-sectional Distributions of Measures of Employment Status

Historical Employment Status

EG8
1 70.77
2 9.03
3 20.20

Obs 8117

Instantaneous Employment Status

Obs

EBGg
72.06
9.15
18.80

7379

1E69
74.10
3.71
22.19

8117

E7T0
B80.70
12.37
26.493

7379

E71

54.38

"12.81

32.81

6837

IE71
61.04
5.10
33.86

7434

E7T2 E73
39.89 33.589
14,89 18.55
45.12 50.86

6837 6392

IE7T3
39.51

7.08
53.41

6857

Self-Reported Employment Search Decision

1
2
3

Obs

SRE69
72.20
4.98
22.71

7834

Self-Employment Status

DN~

Obs

SEBS
77.42
8.12
14. 46

- 8070

SR71
55.86
11.83
32.20

7434

SE71
59.49
12.53
27.98

7431

SR73
36.41
12.50
51.09

6897

SE73”
36.08
16.26
47.85

6881
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E74
23.12
15.85
51.03

6392

IETS
23.858
8.90
67.44

6382

SR7S
21.46
15.35
63.19

5392

SE75
20.64
18.40
60.97

B387

E75 E76
19. 493
14,95
65.56

13.83
14.07
72.10

5871 5871

IETT7
15.81
10.38
73.70

5871

SR77
13.46
13.08
73.48

5871

SET7T
11.72
18.70
69.58

5861

E77
12.69
13.96
73.35

5415

IE79
12,15
10.73
77.12

5415

SR78
10.28
12. 11
77.60

5415

SE739
8.27
17.58
73.15

5407

E78
10.10
13.81
76.08

5415




The SE variable varlable seems like the poorest candidate for use as =
measure of employment status owing to the ambiguity of the term "retired”.
Some people may interpret belng "retired" as quitting their career Jjob and
will report being fully or partly retired even though they are working
full-time at a new Jjob. Other people may interpret "retired" as meaning "are
you working now?", and will report that they are nolt retired if they had quit
their main career job but are currently working at a new full-time job. Still
others may may report being partly retired even though they are not working
because they like to think they have the virility to return to work at some
unspecified future date. The latter problem seems to be réflected in table
6.1, which shows that the SE measure substantially overestimates the incidence -
of part-time work, sometimes as much as 200% in comparison to the IE measure.
I decided not to use the SE measure because of the problems of ambiguity and
subjective interpretation, and also, for reasons I elaborate below, because SE
is an "instantaneous” measure that doesn’t correspond well to the time
intervals of the DP model.

The Iinstantaneous employment status varlable completely avoids the
subjective definition of the concept “retired". Like SE, IE has a high
response rate and is easy to pull from the tapes. However it too has certain
drawbacks from the standpoint of estimating the DP model. Since I am using =
relatively coarse two year time interval (for computational reasons discussed
in section 2), the instantanecus IE measure would not provide a good measure
of the worker’s actual state over the whole time period. In principle, workers
may have changed Jjobs many times in the two year time interval or may have
only recently retired, so there may be only a weak association between IE and
the respondent’s actual labor force status over the last two years.

From the standpoint of the discrete~time DP model, the most appropriate
measure of labor force status is the historical employment status measure, E.
The malin drawbacks of this measure are 1) it requires the worker to recall

his employment history (which may be especially difficult in the cases where
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the worker had multiple job transitions), and 2) since E is a flow measure, it
may overestimate the occurrence of part-tiime work by misclassifying full-time
workers who retire in mid-year. Table 6.2 sheds some light on the last problem
by summarizing the distribution of employment histories (using the E measure
of et) over the 11 years of the RHS survey. To keep the table manageable, the
114 possible employment sequences have been "collapsed", i.e. the sequence
(1,1,1,2,2,3,3,3,3,M,M) (where "M" represents missing data) is classified as a
"1-2-3" sequence. The first thing to notice is that in contrast to the
aggregate empleoyment statistles, the individual employment sequences are far
from smooth: only 18% the sample is observed to gradually phase out of work in
a "1-2-3" employment sequence. If I reclassify all “1-2-3" sequences with only
1 intervening year in state 2 as actually being a mis~classified "1-3"
sequence, then only 3% of the sample is observed to follow a smooth employment
transition: a plurality of the sample, 33%, are observed Lo follow a
discontinuous "1-3" sequence. Another 28X of the sample have complex
"non-monotonic” employment histories, with periods. of unemployment followed by
subsequent re-employment., Of course many of the "1" and "1-2" sequences may
actually be part of an ultimate "1-2-3" sequence; however since these
sequences only account for 14% and 4% of the sample, respectively, the basic
story would remaln unchanged.

For comparison, table 6.2 presents the distribution of employment

sequences for the IE and SE measures of e,, and alsc an annual measure of e

similar to the E measure but computed fromtthe NLS data by Berkovec and Sternf
1988. Notice that in all of the tables, only 3-4% of =all workers are observed
to follow a "1-2-3" sequence. The NLS data show a somewhat higher fraction of
workers following a "1" seguence, bui this is to be expected given that the

NLS sample fcllows a younger group of men who were initially aged 45-59 in the
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first year of the survey, 196813. Based on the comparison of the employment

measures presented in table 6.2, 1 decided to reclassify all "1-2-3"
employment sequences with only 1 intervening year in state 2 as a "1-3"
sequence by reassigning the state et=2 as either et=1 or et=3 depending on

whether or not hours worked in that year are greater than 1,000.

1:3Th<—: NLS contained an enriched sample of black respondents, who are presumably

more likely to be unemployed. Apparently the effect of a more youthful sample
in the NLS dominated the effect of a larger proportion of blacks, leading to

the discrepancles noted above.
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Table 6.2: Distribution of Employment Segquences

Measure of

Employment number of percent of
State Sequence cases cases
E 1..... 1174 14. 44
2..... a1 1.12
3..... 1033 12.70 14
1-3... 1488 (2700) 18.30 (33.21)
2-3... 255 3.14
1-2... 308 3.76
1-2-3. 1450 (238) 17.83 (2.83)
others 2334 28.70
Total 8131 100.00
IE 1..... 1321 16.25
2..... 28 0.34
3..... 1337 16. 44
1-3... 3268 40.20
2-3.., 112 1.38
1-2... 276 3.38
1-2-3. 308 3.79
others 1430 18.20
Total 8131 _ 100.00
SE 1..... 1239 - 15.24
2..... 131 : 1.61
3..... 897 11.03
1-3... 2642 32.48
2-3... 298 3.66
1-2-3. 748 g8.20
others 1575 18.37
Total 8131 100.00
14

Numbers in parentheses cbtained by reclassifying all "1-2-3" sequences with
only one intervening year in state et=2 as a "1-3" sequence. See page 28 for

further explanation.
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NLS 1..... 585 23.43
2..... 13 0.52
3..... 187 7.49
1-3... 1052 42.13
2-3... 28 1.16
1-2... a0 3.80
1-2-3° 89 3.56
others 452 18. 10
Total 2497 100.00

Overall, table B.2 casts doubt on the notion that most workers gradually
phase out of their full-time Jobs through a spell of “"partial refirement”, =a
view promoted by Gustman and Steinmeler (1984) and suggested from casual
interpretation of the macro data In table 6.1. Even if we counted all "1-2°"
and "1" sequences as forming part of an eventual "1-2-3" sequence, the number
of "smooth" employment transitions would be at most 23%. In reality, most of
the "1" sequences will form part of an eventual "1-3" sequence, and a large
fraction of the "3" sequences are actually left-truncated "1-3" sequences. If
I count =2all these sequences as "1-3" sequences, [ obtain an estimate that
approximately 75% of all retirement sequences involve discontinuous
transitions from a full-time Job into unemployment. Table 6.2 alsc.shows that
a significant fraction of the sample, over 18%, follow "non-monotonic"
sequences invelving some form of "unretirement”, i.e. a return to employment
from a state of unemployment or partial employmeni. Table 6.3 provides
more
detail on the structure of the non-montonic employment sequences for the E,
IE, and SE measures of employment status. The structure of these transitions
15An. annual measure of employment status similar to E. This measure wes
constructed by Berkovec and Stern (1988} who wrote more than 2,000 lines of

Fortran code to accurately follow NLS skip patterns to accurately reconstruct
the employment histories.
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is extremely complex, as you can see from table 6.3. The most common
non-menotonic¢ sequences are “3-1-3%, "1-3-2", "1-3-1", "1-3-2-3", and
"1-3-1-3". Even though a majority of workers follow the "1-3" sequence, the
traditional approach to modelling retirement behavior as an ex ante cholice of
a fixed retirement date after which the worker ceases to work is incapable of

explaining the labor force history of 204 of the sample.
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Table B6.3: Distribution of Non-Monctonic Employment Sequences

IE E SE

% of % of % of % of % of % of

Sequence # 1480 B131 # 2334 8131 # 1575 8131
1313 a9 6.69 1.22 36 1.54 .44 349 2.48 .48
1312 28 1.89 .34 20 .86 .25 15 .85 .18
1213 47 3.18 .58 75 3.21 .82 48 2.92 BT
1212 33 2.23 41 83 3.56 1.02 71 4.51 .87
1231 10 .68 12 21 .90 .26 24 1.52 .30
1232 28 1.89 .34 101 4.33 1.24 85 5.40 1.08
1321 30 2.03 .37 30 1.29 .37 18 1.14 .22
1323 100 6.786 1.23 -118 4.93 1.41 158 10.03 1.94
2131 1 .07 .01 2 .08 .02 0 .00 .00
2132 1 .07 .01 11 A7 .14 7 .44 .08
3131 12 .81 .15 g6 .26 .07 Q .Qg .00
3132 8 .54 .10 g .39 .11 5 .32 .0B
3231 2 .14 .02 3 .13 .04 0 .00 .00
3232 B 41 .07 10 .43 .12 8 .91 .10
3121 5 .34 .08 5 .21 .06 2 .13 .02
3123 17 1.15 .21 20 3.86 1.11 8 .51 .10
3213 2 .14 .02 15 .64 .18 3 .18 .04
3212 0 . Q0 .00 7 .30 .08 3 .18 .04
2121 3 .20 .04 10. .43 .12 2 .13 .02
2123 15 1.01 . .18 77 3.30 .95 28 1.65 .32
2321 2 .14 .02 3 .13 .04 1 .06 .01
2323 7 .47 .08 34 1.45 .42 34 2.18 .42
2312 1 .07 .01 0 .00 .00 1 .0B .01
2313 3 .20 .04 -3 .13 .04 i .08 .01
131 122 8.24 1.580 35 1.50 .43 78 4,95 .98
121 105 7.09 1.29 122 5.23 1.50 109 B.92 1.34
132 201 13.58 2.47 137 5.87 1.88 204 12.85 2.51
321 12 .81 .15 12 .51 .18 7 44 .08
312 19 1.28 .23 25 1.07 .31 8 .51 .10
323 57 °3.85 .70 80 3.43 .98 B8 4,32 .84
313 176 11.89 2.16 102 4.37 1.258 35 2.22 .43
213 34 2.30 T 42 75 3.21 .92 46 2.82 .57
231 2 14 .02 5 .21 .06 4 .25 .08
232 5 .34 .06 22 .94 27 24 1.52 .30
212 5 .34 .08 20 .86 .25 25 1.589 .31
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31 T7 5.20 .85 51 2.19 .53 50 3.81 .74

32 40 2.70 .49 43 1.83 .58 43 2.73 .53
21 g .81 .11 30 1.29 37 24 1.52 .30
others 156 10.54 1.92 807 34.58 9.892 283 17.97 3.48
Total. 1480 100.00 18.20 2334 100.00 28.70 1575 100.00 19.37

The above discussion suggests the possibllity that the discretization of
labor force status into only three states wvariable could seriously
nisrepresent the labor force participation decision. Other researchers (e.g.
MaCurdy, 1983) have suggested that the labor force participation decision can
be modelled as a continucus cheoice variable, say, as choice of annual hours of
work. There are strong practical reascens for maintaining this viewpoint: an
interior solution allows one to derive stochastic Euler orthogonality
conditions that permit estimation of identified parameters by the method of
moments (Hansen, 1982). Figure 6.1, which displays the distribution of annual
hours of work over the period 1968 to 1978, provides convincing evidence
against this view. The distribution has almost all of its mass at two spikes,
one at 0 and the other at 2000. The distributions are almost excessively

concentrated at the two spikes, suggesting a systematic tendency of
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respondents to round thelr reponses (e.g. 40 hours/week, B0 weeks/year).
Nevertheless, I belleve the distributions provide sclid evidence against the
notion that =annual hours of work is best modelled as =2 continuous choice
variable that satsifies an interlor first order condition. This notion is also
supported by the work of Gustman and Steinmeier (1883), (1884) who present
convincing evidence of widespread minimum hours restrictions and signficant
wage cuts associated with transitions from full-time work to part-time work.
The combination of these constraints and the Social Security "earnings test"
are probably the key factors that lead the majority of workers to follow a
"bang-bang" worksno work decision rule, Figure 8.1 also shows that the
definition of the E variable is robust to fairly large changes in the cutoffs
defining the three employment states: there is a small amount of probability
mass uniformly distributed between 0 and 2000 hours of work, so thal cheanges
in the cutoff in this range will not significantly alter the distribution of

et.

I conclude this section by presenting markov transition probability
matrices for the IE and SE measures of e, in table 6.4 and ithe E measure in
table 6.5. These are "uncontreclled" transiticn probabilities because I haven’'t
conditioned on =2 measure of the respondent’'s sgearch decisgion, S, -
Nevertheless, ithe resulting transition matrices are quite illuminating. The
matriceg show a clear pattern of age-effects: for example table B.4 shows that

ithe probability of re-employment {i.e. a transition from et=3 to e, .=1), is

t+l
164 In 1969, bhut falls to 2% by 1977, and the probability of remaining fully
employed declines from 754 in 1968 to 8554 in 1977. Interesitingly, the
probability of retiring from a full or part time Job peaks at approximately

40% between 1971 and 1873, declining to 30X in 1977.

- B4 -




Table 6.4: Transition Matrices for IE and

IEE9 to

75. 46
28.64
16. 45

IE71 to
59.23
18.158

5.51
1IE73 to
52.39
14.B63
3.17

IE75 to
52.95
14.83

2.85

IE7TT to

54.87

17.44
2.08

IE71

4.12
37.50
2.81

IE?3
B.36
38.87
3.44
IE75
8,93
46. 28
3.82
IE77
11.32
51.03
4.55
IE79
15.34

48.36
4.23

(8117 obs)
20.41
32.86
80.74

(7434 obs)
34.41
41.97
81.05

(6897 obs)
38.68
39.08
g93.02

(6392 obs)
35.73
34.33
82.80

(5871 obs)
29. 9%

34,20
93.68

_55_

SE Measures of Employment Status

SEES to SE71 (8070 obs)

73.81 10.70 15.88
19.48 41.53 38.98
6.39 6.38 87.23

SE71 to SE73 (7431 obs)
B5.51 14.51 28.98
12.82 44.74 42.64

3.68 7.18 89. 16

SE73 to SE75  (B881 obs)

50.17 17.38 32.44
8.60 54.06 37.33
2.17 B.56 91.27

SE75 to SE77 (6387 obs)

45.189 23.08 31.77
5.81 54,22 38.96
1.78 6.13 g2.09

SE77 to SE79 (5881 obs)

51.85 21.499 26. 16

9.82 56.36 33.72
2.01 6.10 81.89




Table B.5: Markov Transition Matrices for Historical Employment Status

EB8 to EBI (seam: 8117 obs} E73 to E74
81.45 3.07 5.48 B65. 16 14.22 20.62
30.12 42,51 27.37 8.97 61.33 28.70
22.61 7T.86 69.54 0.36 1.92 g7.72
EBS to ET0 E74 to E75 (seam: B392 obs)
82.5850 6.94 10.56 69.71 9.71 20.587
17.87 58.12 24.01 . 13.70 58.52 27.78
1.89 1.82 95.68 2.18 4.92 92.20
E70 to E71 (seam: 7379 obs) E75 to E76
82.41 4.65 12.94& B53.24 15.34 21.42
29. 41 50.87 19.71 8.23 54,586 27.22
4.78 8.65 88.57 0.46 2.38 a7.186
E71 to ET2 ' E76 to E77 (seam: 5871 cobs)
71.44 10.07 18.49 75.73 3. 10 15. 17
11.28 58.71 30.05 10.82 B64.11 25.07
0.68 2.28 a7.08 1.17 4.89 83.94
E72 to E73 (seam: 6837 obs) E77T to E78
74.14 7.52 18.33 B5.52 22.17 12.30
21.08 58.57 22.398 10.43 67.3% 22.22
2.86 B.66 90. 47 0.33 2.58 a7.12

A strange pattern appears in the hilstorical employment state transition
matrices in table 8.5. Notice how the transiticn matrices appear to cycle in
two-year intervals: for example, the (1,1) elements appear significantly
higher in even numbered years, while the (3,3) elements appear significantly

higher in the odd-numbered years. For a leong time I was convinced that these
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regular fluctuations had to be an artifact of my FORTRAN code for processing
the observations. 1 labored for many weeks to make ever more detailed and
accurate correspondence with the survey questionnaire but had no success in
eliminating the strange fluctuatlens in the transition matrices.:Only recently
have I become aware of work by Daniel Hill (1988) that has convinced me that
the fluctuations are not artifacts of my computer programs, but rather are
symptoms of a systematic reponse error problem known as the seam problem. The
seam problem arises from the way the RHS collects data on retrospective labor
force history in successive two year survey frames. Each of the odd-numbered
survey years represents a seam, and the survey questionnaire regquired the
respondent to recall his labor force history in the two year survey frame
prior to the interview. It appears that while respondents offer an internally
consistent view of the preceding two years, their view of history changes
between survey dates In a way that generates Inconsistent labor force
transitions across seams. For example, to compute the across-seam transition
probability matrix from 68 to 68 1 needed data from 2 different surveys: the
1969 survey gave me retrospective data on labor force states in 68 and the
1971 survey gave me retrospective data on labor force states in 69. On the
other hand the between-seam transltion prebability matrix from 62 to 70 was
computed entirely from retirospective data obtained at the 1971 interview. The
pattern of fluctuations in the transition matrices indicates thalt men in state

e, =1 are more likely to remain in stalte 1 for across-seam transitions than for

bztween—seam transitions, whereas men in state et=3 are less likely to remain
in state 3 for across-seam transitions than for between-seam transitions.

I have recompuled table 6.5 using the flag variables to elininate
observations that showed any evidence of Internally Iinconsistent responses.
While the sample sizes were slignificantly reduced, the seam problem persisted.
Although an analysis of the perceptual/psychological factors underlying the
seam problem Iis beyond the scope of this paper, it appears that by using

between-seam transitions based on data from a single survey frame one is much
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more likely to obtain consistent transition probabliliiies. Indeed, looking =2t
the between-seam transition matrices in table 5.5 one can see that they change
in a sensible way over time, with no suspicious patterns indicative of further
inconsistencies. In particular, while the transition matrices do not closely
match the IE or SE transition matrices (the latter two are two year transition
matrices while the E transitlon matrix is for one year intervals), the
matrices follow the same general pattern as the IE and SE transition matrices,
namely a probabllity of re-employment and continued employment that gradually
declines over time. I conclude that the seam problem is sufficiently severe to
make It inadvisable to build a DP model based on annual data even though such
a model is superlor from a theoretical viewpolnt since it has "finer grain"
and thus suffers less from problems of time aggregation. Instead I will focus
on constructing of model of biannual transitions, using consistent data on

enployment translitions between seams rather than across seams.

7. Job Search Decigion

The DPP model requires a control wvariable Sy that represents the

respondent’s labor force search/participation decision. In a discrete-time

model the agent is in labor force state e at time t, and conditional on e

t £

and his search decision = he makes a transition to a new labor force state

t?
€41 at time {+1. Thus, the DP model gives an employed worker the option of
gquitting (et=1 or et=2, and st=3), and an unemployed worker the option of
returning to work (et=3. and stzl or st=2). Unfortunately, while it is

convenient to trichotomlize s, into 3 values (l=search for full-time job,

t
2=search for part-time Jjob, or 3=quit the labor force) the "true" search

declision s is essentially a Iatent variable; =a complicated, possibly

t
multidimensional function of the variety and intensity of the worker’s search
activities over the period. The RHS has three possible variables from which to

construct a measure of St
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SR : self-reported planned hours of work in the year following the survey,
NE : actual hours worked in the year following the survey,

e actual hours worked in the second year following the survey.

g1’

The latter measure corresponds to a "perfect control" DP model where workers’
search declislions are successful with probability 1. I find this latter measure
implausible given the well-known labor market problems of older workers, =and
will focus hereafter on the other two measures.

Using the SR and and NE measures, I constructed a trichotomous estimate

of 8, using the same cutoffs that I used to construct the e, variable

descrlibed in section 6. Table B.! summarizes aggregate distribution of the

self-reported measure of s This measure follows very much the same trends

.
as the E, SE, and IE measures of et 2 gradual phase-out from full-employment

into unemployment. The NE measure of s, ls recorded in the odd-year columns of

t
the E distribution at the top of table 6.1. At least on the aggregate level,

the two measures appear to track each other fairly closely.

To get 2 better handle on the issue of which measure Sy better

approximates the underlying latent employment search decision, I computed the
controlled transition probability matrices which predict the probability of

) conditional on ey and St' Table 7.1 presents the contreolled transition

matrices using the E measure for e, and the SR measure for s,. These matrices

t t
show a very weak relation between employment search decisions and ex post

realized employment states. If. control were perfect, the transition matrix
assumes. However

t
in table 7.1 we see that under the SR measure contrel is highly imperfect. For

should have 1’s in the column corresponding to the value s

example, a full-time worker who reported an intention to quit working in 1969
still has a 254 chance of remaining at work in 1971. A worker who had a
full-time job in 1968 and who reported an intentlon to start working part-time
in 18969 has only a 20% chance of actually realizing his intentions by 1870. An
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unenployed worker in 1974 who reports the intention to return to work
full-time in 18975 only has a 13% cheance of actually being employed in 1976.
Thus the SR measure of St leads to a DP where control is too Imperfect, in the
sengse that there is 1little correspondence between employment search decisions

and subsequent labor market outcomes.
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Table 7.1: Controlled Transition Probabilites

SR Measure of Job Search Variable, s

E68 to E70 given SRG68=1
{5707 observations)

80.82 7.08 12. 10
57.74 20.08 22.18
50.23 17.37 32.38

EE8 to E70 given SRES=2
(394 observations)

33.10 13.38 53.52
24.14 50.57 25.28
2.50 20.00 77.50

EB8 to E70 given SRB5S=3
{1793 observations)

25.63 12.18 B2.18
13.66 20.22 66.12
14.94 5.38 . 73.68

E70 to E72 given SR71=1
(4150 observations)

71.30 9.41 19.29
53.83 25.14 21.23
28.85 28,85 42.11

E70 to E72 given SR71=2
(884 observations)

3.89 20.44 75.87
13.84 53.94 32.12
4.95 33.66 B1.39

E70 to E72 given SR71=3
{2345 observations)

0.0458 0.0634 (©.B308
0.0833 0.1867 0.7500
0.0211 0.0380 0.9409
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E72 to ET4 given SR73=1
(2508 observations)

60.01 13.61 26.38
39.53 34.11 26.36
28.92 28.21 44,87

ET2 to ET4 given SR73=2
(859 observations)

11.87 20.56 B7.78
14.18 54.82 31.18
4.17 35.12 60.71

E72 to E74 given SR73=3
{3470 observations)

3.33 8.00 S0.87
5.26 19.74 75.00
1.58 4.29 94.13

E74 to E76 given SR75=1
{1372 observations)

58.14 14.38 27.49
30.84 36.45 32.71
12.80 16.07 T71.43

E74 to E768 given SR75=2
(881 observations)

7.01 20.38 72.61
9.85 §55.50 34.55
5.84 22.56 T71.79

E74 to E78 given SR75=3
(4038 observations)

1.48 10.95 87.59
3.08 16.82 80.00
1.58 1.22 84.22




Table 7.2: Controlled Markov Transition Probabilities

NE Meesure of Employment Search Decision, s

E68 to E70 given EBg=1
(5348 observations)

83.06 6.30 10.64
76.14 15.23 8.863
78.05 11.28 10.87

EB8 to E70 given EB9=2
(554 observations)

13.58 58.02 28.40
22,88 57.55 19.78
12.28 59,85 28.07

EB8 to E70 given EBS=3
(1477 observatlions)

3.11 1.73 95.16
1.12 3.91 84,97
1.39 1.18 = 97.42

E70 to E72 given E71=1

(3767 obgervations)

72.44 B.97 18.60
55.14 25.41 19.486
57.39 18.57 13.04

E70 to E72 given E71=2
(845 observations)

8.64 54.31 36.04
14.06 B6.25 29.869
5.25 71.08 22.6B

E70 to E72 given ET71=3
(2376 observations)

1.08 ~2.74 96.17
4.03 12.80 B83.08
.23 1.35 88.42
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E72 to E74 given E73=1
(2183 observations)

66. 82 12.11 21.07
47.7T  35.87 186.56
61.18 21.18 17.65

E72 to E74 given ET3=2
(817 observations)

B6.66 53.81 38.5%9
11.37 60.B6 27.88
6.57 ©68.19 24.24

E72 to E74 given E73=3
(3335 observations)

.83 1.04 98,13
1.20 9.58 89,22
.22 i.60 g98.18

E74 to E76 given E75=1
{1187 observations)

66. 39 12.91 20.70
3r.8¢ 38.74 23.42
60.00 12.850 27.%0

E74 to E76 given E75=2
(790 observations)

3.68 489.26 47.06
8.92 66.88 23.21
F.22 T0.00 22.78

E74 to E76 given E75=3
(3914 observations}

1.04 4.351 94. 44
2.22 8.44 89,33
.28 1.78 97.81




Table 7.2 presents controlled transition probabilities for the E measure

of ey and the NE measure of Sy - Comparing tables 7.1 and 7.2 we can see that
while the NE measure of s,
betweaen S and 41 is much stronger than for the SR measure of B, .
example, consider the probability that a worker who Intends to quit his

does reflect Imperfect contreol, the relation

For

full-time Job is successful, (i.e. the transition from et=1 to et+1=3 given

st=3). In 1968 the NE measure gives a 95% chence that the decision will be
realized compared to only 62% for the SR measure of Sy In the case of an
unemployed worker who intends to return te work, the data for 1874 show that

zecording to the NE measure of N ithe worker will have & 80% chance of success

compared to only a 134 chance for the SR measure of st. The very weak

correspondence between the SR measure of s, and subsequent employment outcomes

L

e may be an Indication of the fact that "talk is cheap": it is one thing to

E+l
say you Intend to remain employed or return to work, but quite another thing
to actuelly go out and do it. The NE measure is & compromise between the
t+1 & and the highly

imperfect control medel implied by the SR measure of 8- Because a strong,

perfect control model implied by the e measure of s
interpretable relationship beiween search decisions and subsequent employment
states is key to obtaining a sensible DP solution, I have adopted the NE
measure of 5 for use in estlmating the DP model.

Tables 7.3 and 7.4 present the maximum likelihood estimates of the
controlled transitlon probabllities using the E measure of et and the NE
measure of S, - The estimates correspond to the component T, in the
decomposition of = given in (3.2). The probabilities were estimated using a
linear-in-parameters specification of a trinomial logit model of the
probability that €1

the parameter estimates corresponding to the event I{et+1=1} (full-time work),

assumes the three values {1,2,3}. Table 7.3 presents

while table 7.4 presents the parameter estimates corresponding to the event
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I{e 3} (unemployment.).18 The interpretation of the estimation results in

has

t+1”
already been summarized in conclusion § of section 3 and will not be

repeated here. Instead I conclude this section with table 7.5 which presents

the implied trensition matrices for various configurations of the state and

control variables.

1 probabilities sum to one, it is not necessary to present parameter

2}. In other words, identification of the

6Since

estimates for the event I{et+1=
parameters required me to normelize the parameters corresponding to the event

I{et+1=2} to zero.
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Table 7.3: Estimates of Employment Status Transition Probability
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ms, =2, ms £+ 1=2 ~0. 10073099 0.34258973 -0.31131817 -0.29402804
t*l mst+1=2 -0. 17166326 0. 385468353 -0. 46566385 0. 44534242
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log likelihood -9154. 95723806 percent correctly predicted 82.20
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- BB -~




Table 7.4: Estimates of Employment Status Trensitlon Probability
Dependent Variable: I{et+1=3}
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Table 7.5: Estimated Employment Transition Probablilites, LN

Cagse I: 2,88, m= =2, ns

t t t+

86.
89.
93.

1268 2.9698 0.9038
9567 8.6876 1.3557
0782 5.84lg8 1.2789

II: a

t=65' ms

Case =2, ns

t t

stﬂl

5568 15.6283 1B8.8167
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B7.
a7,
55.
=], ms
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t
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Bg.
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t t
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50.
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8, Income, Wealth and Consumption
Next to employment status, the most important state variebles of the DP

model are income Yy and wealth Wi The RHS records detailed information on

assets and debts in each of the cdd-numbered survey years, 1969-1878, as well
as detailed Iinformation on the components of Income in the preceding

even-numbered years, 1988-1978. Consumption, ¢ is a latent control variable,

t)
egsentially a time aggregration of thoussnds of invidividual discrete buy/no
buy consumption decisions over the two year period. My strategy Is to use the

budget equation w to infer consumption expenditures from

ta1 Yy

te1? Vi and Yy There are two obstacles to this approach: 1)

the RHS has no data on capital gains income, and 2) the RHS only records

measurements of w

income in even—numbered years. Thus, capital gains and income in odd-numbered
years must be Imputed. A key to accurate income imputations is the use of the
retrospective labor Iorce histories used to construct the ey state variable.

I initially tried to Iimpute the missing Iincome values by regressing
income in even—numbered years on variables avallable in both even and
odd-numbered years. Among the variables available in both even and odd years
were the SSER earnings records (up until 1974) and the SSMBR OASDI benefit
data (from 1869 to 1978). Despite the inclusion of these variasbles and
retrospective data on total hours worked In odd-numbered years, the fits of
the income regressions were not very impressive with R? values of B0X. Using
the estimated regressions te fill in the missing income values produced
intuitively unreasonable results, generating wlde swings in income which
occasionally turned negative or exceeded reasonable values.

An approach that turned out to work much betiter wes something I call
"full information interpolation”. One can divide income into four sources: 1)
wage lncome, 2) OASDI income, 3) unemployment ilnsurance, and 4) other income.

Since 1 have OASDI Income in all years, that veriable does not need to be
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imputed.17 In addition, since other income is predominantly asset and pension
income which is largely independent of labor force participation, I obtained
an estimate for category 4) by simply averaging observed other income in
adjacent even-numbered years. The problem thus reduced to computing wage
income and unemployment compensation. Using the retrospective employment
histories, I obtained an estimate of total hours worked in each year. Dividing
hours worked into observed wage income I obtained a wage rate which I used to
compute total wage Income in odd-numbered years. If there was evidence that
the worker had become Iinveluntarily unemployed during the period, I imputed
unemployment compensation as well. The resulting interpclation estimates
appeared much more reasonable than the regression-based imputations. In
particular there were far fewer wild swings in income, very few excessively
large values, and no negative income values. Figure 8.1 plots the imputed and
reported income distributions for the slx year period 1973 to 1877. There is
evidently 1little difference between the Imputed and reported Iincome
distributions; both have the characteristic log~normal shape. There is a
noticeable leftward shift In the distribution over time as more and more
workers withdraw from the labor force, This shift is not as pronounced as it
might be due to the replacement of wage income by OASDI and pension receipts.
If T were to plot wage distributions only, the leftward shift would be much

more pronounced,

17 1 substituted actual OASDI benefits from the SSMBR rather than reported

OASDI benefits to calculate total income in even numbered years.
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The existence of the seam problem in the employment data discussed in
section 5 lead me to suspect the possiblity that these Inconsistencies might
have contaminated the imputed Income data. To see whether there is any
evidence of this, I plotted the distributions of income changes in figure 8.2.
These distributions show no evidence of the seam problem, perhaps because wage
income became an increasingly less important source of lncome over the survey,
and because the SSER earnings records and the SSMBR OASDI benefit data allowed
me to get relatively accurate measurements of the main components of income
for the majority of the sample. In any event, I conclude that my income

imputations appear to be fairly rellable measures of actual Income.
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Having said this is not to deny the existence of systematic response
errorsg in reported wage and OASDI benefits. For example section 4 discussed
the widespread under-reporting of Social Security disability benefits. To
assess how accurately respondents reported their income, I used the SSER and
SSMBR datasets to compare reported and actual earnings and CASDI benefits.
Because of the Social Security maximum earnings limitatlon, respondents had a
clear incentive fo under-report their wage earnings since the survey was
conducted by SSA. On the other hand OASDI benefits not enter into the
"earnings test", so there is no obvicus incentive to under-report theses
receipts. Figure 8.3 presents the distribution of Lhe percentage difference
between reported wages and SSER earnings in 1970, and figure 8.4 presents the
distribution of percentage response error in total OASDI benefit in 1874. The
figures show no obvious evidence of systematic under-reperting, =although each
contains spikes at -100% indicating a non—negligible fraction of respondents
falsely reporting that they had no wage or OASDI income. On the basis of Lhese
comparisons, I set flags indicating the degree of accuracy of the respondent's
reports of his wage and OASDI benefits. I then used these flags in the

construction of the sample boolean to screen cut questionable respondents.
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I used the Hurd wealth data (see footnote 2Z) to compute respondents’ net
worth. Net worth consists of financial and real assets less total
indebtedness, but excludes pensions, life insurance and annuities, the latter
two which are fairly uncommon in the RHS anyway%g Wealth data are exiremely
hard to cross-check because major components of wealth, such as the market
value of the respondent’s house, are often subjectlve guesses. Figure 8.5
plots the distribution of wealth for the B survey years. Notice that there is
a significant fraction of respondents, about 10%, who report that they have
esgentially no tangible wealth. Mean wealith levels are about $28,000 1968
dollars, equal to approximately four years of Iincome. These distributions
provide little evidence that respondents consume their wealth as they
age.Figure 8.6 plots the distribution of housing value to net worth in 1963
and 1979. It shows that a large fraction of workers’ wealth is tied up in
housing: homeowners have an average 56X of Lheir wealth tied up in housing in
1969 iIncreasing to 65% in 1979. The fallure of wealth to decrease over time
may be partly due to the appreciation of housing in the inflaticonary 70°s.

18Hhile pensions are much more common than annuitiies iIn the RHS sample,
exclusion of pension wealth is not a problem since the sample boolean already

excludes workers with pensions.
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Using Hurd’'s wealth data and my imputed income series, I constructed an
imputed biennial consumption series using the budget identity: =W, ~W, ¥y -
The resulting consumption distributions are plotted in figure 8.7, Overall,
the distribution of c¢onsumption looks very similar to the distribution of
income plotted in figure 8.8; both income and consumption show a noticeable
tendency to shift leftward over time. This fact 1s not an accident, since
figure 8.9 shows that the distributlon of wealth changes is centered about O,
suggesting that to a first approximation, SV Indeed the mean wealth change
(averaged over all periocds and workers) is $-658, with a standard deviation of
$47,015. Given that average wealth is $28,000, it’s difficult not
to conclude
that most of the variation is due to measurement error. The large standard
deviation suggests that it would be difficult to reject the hypothesis that
=Y, Vs. H,: ¢

C
t A t
Chi-squared statistic of 6.2 with a marginal significance level of 1%: a

Cp =Yy - However a simple hypothesis test of Hb: #yt vields =a

rejection that is perhaps not surprising given that I have 31,348 observations

on wealth changes.19

'®The hypothesis actually tested was Hy: w,=w, .. vs. H: w,#w, .. It is easy to
see that the budget identity implies that this Is equivalent to the hypothesis
test listed above. I assume that apropriate regularity conditions hold in
order to  Jjustify the asymptotic Chi-square distribution for the test
statistic, e.g. weak mixing conditions degree of dependence in the

observations.
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Whether the large variance in wealth reflects explainable differences in
behavior or simple measurement error is an open question, but my initial
investigations suggest the dominance of the latter. Like the employment data,
aggregate consumption appears fairly smooth, slowly declining over tfime in
apparent accord with the standard 1life-cycle hypothesis. However at the
individual level, measured consumption is anything but smooih, making vieclent,
unpredictable sgwings over time. Overall, a total of 1884 respondents have
negative measured consumption Irn at least one of the 5 biannual survey
periods. These large swings in consumption fly in the face of intuitien and
perscnal observation of the consumption behavior of the elderly, suggesting
that most of the swings are due to measurement errors in wealth.

One possible reason for negative consumption is the failure to account
for capital gains. Given the subjectivity of respondents’ assessment of
housing values and the fact that a majority of workers continue te live in the
same hougse rather than "size down", it seemed reasonable iteo attribute all
changes in net housing wealth to capital gains (provided the respondent did
not move). Adding these housing capital gains (or losses) did reduce the
number of negative consumption cases somewhat, to 1522, but overall the
distribution of consumption including capital gains loocked very similar to
the distribution of consumption wlithout capital galns.

The ncotion that response errors in wealth are driving the viclent swings
in consumption iz confirmed by examining individual data records. Having
access to a complete data record over the survey period often provides enough
contextual information to enable one to intuitively identify reporting and
recording errors that are responsible for negative consumption values. Table
8.1 presents relevant data for a "typical" respondent {ID number 6888) with
negalive measured consumption. This man, call him Bob, i8 coded as having the
occupation of craftsman in the constructlon industry; most likely Bob is a
carpenter. Bob responded in all six of the survey waves, and provided very

complete answers; all the variable flags (with the exception of consumption)
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indicated very high confidence levels in his responses. Beb is married, living
with his spouse and was worklng full-time up until 1875 when he turned G5,
quit his Jjob, and started collecting Social Security (Bob had no pensions}. By
all accounts, Bob is just the kind of guy I want in my sample: a typical blue
collar worker who seems to provide complete, reliable answers, who has
slightly above average income and most of his wealth iIn housing. However we
can see from table 8.1 that while Beb’s income declined slightly from #12,000
to £11,000 over the decade and his measured consumption was about equal io his
income stream in 4 out the the 5 two-year periods, for some reason his
consumption over the period 1976-77 is recorded as $-35,830. Analysis of his
balance sheet reveals that between the 1875 and 18977 Iinterviews, his house
value increased from #$14,000 to $100,000, increasing his overall net worth
from $10,794 to $57,376.20 This sudden increase in wealth is responsible for
the recorded negatlive consumption in the 1878-77 biennium. A possible
explanation for the increase is coding error: Bob may have reported his house
value to be $10,000 in 1977 but it was mistakenly recorded as #$100,000.
However this explanation becomes less plausible when we realize that his house
value is recorded at $150,000 in 1878: it seems very unlikely that we would
get the same kind of coding error in in the same variable in two consecutive
years.

If we look further into the data, we find that Bob moved between 1975 and
1377. This suggesis several possibilities: 1) Bob and his wife may have moved
into the house of his wealthy son and had mistakenly reported the value of his
son’s house as his own, or 2) Bob may have previously grossly underestimated
the value of his old house, and used the capital gains on the sale of the old

house to finance the purchase of hls new house, or 3) Bob may have won a

20the that no capital gains are imputed since Bob moved during the period,

making it impossible to determine how much of the value of the new house came
from capital gains on the sale of the old house,
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lottery which provided an unrecorded capital gain which he used to purchase
his retirement dream home, or 4} Bob may have been sitting on a nest egg which
he refused to report in previous interviews and has since used it to buy his
‘retirement home, or 5) being a carpenter, Bob may have built his own
retirement home =and blinded by the pride of creation, has grossly
overestlimated its value. Given the wealth of possible explanations, it’s not
easy to know what to do. One can simply exclude cases with negative measured
consumption, but that still leaves the problem of hundreds of cases with
implausibly large or small measured consumption, or cases where consumption

changes very erratically from year to year.

Table 8.1: Selected Financial Data for "Bob"
RHS ID: £386
1969 1971 1973 1975 1877 1979
Personal Data
at 59 61 B3 3351 67 89
mst 1 1 1 1 1 1
ht 1 2 1 1 2 2
Employment Data
IE 1 1 1 1 3 3
SR 1 1 1 2 3 3
SE 1 1 1 2 3 3
Financial Data ($18868)
W 10698 12523 13850 10794 57376 71555
yt M 12033 11951 10198 10852 11429
Ct21 M 10196 10524 13354 -35630 =2750
e taz M 11154 12047 12272 -35830 11151
capital gains M 958 1523 -1082 0 13801
lehis measure of Sy does not include imputed capital gains.
22

This measure includes imputed capital gains as described on page 34.
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Balance Sheet {(nominal)

house value 8000 10000 13000 14000 100000 150000
mortgage 0 4] 4] 0 ] 0

other house debt a o 0 0 o 0
farm value 0 0 C 0] 0 0

farm mortgage o 0 0 0 0 0
business value G 0 0 o} o 0
business debl g 4] Q Q Q Q
real—estate value 0 0 0 0 0 0
real-estate debt ¢! 8] 0 0 0] 0
auto value 2490 2480 2485 2500 3237 4980

auto debt 0 0 0 0 0 0

savings bonds 2000 2000 2408 0 0 0
stocks o 0 0 0 8] 0]

credil card debi 8] 200 238 o) ¢ 500
checking account 190 800 300 800 200 1080
savings account 0 0 Q 0 0 0
face value 1life ins 1000 1000 913 2000 2000 2000
face value annuities 0 0 ] 0 0 0
medical debts 834 0 0 8] C 0
store debts 100 0 C 9] ) s}

bank debtis 0 Q0 0 o 6] 0
personal debts 0 0 0 8] o 0

In conclusion, while it is falirly emsy to examine and identify reporting
problems by exemining observaltions on a case-by-case basis, It is unrealistic
to think that I could screen out a sufficiently high fraction of "bad" cases
to end up with a subsample for which consumption is measured accurately. Not
cnly is case-by-case examination of 8,131 1Individuals Impossibly time
consuming, the resulting data set would be susceptible to the criticism that
the sample had been "hand-picked" to support an a priori theory. If an
error—identification strategy is to be successful, one should be able to write
out a series of objectlive classification rules, say in the form of a computer
program, that would allow other researchers to replicate the subsample. I have

net heen successful in constructing a computer program with s sufficient
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"intelligence” to examine the wealth data on a case by case basis, recognize
the existence of a daia problem, and take appropriate corrective action. As I
discussed above, it is not sufficient to simply screen out camses with negative
consumption because the remaining cases gtill suffer from reporting problems
that produce unrealistically large swings in consumption. Because of these
problems, I have opted agalinst using consumption data in my first attempts at
estimating the DP model. Until I see convincing evidence that changes in
wealth are not dominated by measurement error, or until I am successful in
constructing an "artificial intelligence" routine that discriminates accurate
survey responses from innacurate responses, I will adept the null hypothesis
that T =y and focus on "explaining" the Joint dynamics of
xt=(yt,et,at,mst,ht) and dt=(st,sst), excluding Wy and S from the model.
8. Egtimating the Stochastic Process of Income

All that remeins is to specify and estimate the final component of
workers’ beliefs, the transiiion density for income ny. The lognormal shapes
of the income distributions plotted in section B suggest that the transifion
density Ry should have a lognormal distribution with parameters (g ¢} which
are linear-in-parametersgs functions of the state and contro]l variables listed
in the decompositlon (3.2). As is well-known, if a random variable § has a

lognormal distribution, then its mean and variance are given by

El §} = exp{mo’?/z}
(9.1)
varlyl = exp{2p+202} - exp{2u+cz}

It’s extremely important to allow both g and o tc depend on the state
variables, since if o 1Is fixed, then (9.1) and the autoregressive properties
of the income process will imply that the variance of Yee1 is an exponentially
increasing function of current Iincome A Thus, by failing to specify o

properly, one is making an implicit assumption about the form of
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heteroscedasticity that may grossly misrepresent workers’® actual beliefs.
Once we have declded on the appropriate functional forms for p and o, the
lognormal model is fairly easy to estimate: one oblains initial estimates of
{(g,00) by a log-linear regression, and uses these as siarting values for
computing the final parameter estimates by maximum likelih.oodz.3 There is a
minor problem concerning the fact that the DP model requires ¥ and its
transition density ny to be discretized. My approach was to discretize Yy s
an independent variable entering (u,¢), but to do the estimation treating the
dependent varlable Yisq 25 2 continucug variable. After egtimating the
relevant parameters, it’s easy generate a discrete transition probability
matrix ;y: simply compute the area under the lognormal density corresponding
to each of the discrete income cells for Yol

The hard part is to specify how the parameters (i,¢) depend on the
underlying state and control variablegs. The specification is crucial here,
because not only must ny embody workers®' expectations about how future income
depends on current their employment, health and marital status, it must also
embody the relevant rules and actuarial structure of the Social Security 0OASDI
system, including the regressive nature of the payout schedule, the extra
payments to spouse, the penalty for early retiremenit, and the "earnings test"
for workers under 70.As Idiscussed in my earlier paper, by estimating ny using
income data over the decade of the 70’s (during which Sccial Security
benefits increased more than S04 in real terms) T have ilmplicitly assumed that
workers have "semi-rational" expectations: i.e. they correctly anticipated the
increase in benefits over the 70’s, but did not expect any benefit changes

23A1though the likelihood function is concave, using the regression starting

values (as opposed to zero starting values) substantially reduces the number

of iterations needed to converge.
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thereafter%g

My initial attempis Lo estimaie uy yielded diseppointing resulis.
Although the coefficient estimates for the marital status, employment status
and search variables hed reasonable signe and magnitudes, the variables
representing the structure of OASDI beneflits either had small, insignificant
coefficients or else had the wrong sign. The estimated model looked as if
workers were unaware of key features of the OCASDI benefit plan, and the few
provisions they did know about seemed to be regarded as taxes instead of
benefits. Apparently, the Sccial Security benefit structure was "drowned out"
by sample selection bias. A slmple explanation of the problem goes as follows.
High income workers typically continue working beyond retirement age, whereas
low income workers retire as soon as they can. A regression model attempts to
fit this data by generating negative returns to retirement. My solution to the
problem was to augment the data set with "artificial" data on the incomes
retired workers would have received in the absence of OASDI payments. Thus,
corresponding to each data record for a retired worker receiving O0ASDI
(sste{l,z}]. I created a duplicate record deducting all OASDI benefiis from

the worker's income Y and setting sz, =0. This procedure, which neariy doubled

the number of observations, produzed dramatically improved results. In
particular, nearly =all the Social Security wvariables had significant
coefficlents with correct signs and magnitudes. In effect, the augmented data
"drowned out" the sample selection bias, =allowing me to capture the true
underlying OASDI benefit structure. The exlstence of the SSMBR data set was
abzolutely crucial to the success of thig procedure since as I have shown, the

megnitude of response error in the self-reported values of certain Social

24 In fact, the large benefit increases in the 70’s put severe strain on the

Social Security trust fund, necessitating substantial tax increases itco fund
the system.Fully rational workers might expect real benefit decreases in the

future.
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Security benefits such as S8DI is so large &8 to render them useless.
A final problem 1 encountered concerned the esitimetion of age-income
effects. In my initial specifications I included the polynomial terms in the

age variable a, to capture the Iindependent effects of aging on income. Jusi

looking at thz estimated coefficients, the estimated model seemed quite
reasonable, with age terms all entering with highly significant coefficients.
However when I plotied out the age-income profiles, the results were clearly
far from reasonable. In models that included only a linear term in at the
age~income profile sloped upward, whereas in models with quadratic and cubic
age terms the age-income profile was hump-shaped: rising until age 70 and then
sharply falling thereafter. The incomes predicted by the hump-shaped profiles
were completely unreascnable: at the top of the hump a 70 year old worker who
was currently earning $10,000 could expect to earn nearly double that amount
two years later if he continued working. On the other hand, on the downward
sloping part of the profile, say at age 80, the worker would only expect to
make half as much even if he continued working. The reason behind these
strange results Is lack of data on earnings for very old men. As 1 have
discussed before In section 5, the RHS has no data on workers older than 73.
Thus, estimation of age-income profiles wunti]l =age 88 requires pure
extrapolation cover a region where there are no observations to guide us.
Including polynomial age terms in the regression produced unreasonable
forecasts because the estimation procedure chose the coefficients to get =
good fit in the region where there are a lot of observations, namely, for
ages BB to 88. Since there are no observations beycend age 73, the regregsicon
doesn’t ‘“care" what its predictions are in that range, and thus the crazy
results. In order to avoid the extrapolation problems inherent in the use of
polynomial terms, I tried specifications using age dummies, which entail the
implicit extrapolation that age-lncome profiles are constant after age 73. In
spite of my hopes, the age dummies =also yielded somewhat disappointing

results: the estimated age-income profile fluctuated up and down with no
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clear pattern. Since I have little a priori knowledge of the correct ghape of
the age-income profile, 1 decided simply not to include a, In the estimation
of ﬂy.

Table 8.1 presents the specification for ny that I finally settled upen.
The main implications of table 8.1 have already been discussed in conclusion 8
of section 3, and will not be repeated here. However to convince the reader
that the estimated model really does endow workers with sensible income
expectations, I present a graphical summary of the predlictions of the model in

figures 8.1 to 8.6.
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variable

constant

ln(yt)

constant
ln(yt)
h,=1, h

ss, »0, ms

t L

=2, ms

Table 9.1: Estimates of Income Transition Probabllity
Dependent variable 1n(yt+1)

t+1

=2

parameter
estimates

-0. 25126219
-0.51962543

~0. 122289749
0. 94987850
0.02840221

-0.27613498
0.00755871

~0.24915939
0.05060738

. 22207861
. 24745222

0. 19803935

. 00128486

-0,31740813

. 02553842
.03441756

-0. 18673725
-0.08231817

. 11454721
. 19961059
. 30755954
. 04921835

-0.04721417

corrected
std error

o parameiers

o.
0.

02855069
01628730

1 parameters

o o o O 0 0o 0 0 0 0 0O o C 0o o oo o o O O

.04289815
. 00587781
. 00766624
- 0BB20089
. 01030634
.07111086
.Q1724244
.01554447
.02112118
. 02666134
.01516328
. 02646962
. 06605507
. 02684083
.01732835
.01151875
. 02976604
. 04176342
.04933132
.038131886
. 04986884

_94_

uncorrected
t-statistic

=21,
-886.

34212254
07562382

. 28057767
. 14920514
. 95473986
. 13456992
. 74628145
. 53786860
.34964834
-04453198
. 23124080
. 40437111
. 07500851
.52888152
. 45591327
.08440228
.B3689745
. 26648962
. 88268653
.B3T65828
. 25716818
. 58720308
. 19327820

corrected
t—-statistic

-8.
-31.

—2.
161.
. 83528475
. 17118714
. 59305704
. 50381631
. 83504798
. 28666204
. 71582949
. 42786085
. 08473524
. 99144848
. 38659293
.28191001
. 77640100
- 14788260
. 84825188
. 77855531
. 23456987
. 2890740858
. 84487044

80056532
90371387

85088040
60425480




sstto, et+1=1* 0.04871474 0.02732580 1,40854924 1.81834668
sst¢0, et+1=2* 0. 47145827 0.04392680 9. 16446610 10.73284009
sst¢0, et+1=3* 0.52746853 0. 02280836 28.06081154 23. 12550001
Sst=2’ et+1=1* -0.01470458 0. 036835828 -0, 28965741 -0.40442436
Est=2’ et+1=2* 0.00984814 0. 04475291 Q. 15380485 0.22231272
sst=2, et+1=3 . 0.19831143 0.02480131 . B.38115753 7.91536464
sstﬁo, at=70, et+1=1* 0.36644345 0.15487874 2.18755253 2.363910033
sst¢0, at270, et+1=2 0. 33556980 0. 08699671 2.38721172 3.85727015
log likelihood -2.91286814E+005 initial log likelihood —-2.84748588E+S

grad*direc 2.03125373E-026 nunber of cobservalions 389484

L3
These variables are all multiplied by 1/1n(yt).
(Table 8.1 about here)
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Figure 8.1 presents the estimated transition densities ;y for four
configurations of the conditioning variables listed in (3.2), or in plainer
language, the subjective distributions of §t+1 for four different workers. The
sharply peaked density marked with triangles represent the expectakions of
Bingle man, aged 75, who 1s disabled, out of the labor force, and receiving =a
total income of yt=$4,000. The density marked with the circles corresponds to
a 65 year old retired man who is married, in health state ht=2’ and receliving
an income of yt=$7,000. The density marked with boxes corresponds Lo = married
58 year old man who is in good health, working full-time with 2 total income
of yt=$12,000. Finally the curve marked with x's corresponds tc a wealthier 80
year man whe is not retired, married, in good health and continues to work
full-time earning an income of yt=$20,000.

Figures 9.2 to 9.5 pregent workers’ income expectations,
E{yt+1]et+1’mst+1’ht+1’xt’dt’at}’ plotted as a function of the age of the
worker. Although the profiles are flat by construction {(the estimated model
excluded at),'the figures provide an indication of the dynamics of income as
workers retire. Each of the figures contain four curves, corresponding to four
different retirement paths. The curves marked with boxes correspond to working
full-time up until age 65 and then colleciting O0OASI. The curve marked with
circles shows what the worker would expect if he quit weorking but did not
start collect 0ASI. The other two curves represent the expectations of =
worker who works full-time up until his early 70’s, but then becomes disabled
and has tc quit work. The lower curve represents what the worker would expect
if there were no QASDI program to cover him, the higher curve represents what
the worker would expect if he applied for 0ASDI. Note carefully that the
curves In figures 9.2 to 9.5 represent conditicnal expectation functions: they
are not the same as the sample paths of the income process. Given the strong
autocorrelation in income, actual sample paths of income may loock guite & bit
different. The figures clearly show {the progressive nature of the Sccial

Security system. In figure 9.2, a very low income worker actuzally expecis to
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do better by retiring and collecting OASDI than continuing to work at his low
paying full-time Job. However for a very high income worker figure 8.5 shows
that the percentage replacement rate of UASDI benefiis Is much smaller: Social
Security is not such a good deal for these workers. Figures 8.3 and 9.4
present Intermediate cases for workers earning #3,000 and $12,000,
respectively.

Finally, figure 9.5 plots out the standard deviation of §t+1 as a
function of current Iincone, Y- The four curves are =all upward sloping,
representing the fact that the higher worker’s current income is, the more
uncertain he is about his future income. Note that whiie uncertainty does
increase with Vs the increase Is far from proportional: this is a direct
consequence of the fact that ln(yt) enters the ¢ parameter with a large,
significant negative coefficient as you can see from table 9.1. The four
curves In figure 8.6 correspond to four classes of workers. The curve marked
with boxes corresponds to a 60 year old worker who is married, in good health
and working full-time. The curve marked with circles corresponds to a worker
vho is 88 and disabled and out of the labor force. The curve marked with
Lriangles corresponds to a worker who is 88, single, in health state ht=2’ and
is retired and receiving Social Security. The final curve, marked with x's,
corresponds to a 55 year man who is single, in health state h =2, and working

t
part-time.

10. ¥Modelling the retirement decision

The SSMER data allow me to determine exactly when a worker applys for and
receives OAS] benefits. In my oplnion, the only sensible and precise
definition of the concept of "retirement" is to define it in terms of
collection of OASI benefits. I used the SSMBR data set to construct the
control variable sS, defined in {2.2). Figure 10.1 summarizes this variable in
terms of the implied distribution of age of first receipt of O0ASDI. The
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distribution has a pronounced bimodal shape, with peaks =at the early
retirement age of 62 and at the normal retirement age of 85. Overall, over B0O%
of the sample retires between the ages of 62 toc B5. The distribution differs
significantly from a frequency distribution tabulated by Burtless and Moffitt
(1984) who used the RHS data, the instantaneous measure of labor force
participation IE, and a definition of ‘retirement" to be a sudden,
discontinous drop in labor supply to under 30 hours per week. Burtless and
Moffitt’s frequency distribution for the age of retirement is presented in
figure 10.2. My estimate of the retirement frequency distribution alsoc differs
signficantly from the estimate of Sueyoshi (1886), who also used the RHS but
sedopted an hours-of-work based definition of retirement and partial
retirement. Sueyoshi’'s estimate of the retirement age distribution is presented
in figure 10.3.The main difference between the "age of firsi receipt of 0OASDI™
definition of retirement and the hours of work definitiens is the pronocunced
peak of early retirees that shows up under the former definition. Apparently,
there a substantial fraciion of workers apply for OASI at age 62, but
continue working until age B5.. Only by separating the concepts of

"retirement” and "labor supply" will we be able to understand this behavior.
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The estimation results in the previocus sections of the paper suggest two
conclusions about the decision to retire and collect 0ASI: 1} workers who
retire and receive OASI eppear to be legs healihy than thelr counterparts who
continue to work, and 23 once a worker starts collecting OASI, he is
gsignificantly less likely to return to work on either a full or part-tine
basis. Analysis of the RHS data provide evidence of the role of self-selection
in the decision to collect OASDI; lesg healthy workers are more likely to quit
their Jjobs and retire early, even given the permanent 204 penalty for early
retirement. This may be rational behavior given the reduced life-expectancy of
unhealthy workers and the well-known fact that the OASI benefit structure is
not actuarially falr. A more complete analysis of these issues must await the
estimation of the DP model in the third part of this series.
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