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Abstract
Effect of Health Status on the Decision to Retire
with Corrections for Measurement Error
By

Kyung-Rae Hyun

Adviser: Professor Michael Grossman

Many studies on the relationship between labor supply and health status
generally do not illustrate a unanimous agreement on the usage of subjective and
objective health due to the difficulty in employing the right measures to obtain the
precise and up-to-date information on the health status of subjects in question.
Thereby, to resolve this quandary, we propose two models; the first model addresses
how a researcher could obtain more appropriate estimate in health measure with
measurement error; the other model examines whether probabilities questions within
and across waves could potentially result in another measurement error.

In the first model allowing to justification bias, we found the health and
financial compensation’ lower and upper bounds for labor force exit and in views of
bounds concept, health status plays a larger role in labor force exit than financial
compensation.

In the second model, we found that measurement error from survey effect has
an impact on the survival probability along with the measurement errors from an
inherent errors-in-variable bias by using two methods: the former employing the

averaged survival probabilities and the latter incorporating the instrumental variables.
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1. Introduction

Many studies for the relationship between labor supply and health status do
not have a unanimous agreement on the usage of subjective health because of the
difficulty of correct measures of health status. Considering the tripod relationship
among health, working hours, and leisure time taking up household production
function, the effect of labor supply is caused by either improvement or exacerbation
in health status. Financial circumstances covering post-retirement may also wield
significance influence on labor supply as well. It is doubtful whether proxy variable
of subjective health gives us a reasonable result in consideration of the correlation
between health status and financial compensation. The decision of labor force
participation for older persons could be more affected by the survival probability
recognized during the survey period than the subjective or objective health with
holding other factors constant. When the older age group is likely to leave the labor
market due to their health condition it is associated not only with financial factors but
also with observed health problems and unobserved subjective excuse for non-work.
Here it is also a point in question whether survival probability could be affected by
measurement error from survey sequence ordering’s change.

The first issue is measurement error from each health status such as
subjective or objective health and survival probability. There are questions whether
subjective health measure has a more accurate power in the relationship between
labor force exit and health status. It has been hypothesized that those who answer to

leave the labor market due to bad health condition do not provide an exact reason to

! An improvement by lowering stress or investing health care could make leisure and household time
increase while an exacerbation by feeling a tediousness after retirement could make leisure and
household time decrease.



leave the labor market. It’s justified as a simple acceptable excuse for non-work.
McGarry(2002) claimed that this phenomenon has been termed as “justification

bias™?

. The justification bias occurs to endogenous problem about health measure.
Generally respondents are also asked about subjective health status but there has
been controversy as to whether this measurement can be comparable across persons.
There may be unobserved differences across individuals that are correlated with
health status and labor market behavior ®. Non-comparable judgment across
individuals refers to measurement error that leads to underestimate the effect of
health on labor force exit, while the endogenous problem of subjective health
measure leads to overestimate the effect. Those biases of health measures could
produce negative or positive effect on the financial factors since they are correlated
with subjective health measure.

In the past, many economists have traditionally supported for the use of
objective health status, such as health conditions, activity limitation, or mortality”.
Although they have employed objective health indicators in lieu of their more
subjective equivalents, they have yet to provide concrete evidence as to why
employing the objective health measure would have more accurate assessment on the

labor force exit than the subjective health measure. Because they ignored errors-in-

variable bias from objective health as insignificant matter this phenomenon occurs.

2 McGarry(2002) said that although the justification bias is the most frequently cited problem, there
are another problems. Suppose that health measure is taken after retirement. This measure may be
poor proxies for health after retirement if health is affected by employment, or if bad health is the
result of unexpected illness. Nor is it clear that health measure prior to retirement is the appropriate
measure.

® Bound (1991) said that there is no reason to expect that subjective health judgment will be
comparable across individuals and respondents may not be independent of the labor market behavior.
* Anderson and Burkhauser (1984, 1985) used mortality information and Bartlet and Taubman (1979)
used the specific health condition and Chirikos and Nestel (1981, 1983) used activity limitation.



Because economists failed at demonstrating an unambiguous correlation between
objective health and all involved factors the current methodology suffers from its
inherent inaccuracy, and consequently, a certain amount of congenital error in
measurement of its variables. Comparatively speaking, there could be only one
inherent bias underestimating objective health in the regression and as long as the
correlation between objective health proxy and real health is not perfect, this bias
will affect any correlated coefficients such as the financial factors. However for
subjective health measures, since biases are able to work in the opposite direction
among each other, there is a possibility that these biases can be potentially canceled
out in some way.

Alternatively it seems possible that men rationalize retirement in view of the
expected survival probability®. Unlike the subjective health’s measurement error, the
expected survival probability might have only an inherent errors-in-variable bias
which underestimates the effect of health on labor force exit®. Hurd and McGarry
(1995) claimed that survival probability varies in a reasonable way with diseases
problems relating to longevity, socio-economic status and financial factors therefore,
it is a good variable of choice that relates to retirement decision, which potentially
allows us to control the element of heterogeneity in a given observation.

Here one may question how a researcher can procure more accurate estimates

in health measure associated with measurement error. Some economic studies have

® Hurd and McGarry(1995) suggested that the measures of expected probabilities in the Health and
Retirement Study(HRS) are good approximations to population probabilities. However, even if these
probabilities are internally consistent and covary with other variables, it is not clear in view of the
rapid change in mortality rates how much accurate they should be because researcher does not know
how respondents make their views about mortality risk.

® Survival probability is internally consistent. However to the extent that it is not, the researcher
should construct model that causes the inconsistency. This process surely includes measurement error
from errors-in-variable bias in the covariation with other variables.



found that when objective health measure is used’health has a smaller effect on labor
force participation than financial factors. However, they have ignored measurement
error in objective health by assuming that an inherent errors-in-variables bias of
objective health proxy is less than measurement error resulting from the endogenous
problem by the use of subjective health proxy. Other economic studies have argued
that subjective health was the reliable health indicator by empathizing the defect of
objective health measure. However, they have also ignored the fact that the
correlation between retirement decision and health proxies could produce another
unobserved measurement error®. Therefore, our goal is to realize how an analyst
could reliably compromise the immanent oversight of the instruments of all health
measures.

Another issue is whether survey sequence ordering’s change for a similar
question within or across waves has an effect on labor force decision. The fact that
all respondents might not have a logical and reasonable intuitiveness during survey
period within or across waves is likely to induce unobserved measurement error with
regards to survey sequence ordering. If there were a perfect correlation between
health and labor force decision an illogical survey response would overestimate (or
underestimate) our coefficients by a systematical unobserved bias. In Health and
Retirement Study (HRS) survey, there are two key questions related to survey
sequence ordering within or across waves “Thinking about work generally and not
just your present job, what do you think are the chances that you will be working

full-time after you reach age 62 or 65?” “What do you think are the chances that you

" See Anderson and Burkhauser (1984, 1985)
® Those out of work or non-worker are more likely to report bad health as the excuse for non-work
than current workers. This information gives rise to measurement error for misleading information.



will live to be 75 or 852", | denote the first query as pw62 or pw65 (probability work)
and the second as p/75 or p/85 (survival probability).

The Table 1 summarizes survey’s key question ordering. In wave (1), pw’s
questions were asked in employment section and then p/’s questions are followed in
the cognition section prior to questions about financial factors. In wave (2), pw and
pl’s questions were asked in the cognition section together but these questions are
reported between financial factors questions. The survey sequence ordering in wave
(3) has the same ordering as that in the wave (4). In wave (3) and (4), pw and p/’s
questions were asked in the expectation section together such as wave (2) but were
asked prior to questions about financial factors such as wave (1).

As long as respondents have interviewed continuously from the first survey
period they did not recognized a discrepancy in the survey sequence ordering within
or across waves. This fact could make a controversy about whether survey sequence
ordering could induce to overestimate (or underestimate) the survival probability of
labor force participation. If there were positive survey effect, our estimate of survival
probability on probability work would be overestimated; otherwise, it would be
underestimated. We could make an adjusted structural model to eliminate the survey
effect. If this adjusted model proves that there exists survey effect, it will be another
issue that researchers should not ignore along with measurement error.

We construct two statistical models in section 2. One is the labor force exit
model with justification bias and the other is the labor force participation model with

survey effect and then in section 3 and 4 we describe our data set from Health and

° On average, the expected probabilities will correctly predict some of the variation in outcomes in the
HRS. From the cross-section, the measures of expected probabilities in the HRS show a substantial
contribution to decision making under uncertainty.



Retirement Study (HRS) and results of our estimation. Finally, a brief conclusion

follows.



2. Econometric Model
1) Labor Force Exit Model with Justification Bias
The first model is based on Bound(1991)’s methodology. Suppose labor force
exit model of older persons in which retirement decision relies on the financial

compensation, w, and unobserved bad health status, #*:
r=aih’+ Bw+ & (1)

We can expect £ to be negative but o1 to be positive'. With regard to the
correlation between health and financial compensation we added the relationship

between explanatory variables:
w = azh *+ & (2)

where a is ambiguous®. We assume that #* is very weakly correlated with w
because labor market behaviors have impact on wage rate decisively.

Consider that the unobserved health, #*, consists of two factors. One is health
problems, /, which people thought, could threaten their future life and the other is
diseases problems, d, which are originally fatal components for older persons:

h'=l+d
where / and d are assumed to be uncorrelated with each other.
Now suppose subjective health status, #°, depends on the financial

compensation and unobserved bad health status:

1%In our results, we include demographic variables and retirement plans as explanatory variables.

1 1mplicitly, as long as larger value of #* is associated with bad health condition we could expect o
to be positive.

12 Generally we can say that o, is negative. If we assumed that ¢ is positive, since bad health causes
labor supply to decrease, this causality relationship also induces to decrease wage rate. Therefore we
can expect a, to be negative.



B =ozh”+ Bw + & (3)

As long as 4° approaches to worst health status a respondent is likely to report
himself reducing labor supply. The simultaneous relation between equations (1) and
(3) allows “justification bias” that those who report retirement because of failing
health are providing a socially acceptable excuse for non-worker rather than an
accurate description of retirement™®, We can expect «; to be positive but f; to be
ambiguous™. With allowance to justification bias for retirement, & and & will be
positively correlated. We assume that /#* is orthogonal to &; and &;.

Since #° is endogenous, we can regress reduced form with #° as dependent
variable and then derive the parameters from the estimated reduced form. We use #°
as proxy for 2* The OLS regression of the following two equations is the same

implication as the regression of reduced form for » and #°:

r =mw+u; (1)
W= mw+u; (3)°

where ;= 0{17/"',31, 3= a3y+ﬂ3 and u;= ayv+gr, uz3= azL +&;.
In the classical measurement error model using the reduced form equations, the OLS

estimates of ¢; and S, are™:
plim a; = Cov(uy, us) / Var(uz) and plim B;= plim z;— plim 7z plim a;

By normalization restriction that ¢ is equal to 1 and y= o«,, / 0%

13 See Kathleen McGarry (2002)

4 Suppose that we expect f3; to be negative, that is, those who are compensated more at the job are
likely to report themselves having better health status. There is higher possibility that those who have
a higher wage rate and report a better health are not likely to leave employment.

1> Our derivation is based on Bound(1991)’s methodology. See Bound(1991) and Newey (1987) and
Appendix 1.



plima;= (0610'20"‘ O10:3p) /(0'20"'0'233)

plim B;= B+ (a; —plim a; )(04+,/0°) —plim a;5;
where &, is related to the correlation between 4* and w , and p the correlation
between & and &;. The correlation between &; and &; induces bias from endogenous
problem in subjective health while variance in &; relating to the reliance of 4° on A4*
induces an inherent errors-in-variable bias. Bound said that the bias from endogenous
problem is called to simultaneity bias.

As long as the simultaneity bias will give rise to upward bias and the errors-
in-variable bias do to downward bias it could be possible to cancel out both biases in
the scale respect. However if #° approach to the true #*, the bias of «; would be
greater and substantial since o°,; disappears. The existence of simultaneity bias has a
similar implication of justification bias that prevents providing an accurate
information about retirement decision while the existence of errors-in-variable bias
has an opposite implication of justification bias in terms that the more reliable is
subjective health (the smaller is ¢°,;), the greater will be the bias of «;. The bias of g,
relies on «;’s measurement error and f;’s sign. Even though we estimate a perfect «;,
when «; has positive and f; has negative sign 4 would be overestimated™. If we
assume that #* is very weakly correlated with w £;’s sign is determined by estimate
of z3’s sign in reduced form because covariance o+, approaches to zero and then y

also approaches to zero’.

16 Usually when we construct different model with different explanatory variables we should not insist
s to be negative sign. Therefore the sign of S; depends on how analyst construct his(her) structural
model.

7 See Appendix 1.
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Now suppose the objective health, #°, depends on the health problems, I:
h’ =aqd+ g (4)

where g, is assumed to be uncorrelated with either &, &, or &;.

If » and /° have dichotomous variables and the objective health problem, 4°, and
survival probability, p/, which we will discuss in the later part are continuous
variables it is not possible to use #° and pl/ as a proxy for 2* or as an instrumental
variable for #2*. The approach to this problem is that we choose the estimation of the
reduced form parameters. When we use 4° or pl as a proxy for 2* we can make the

following reduced form equations:
h =mw+uy (4)
I-pl = wsw + u; (5)
where 7= a; 1, 5= asya +fs and uy= oyl +ey, us= asttes.
After regressing equation (1)’ and (4)’, we can derive the OLS estimates of «;and f;

from the reduced form regression with 7;, 7zyand u;, u,'®. Using 4° as proxy for A* in

the reduced form equations, the OLS estimates of «; and g, are:
plim a; = Cov(uy, u,) / Var(u,) and plim ;= plim z; — plim z, plim a;
By normalization restriction that « is equal to 1 and y = o;,,/6%,
plima;= a,06°; / (6 4+ )
plimB;= g+ al(ah*,w/ozw) — plim a1(o7,w/ozw)

where o is related to the correlation between / and w.

18 See Appendix 1.
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For a;, only the variance of &, o’ induces an inherent errors-in-variable bias that
made «; to be underestimated. For f;, even though errors-in-variable bias makes «;
be underestimated, controlling /#° with only / could reserve an omitted variable bias
on ;. Because of errors-in-variable bias and omitted variable bias we could not
make decision whether £, is overestimated or underestimated.

Suppose survival probability is p/, hence /-pl denotes mortal probability. To
explain our model easily, we use /-p/ as another health measure because subjective
and objective health denote bad health measures. Now suppose mortal probability, /-
pl, depends on diseases problems, 4, and the financial component, w:

I-pl = asd + Bsw + & (5)
where g5 is uncorrelated with g; and &;. We can expect «; to be positive and Ss to be
negative. It is the different point from equation (4) that /-p/ relies on diseases
problems and financial compensation while %° only relies on health problems.
Likewise /1°’s case, after regressing equation (1)’ and (5)’, we can derive the OLS
estimates of «;and S, from the reduced form regression with z;, 75 and u;, us The
OLS estimates of «; and g, are:
plim a; = Cov(uy, us) / Var(us) and plim B; = plim z; — plim z; plim a;
By normalization restriction that «;s is equal to 1 and y; = 6,4.,/6°%,

pllm a= CX]O‘?T / (021-+02£5)

pllm B;= ﬂ] + CZ](O'h*,”/OZW) —pllm a;{(ad,w/ozw)+ﬂ5}

where &, is related to the correlation between 4 and w.
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The existence of errors-in-variable bias induces «; to be underestimated. However
even though errors-in-variable bias makes «; be underestimated, controlling /-p/
with only d and w could leave an omitted variable bias on f;. Because of errors-in-
variable bias and omitted variable bias we could not make decision whether g; is
overestimated or underestimated.

To estimate «; and g, appropriately and decrease various biases from
measurement error we use the various proxies of #* as instrumental variables. Since
h' is correlated with &; it’s impossible to use /° as instrument variable for 4° or 1-pl.
However, it’s possible to use #° or I-pl to instrument for /* because ¢, and &5 are
uncorrelated with ;.. As we can see in the Appendix 1, we could obtain an identified
coefficient of subjective health by 2SLS in which employing objective health
problem proxy and mortal probability proxy as instrumental variables. The
followings are the estimates of subjective health proxy (#°) and financial
compensation (w) after subjective health proxy is instrumented for objective health
problem proxy or mortal probability proxy (#° or 1-pl).

After normalizing «; to equal to 1,

pllm anv=a;

plim B, = B - oy 5
By processing an instrument variables method, «; can be identified but g; is still
overestimated (or underestimated) depending on the signs of «; and f;. When we

summarize the above results we can produce the following judgment conditions to

find more appropriate estimates:



13

Condition (i) After using various proxies for the true health and comparing subjective
health proxy with that in IV method by accepting objective health problem proxy and
mortal probability proxy as valid instrumental variables, as long as we confirm that
a; of subjective health proxy is overestimated in OLS regression with positive sign
of S, that is 0 < a; < plim a; with B > 0, £, might be underestimated in OLS
regression. If f; has a negative sign, we will not confirm that g, is either
overestimated or underestimated. Therefore, when we face this first condition we can
get more appropriate estimates by finding a smaller value of «; than an upper bound

of OLS regression and a larger value of g; than a lower bound of OLS regression.

Condition (ii) After using various proxies for the true health and comparing subjective
health proxy with that in IV method by accepting objective health problem proxy and
mortal probability proxy as valid instrumental variables, as long as we confirm that «; of
subjective health proxy is underestimated in OLS regression with negative sign of f;,
that is, 0 < plim a; < a; with £; <0, £, might be overestimated. If 3; has a positive sign,
we will not confirm that f; is either overestimated or underestimated in OLS regression.
Therefore, when we face this second condition we can get more appropriate estimates by
finding a larger value of «; than a lower bound of OLS regression and a smaller value of

S than an upper bound of OLS regression.

For subjective health, sometimes without further information the parameters
of the structural model are not identified since subjective health is correlated with

financial compensation and error term. Therefore, to identify subjective health we
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need another proxy variable for #* as much as possible. In other words, if we have
additional variables that are redundant in the structural model and they are utilized as
instrumental variables for %’ these additional variables help produce the consistent
estimates'®. If » and /* are binary variables this case is different from the instrumental
variables method using the various proxies of /" as instrumental variables. Since a
binary endogenous explanatory variable(4") exists in the discrete response models we
have the four possible outcomes of (r, 4°). We derive log-likelihood function for

maximum likelihood analysis to find estimates of «; ,£;, and £; in Appendix 2.

2) Labor Force Participation Model with Survey Effect

The second model is based on Ashenfelter and Krueger(1994)’s methodology.
We constructed the first model in which survival probability has measurement error
from an inherent errors-in-variables bias that underestimates the coefficient. Multiple
measures for survival probability and probability work within and across waves can
assess survey effect relating to survey’s sequence ordering.
Suppose V; = pl; — pl; (i= 75,85 and j = wave 1,2 or wave 3,4) where pZ; refers to
observed measure of survival probability to live to be 75 (or 85) years old as reported
at j th wave and pl; is the true and unobserved survival probability and V/; is
measurement errors which are uncorrelated with p/; and with each other. Therefore
the correlation between pl’; and pl’; (or pI; and pl*) is the ratio to how much pZ;

depends on pl,.

19 See Griliches and Mason (1972).
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Now we assume that there is no distinction between survival probabilities
within or across waves and there is no distinction between probability work and
survival probability within or across waves. That is,
Corr [pl'75, pl’75]1 = Corr [pl'ss, pl°75] and Corr [pl’7s, plss] = Corr [pl'ss, pFss],
Corr [pw62, pi';s] = Corr [pw65, pl’ss] and Corr [pw62, pl*;5] = Corr [pw65, pFss]
where pw62 and pw65 are defined as probability work after 62 years old (or 65).

Considering the cross equation restriction on the parameters:

pwb2 = aX + fplys+ u+ &
where X is observable components which varies across respondents and pl;s is
unobservable variable and g is unobserved variable affected by survey effect from
survey sequence ordering within or across waves, and & is unobservable error. When
we plug v, = p?; — pl; into the above equation:
pwb2=oX+ fplss — pVrs+u+ra (1)

We assume that & is uncorrelated with v/,5 but /5 is correlated with pZ;s. Since we
assumed that there is no distinction between probability work and survival
probability within or across waves, it is possible to assume that unobserved
variable(x) affected by survey effect from survey sequence ordering in the
relationship between pw62 and p?;s in the equation (1) is identical with that in the
relationship between pw65 and plgs. This assumption enables us to make the

following equation.

pwb5 = aX + fplgs — fVss + u+ & (2)
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The above process implies that those two equations are identical for each
respondent and that he (or she) has the same survey sequence ordering effect within
or across waves. In the classical errors-in-variable model, OLS estimate of £ in
equation (1) will be attenuated because of an inherent errors-in-variable bias and
omitted variable bias ignoring survey effect from survey sequence ordering®:

plim Bors= B{L — [P 75! (Pjrs+ O pirs)]}

where &’,;5 is the variance of the true survival probability and o’vj75 is the variance
of measurement error in survival probabilities. The inherent errors-in-variable bias of
survival probability makes the estimate to be underestimated. If those who have a
high probability work are more likely to report a higher survival probability it could
be that there exists a positive survey effect. Also as long as there exists a positive
survey effect, the coefficient of survival probability will be overestimated. Because
errors-in-variable bias tending to underestimate could be canceled out by a positive
survey effect tending to overestimate it has possibility that the estimate of g
approached to the true value by an action of cancellation.

Now we assume that p/;and u are uncorrelated with .X. Therefore we can get
the following equation that represents the general correlations between survival

probabilities and unobserved variable affected by survey sequence ordering:
L= plss+ plss+ & (3)
where y means survey effect occurring in the correlation between survival

probabilities and probability work within or across waves. By substituting equation

(3) into (1), we can obtain the following equation.

% see Appendix 3 for derivation.
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pwb2 = aX + (ﬂ+}bpli75+ }pliss—ﬂlj75+ &’ (4)

where g’ = g + &.
As long as equation (1) is identical for each respondent and survival probability is
uncorrelated with other observable variables, we enable survival probability at
different ages to enter into this equation. That is, pZssis added in equation (4) newly.
As we include pZgs we control survey effect by removing omitted variable bias in
equation (1). If there exists a positive survey effect the estimate of £ in equation (1)
has larger value than the estimate of £ in equation (4) because £ in equation (1) is
not controlled from survey effect a downward bias from errors-in-variable could be
canceled out by an upward bias from a positive survey effect.

Now consider the difference between equations (1) and (2) to eliminate the

survey effect.
pW62-pW65 = ﬂ(pli75 'pli85) —ﬂ ( 1j75 - lj35) + (81'82) (5)
In the classical errors-in-variable model, the general fixed-effect estimate of g will be

more attenuated than the OLS estimate because of the correlation between true

survival probabilities within waves, (1-pp,)21:

plim Brg= B(L— {75! [ 75+ O prs(L-p) 1)
where p,; is the correlation between true survival probabilities within and across
waves.
As method to reduce measurement error from errors-in-variable bias and

survey effect from omitted variable bias we will use two methods. One is to use

21 see Appendix 3 for derivation.
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averaged survival probabilities across waves and the other is to use instrumental
variables®.

First, we use averaged survival probabilities across waves, that is, we will use
(pl'75 +pl73)12, (pl'ss +plss)2, {(pl'7s +pl75)—(pl'ss +plss)}?2 for each survival
probability in equation (1), (4), and (5). Krueger claimed that this procedure reduces
inherent errors-in-variable bias and omitted variable bias by making a modified OLS
and fixed-effect model. Krueger said that all estimates of averaged survival
probability is less underestimated by a fraction of total variance, 2%, and the
correlation between survival probabilities within and across wave, (1-p,;) than the
estimates of OLS and fixed-effect respectively. When we compare OLS and fixed-
effect estimates of £ with the averaged OLS and fixed-effect estimates of g, the
averaged OLS and fixed-effect estimates of S will always have larger values because
of total variance and correlation between survival probabilities within and across
wave, that is plim B,y¢ > plim B.

Secondly, we will use the instrumental variables to reduce measurement error
and survey effect. Previously we assumed that measurement errors of survival
probabilities across waves are uncorrelated with each other. Since we have multiple
survival probabilities across waves the corresponding survival probability(p/75) in
wave (2) is used as instrumental variables for p/75 in wave (1) and survival
probability(p/75) in wave (4) is used as instrumental variables for pl75 in wave (3).

If our result is that survey effect, 5, has negative sign, it implies that £ in

equation (1) produces serious underestimation because of downward bias from

22 See Alan Krueger (1994)
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errors-in-variable as well as a negative survey effect. Therefore, OLS estimate of Zin
equation (1) neglecting omitted variable bias has smaller value than OLS estimate of
£ in equation (4) adding survey effect. To confirm this result we will use averaged
survival probabilities and instrumental variable method. If the estimates of g from
averaged method are larger than the corresponding estimates in OLS and fixed-effect
from equation (1), (4), and (5) this result addresses further proof that Zin equation (1)
is seriously underestimated by errors-in-variable bias and survey effect because there
does not exist any action to cancellation from biases. However, if we agree the
corresponding survival probabilities in wave (2) and (4) as valid instruments and
there exists negative survey effect and then IV estimate of £ is much larger than OLS
estimate, we could not confirm whether estimate of £ in equation (1) is more
seriously underestimated by negative survey effect or is more seriously
underestimated by errors-in-variable bias.

Contrary, if our result is that survey effect, y, has positive sign, it implies that
because downward bias from errors-in-variable could be canceled out by upward bias
from survey effect OLS estimate of £ in equation (1) has larger value than OLS
estimate in equation (4). Therefore, it has possibility that IV estimate has a similar
value to OLS estimate by those two biases working in opposite direction. The fact
that IV estimate has a similar value to OLS estimate provides whether estimate of g
in equation (1) is more seriously overestimated by positive survey effect or is more
seriously underestimated by errors-in-variable bias. This implication could be
induced by checking a method to use averaged survival probability to reduce

measurement error and survey effect.
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3. Data

We used data from the Health and Retirement Study (HRS). The HRS is
nationally representative longitudinal study that focuses on persons born in the years
1931 to 1941. It is the biennial survey in which contains information about wage, job
characteristics, retirement plan, labor market behavior, demographic information and
detailed health measures®. The initial wave of interviews took place in 1992 and the
second wave followed in 1994 and thereafter. Since our focus is on the effect of
measurement error from health status and survey effect from survey sequence
ordering within or across waves we used wave (1) and wave (3) data. The wave (1)
consists of 12,652 observations and the wave (3) 10,964. We limited our samples to
age eligible persons between 50 and 61 years old®. With age restriction 2544
observations were dropped in wave (1) and 4410 in wave (3).

In wave (1) respondents were asked to answer probability on a scale of 0 to
10. The scale is expanded to run from 0 to 100 thereafter. Thus, there is likely to be
some error across waves and we adjust to the rescaling between 0 and 1. As long as
the rescaling is uncorrelated with other independent variables in the model, it will
have negligible effect on our results.

In the first model, we use retirement decision as labor force exit variable.
Since respondents answered “question not relevant” if they do not presently work for
pay or are a home-worker, or have not worked for ten or more years, “completely

retired” is referred to be equivalent to “question not relevant”. \We made a

2% See Juster and Suzman (1995) and http://hrsonline.isr.umich.edu

2 Age restriction rules out Social Security early retirement benefits effect. Social Security early
retirement benefits are one important source to retiree’s income that could enable some 62 — 64 years
old to reduce labor supply prior to age 65 at which they can have Social Security normal retirement
benefits.
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dichotomous labor force exit variable in the way that categorizes “completely
retired” and “question not relevant” as retirement status (Retire=1). HRS data
include various health problem variables like asthma, back or leg pain, kidney,
cholesterol, headache, etc and also various diseases problems like hypertension,
diabetes, cancer, lung, stroke told by doctors. We made a dichotomous subjective
health variable in the way that categorizes “fair” and “poor” among five level
answers as bad health status (Bad=1). For retirement decision, various health
condition, and demographic variables, 2871 missing data were dropped in wave (1)
and 2052 in wave (3). Because only current workers respond to wage question, the
last job or the previous wave’s wage rate was replaced for retirees or non-
respondents. 1088 missing data in wage variables were dropped in wave (1) and 635
in wave (3). HRS data include various information relating to retirement plans like
employer-provided health insurance (EPHI), life insurance, private insurance, and so
on. If those variables prognosticate the prospective preferences of risk among
respondents they have an important meaning in the labor force exit®. For retirement
plans, 78 missing data were dropped in wave (1) and 331 in wave (3). Finally 8247
sampling data were collected in wave (1) and 4806 in wave (3). Here, 485
respondents were added newly into wave (3) because of the time difference(temporal

gap) between waves®®.

% A risk-averse individual is more likely to place a higher value on health insurance. If such an
individual recognized that he lost his EPHI upon leaving the labor force, then he would be more likely
to remain longer with his employer than he would. In contrast, an individual who lost their health
insurance upon retiring could try to buy a private health insurance. However, since such insurances
require much higher premiums for a given level of coverage than EPHI a private health insurance is
not good retirement plan for some older persons who want to build a successful retirement plan.

% For example, 61 years old in wave (1) who is eligible in our sample become 65 years old when
he(she) interviews again in wave (3), but he(she) will be excluded in our sample of wave (3) by age
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In the second model, to avoid occurrence of justification bias that prevents
collecting the correct information for non-workers, we limited to current workers
among age eligible persons. To detect survey effect from survey sequence ordering,
survival probability variables in wave (2) or wave (4) were also used with those
corresponding variables in wave (1) or wave (3). Thus 4902 observations in wave (1)
and 4353 in wave (3) were dropped. HRS reports two pension plans; one is defined
benefits (DB) and the other is defined contributions (DC)?'. Some pension plans
allow retirement at an early age, usually with reduced benefits. Pensions have
complicated effects on the incentives that encourage workers to remain in
employment for some period (substitution effect) or to leave the current job at earlier
age than normal retirement age (income effect)®®. HRS defines that most pension
plans have a normal retirement age at which full benefits could be received and
pension incentives are more powerful in defined benefits plan. Since pension has a
complicated impact on labor force participation we included each pension plan and a
combined plan in our model. Also we included various job requirement variables.
Finally, 4973 sampling data were collected in wave (1) and 1850 in wave (3). For
more description of data, refer to Appendix 4.

Table 2 shows the means and standard error of several variables. In the
sample (1), the mean of retirement is high in wave (3). The reason of a high percent

of retirement in wave (3) could be described intuitively in that the high wage rate

restriction. In contrast, 46 years old in wave (1) who is not eligible in our sample become 50 years old
when he(she) interviews again in wave (3), and he(she) will be included in the sample of wave (3).

°" Defined benefits are usually based on a formula involving age, years of service, and salary. Defined
contributions are based on money accumulated in an account for workers.

%8 Christopher J. Ruhm (1994) said that most defined pension plans encourage early retirement,
typically prior to age 65.
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corresponds to the high labor supply, that is, the low wage rate corresponds to the
high retirement and the high age corresponds to the high retirement. The mean of
mortal probability(/-pl75) is same in both waves but the means of subjective health
and health problems are a little high in wave (1). Usually the high wage rate might
cause person to report a low mortal probability and subjective health (bad=1) and
health problems. However, mortal probability is the same in both waves and
subjective health and health problems are higher in wave (1). It is implied that if
wage plays much a greater role in retirement decision than health status, this
phenomenon of health measures could be neglected; otherwise there exists
measurement error in all health variables.

In the sample (2), the high wage rate corresponds to the high probability work
in wave (3) but there is almost same survival probability in both waves. Defined
benefits and defined contributions have a higher percentage in wave (1). We should
notice that both waves have almost same mean of survival probabilities but
probability work in wave (1) is much lower than wave (3). If this disparity stems
from survey effect we could describe this phenomenon by using the classical errors-

in-variable model.
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4. Results

The results of the first model are Table 3 to Table 7 and the results of the
second model are Table 8 to Table 10. Table 3 is the result of regression using the
reduced form and shows the effect on retirement decision, objective health(%°),
subjective health(%"), and mortal probability to age 75(/-pl75) respectively. In here,
objective health is the total number of health problems. Therefore, objective health
and mortal probability are continuous variables while retirement decision and
subjective health are dichotomous variables with 1’s representing labor force exit and
bad health status respectively. The wage has much smaller effect on retirement
decision than other explanatory variables in wave (1). The positive sign of wage
means that those who are compensated in the work place are likely to retire and to
report bad health in wave (1). However, the negative sign of wage in wave (3) means
that they are not likely to retire and to report bad health. The fact that wage has
different sign on retirement decision suggests that measurement error from health
status causes to have influence on wage. Here we could predict £;’s sign showing the
relationship between wage and subjective health. Column (3) and (3)’ show £;’s sign.
Since wage in wave (1) has a different sign from wave (3) we would apply our two
judgment conditions. The estimates shown in Table 3 are the basis of our health
proxy estimation in Table 6.

Table 4 reports correlations across equations after regression of the reduced
form model in Table 3. All correlations are positive and strong relationship except
the correlation between retirement decision and mortal probability in both waves.

The fact that they have a positive small correlation comparatively can propose
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implicitly that the diseases problems relating to longevity could be the less
threatening components for retirement decision than health problems in HRS. The
cross equation correlation pattern in wave (3) is a little higher.

Table 5 shows estimations of the various health measures. The wage in wave
(1) has positive sign, but exerts much smaller effect than health measures while wage
effect in wave (3) has negative sign, but larger than health measure. The fact that
wage has small value in wave (1) implies that there exists a possibility that bias of
endogenous problem or inherent errors-in-variable bias from health measure could
have influence on wage variable. Social security encourages older persons to retire
early while there is negative effect on retirement for EPHI, private health insurance,
and life insurance. We should notice that the log-likelihood statistics have a small
difference in wave (3). This means that the effect of each health status on labor force
exit could not be ignored.

Table 6 and table 7 show the various estimations of subjective and objective
health problem proxy and mortal probability proxy based on Table 3 and Table 5.
The column (1) of both tables is the estimation without health measure. The column
(2), (3) and (4) are results that use various health measures as the proxies for the true
health. Here, objective health, #°, is the number of health problem. As we said
previously we would use the sign of wage rate in Table 3 as f;’s sign. f; is positive
in wave (1) but is negative in wave (3).

Table 6 shows the results of labor force exit in wave (1). In wave (1), the
estimate of subjective health proxy in column (3) has smaller value than that of

objective health problem proxy in column (2) and has larger value than that of mortal
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probability proxy in the column (4). Remember that the estimate of subjective health
proxy has simultaneity bias inducing to overestimate and errors-in-variable bias
inducing to underestimate together, and that objective health problem proxy and
mortal probability proxy have only errors-in-variables bias. The column (5) and (6)
are reporting the use of objective health problems proxy and mortal probability proxy
as instrumental variables respectively. The health coefficients (0.455, 0.278) of
column (5) and (6) do not have larger values than that (0.686) of column (3). If we
accept objective health problems proxy and mortal probability proxy as the
reasonable instrumental variables the estimate of subjective health proxy, «;, in
column (3) is producing overestimate in OLS regression. As we said model section, it
is implied that because «; is overestimated subjective health could be more affected
by simultaneity bias from endogenous problem than inherent errors-in-variable bias.
By following condition (i) we could predict that 3;, estimate of wage in column (3),
might be underestimated in OLS regression. We note that if we use 1V method
subjective health, «; is identified but wage, £, is underestimated when f; is positive.
Compare wage estimate, £; in column (3) with column (5) and (6). Because wage
estimate, 4, in column (3) is underestimated and larger than column (5) and (6), it is
implied that the estimate of £; in column (3) gives us a more appropriate lower bound
for wage.

Table 7 shows the results of labor force exit in wave (3). In wave (3), wage
has negative sign and we proposed f; to be negative. The health coefficients (0.720,
0.649) of column (5) and column (6) have larger value than that (0.605) of column (3)

unlike wave (1)’s case. If we accept proxy of objective health problem and proxy of



27

mortal probability as valid instrumental variables the estimate of subjective health
proxy, a;, in column (3) should be underestimated and S, be overestimated when f;
is negative by following condition (ii). Our result implied that because «; in column
(3) is underestimated subjective health could be more affected by inherent errors-in-
variable bias than simultaneity bias and because f; in column (3) is smaller than
column (5) and (6) the estimate of £, in column (3) gives us a more appropriate upper
bound for wage. By deduction it is implied that our choice of instrumental variables
is reasonable. Also we could address that the fact that wage of column (3) seems to
have a big impact on retirement decision in OLS regression does not rule out a
possibility that measurement error from subjective health has a more correlated effect
on wage. In other words, we could not rule out that as long as the simultaneity bias
will give rise to upward bias and errors-in-variable bias to downward bias both biases
could be cancelled out in OLS regression.

In brief, because of problem occurring measurement error we could provide a
lower or upper bound for health and wage variables. Suppose that our conditions are
satisfied. When g; > 0 in wave (1), the estimate of subjective health in column (3)
makes an upper bound for health measure and a lower bound for wage in
conventional OLS regression while when f£; < 0 in wave (3), the estimate of
subjective health in column (3) makes a lower bound for health measure and an
upper bound for wage.

Now we will mention another measurement error in the second model’s result.
The second model’s results will be explained from Table 8. Table 8 shows the

correlation between the probability work and survival probability. We make sure that
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the independent measures of survival probability show a similar correlated
relationship in both waves. We make sure again that the probability work and
survival probability are weakly correlated, however, they are more highly correlated
in wave (3). The measured variance between 48 and 56 percent in survival
probability stems from measurement error in wave (1) while the measured variance
between 45 and 54 percent stems from in wave (3). Because both waves have a
similar percentage we can expect that they will have the same survey effect sign.
Table 9 shows the estimates of the effect of survival probability on
probability work in wave (1). Column (1) shows OLS estimation for equation (1).
Column (1) explains that 10% increase of survival probability causes to increase
1.5% of probability work. Wage effects are small while pension and union have a
great impact on labor force participation. As we explained in the previous section the
defined benefits have a powerful negative effect on labor force participation, that is,
pension’s income effect that encourages leaving the work place at the early age
dominates substitution effect in our sample. The result of column (2) on the Table 9
corresponds to OLS estimation of equation (4) controlling survey effect. The
coefficient of p/85 is a measure of the survey effect,  and has a positive sign.
Because there exist positive survey effect(0.683) as long as downward bias from
errors-in-variable could be canceled out by upward bias from survey effect, OLS
estimate of £ (p/) in column (1) has larger value than column (2). Column (3) shows
the general fixed-effect result that eliminates survey effect. Because plim Bgx is more
attenuated than plim Bo.s the general fixed-effect’s estimate of survival probability

has a smaller value than OLS estimate in column (1) or (2). If we have a consistent



29

and acceptable result from the instrumental variables method to reduce measurement
error and survey effect we could confirm whether the estimate of OLS estimates
could be overestimated or underestimated. Column (4) and (5) are showing the
results using survival probability, p/, in wave (2) and the first difference between
wave (1) and (2) as the instrumental variables. Both coefficients of survival
probability(p/75) in the column (4) and (5) have much larger values than that in
column (1). If we accept the instrumental variables method as the valid estimation,
the fact that IV estimates have much larger values than OLS estimates provides
downward bias from errors-in-variable works more seriously than upward bias from
survey effect. Column (6), (7), and (8) show the averaged survival probability
method to reduce measurement error and survey effect. All estimates of averaged
survival probability have larger values than the corresponding estimates in the
column (1), (2), and (3). This result gives further evidence that errors-in-variable bias
is making a more serious downward bias than upward bias from survey effect in OLS
regression.

Table 10 shows the estimates of the effect of survival probability on
probability work in wave (3). Wage has a very small effect while defined benefits
have a strong income effect. Likewise wave (1), there exists positive survey effect.
Because column (1) does not control survey effect g of column (1) has larger value
than g of column (2), (3). The fact that all estimates of the averaged survival
probability in column (6), (7), and (8) have larger values than the corresponding
estimates in the column (1), (2), and (3), provides evidence that downward bias from

errors-in-variable bias is canceled out by upward bias from survey effect in OLS
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regression. Both coefficients of survival probability in column (4) and (5) using
instrumental variables have a little larger values than the estimate of column (1). If
we accept survival probability, p/, in wave (4) and the first difference from wave (4)
as the acceptable instrumental variables there is a different result from wave (1).
Remember that the positive survey effect overestimates but errors-in-variable bias
underestimates our results. The coefficients of p/75 in column (4) and (5) have a little
larger values than that of p/75 in column (1). However, in wave (1) of the table 8, the
coefficients of p/75 in column (4) and (5) have a great lager values. This means that
in wave (3), upward bias from survey effect and downward bias from errors-in-
variable could be well-balanced and canceled out in the view of quantity, while in
wave (1), those biases could be unbalanced and canceled out. Therefore in some way,
bias from survey effect is the non-ignorable component for researchers as well as

bias from measurement error.
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5. Conclusion

Many studies for the relationship between labor supply and health status do
not have a unanimous agreement on the usage of subjective health because of the
difficulty of correct measures of health status. Alternatively, many researchers have
employed the objective health measure and it was suggested by some of them that
financial compensation plays a greater role in labor supply than does the subjective
health. However, they have assumed previously that the errors-in-variable bias of
objective health is not large. Thus, this bias can be ignored in the relationship
between labor supply and health status. Although there is a reliable objective health
measure we will face the identification problem of other coefficients.

In our research we added mortal probability as well as subjective and
objective health and structured that mortal probability variable has an inherent errors-
in-variable bias in the way that the objective health does. To approach true health
status we used objective health problem proxy and mortal probability proxy as
instrumental variables for subjective health proxy and then made two judgment
conditions in which we could find more appropriate estimates. Considering health
proxies and instrumental variables method, our results provide us more appropriate
health measure. The disparities of results in wave (1) and wave (3) provide lower and
upper bounds to health and wage for the labor force exit. In views of these measured
bounds for health and wage, we can confirm that health plays a larger role in the
labor force exit than wage.

In the second model, our research is whether probability questions(probability

work and survival probability) within and across waves cause another measurement



32

error. The fact that in HRS, wave (1) and (2)’s survey sequence ordering has a little
different ordering system each other while wave (3) and (4)’s ordering has the same
ordering system each other enables us make a controversy about unobserved
measurement error. We constructed the classical errors-in-variable model with cross
equation restriction on the parameters and then applied a first difference model to
describe measurement errors and survey effect. We found that survey effect for the
survival probability exists in both waves by using two methods, one is to use
averaged survival probabilities and the other is to use instrumental variables.
However, the possibility that survey effect and errors-in-variable bias are well-
balanced and canceled out, or they are unbalanced and canceled out suggests that

survey effect is not a negligible component in the further researches.



Table 1 : Survey Sequence Ordering of Key Questions in HRS
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Wave 1

Wave 2

Wave 3

Wave 4

Section
Title

Demographics

Demographics

Demographics

Demographics

Health Health Health Health
Employment (pw) Employment Employment Employment
Cognition (p/) Net Worth Expectation (pw/pl) | Expectation (pw/pl)
Net Worth Cognition (pw/pl) Net Worth Net Worth

Income Income Income Income

Health Insurance

Health Insurance

Health Insurance

Health Insurance

* Expectation Section’s questionnaires in wave (3) and wave (4) have the same as Cognition’s
guestionnaires in wave (1) and wave (2).
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Sample 1 (Labor Force Exit)

Sample 2 (Labor Force Participation)

Wave 1 Wave 3 Wave 1 Wave 3

Dependent Mean S.E. Mean S.E. Mean S.E. Mean S.E.
Retire 0.18 0.39 0.24 0.43
Pw62 0.47 0.39 0.64 0.32
Pw65 0.25 0.33 0.34 0.34
Health
Subjective Health | 0.21 0.40 0.19 0.40
1-PI75 0.35 0.30 0.35 0.30
PIT5 0.69 0.27 0.70 0.24
PI85 0.46 0.31 0.47 0.30
Health Problem # 1.39 1.36 1.02 1.42
Asthma 0.06 0.24 0.10 0.30
Back 0.34 0.47 0.31 0.46
Legs 0.35 0.48 0.14 0.35
Kidney 0.10 0.30
Stomach 0.09 0.29
Cholesterol 0.24 0.43
Breath 0.13 0.33
Dizziness 0.08 0.28
Headache 0.11 0.31
Fatigue 0.15 0.36
Financial
Wage 10.83 42.84 8.62 73.06 4.05 43.79 5.08 111.48
Demographic
Age 55.59 3.26 57.12 271 55.31 3.23 56.82 2.77
Sex 0.47 0.45 0.41 0.49 0.49 0.50 0.46 0.50
Race 0.73 0.44 0.81 0.39 0.78 0.42 0.85 0.36
Education 12.27 3.09 12.59 2.83 12.81 2.82 13.25 2.62
Married 0.74 0.44 0.74 0.44 0.75 0.43 0.73 0.44
Retirement Plan
SS 0.08 0.27 0.13 0.33
Federal HI 0.14 0.35 0.89 0.31
Medicare 0.06 0.24 0.07 0.25
EPHI 0.73 0.44 0.72 0.45
Private HI 0.16 0.37 0.19 0.39
Life Insurance 0.76 0.43 0.78 0.41
Job/Requirement
Union 0.23 0.42 0.04 0.20
DB 0.45 0.50 0.25 0.43
DC 0.24 0.42 0.18 0.38
DB+DC 0.03 0.17 0.04 0.19
Physical Effort 0.38 0.48 0.10 0.30
Heavy Lifting 0.15 0.36 0.04 0.18
Stooping 0.25 0.43 0.07 0.25
Good Eyesight 0.89 0.32 0.28 0.45
Attention 0.84 0.36 0.26 0.44
People Skill 0.87 0.33 0.27 0.44
Computer 0.30 0.50
Analyzing 0.42 0.49
Keep up with 0.54 0.50
Repetition 0.63 0.48
Learning 0.51 0.50

Size 8247 4806 4973 1850
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Table 3 : Regression using Reduced Form

Wave 1 Wave 3
Dependent Retire h° h® 1-PI75 Retire h° h® 1-PI75
ey 2 3 4 @ @y @) 4y
Wage 0.009*** 0.002*** 0.002*** 0.000 -0.626***  -0.000 -0.118***  0.000
(0.000) (0.000) (0.000) (0.000) (0.032) (0.000) (0.026) (0.000)
Age 0.067*** 0.008* 0.011** -0.002* 0.068*** -0.012 0.000 -0.001
(0.006) (0.004) (0.005) (0.001) (0.009) (0.007) (0.009) (0.002)
Sex -0.194%**  .0.133***  0.066* 0.050*** | -0.096* -0.217***  0.042 0.043%**
(0.036) (0.029) (0.035) (0.007) (0.050) (0.041) (0.049) (0.009)
Race 0.042 0.087** -0.195***  0.028*** 0.031 -0.012 -0.141** 0.028**
(0.042) (0.034) (0.039) (0.008) (0.061) (0.051) (0.057) (0.011)
Education -0.003 -0.058***  -0.079***  -0.014*** | 0.004 -0.075***  -0.089***  -0.015***
(0.006) (0.005) (0.006) (0.001) (0.009) (0.007) (0.009) (0.002)
Married 0.231%** -0.223***  -0.131***  -0.014* 0.271%** -0.159***  -0.080 -0.009
(0.045) (0.035) (0.041) (0.008) (0.057) (0.047) (0.054) (0.010)
SS 0.560*** 0.391*** 0.431%** 0.045*** 0.369*** 0.191*** 0.228*** 0.043***
(0.073) (0.072) (0.074) (0.016) (0.070) (0.066) (0.072) (0.014)
Federal HI 0.582***  0.424***  0.434***  (0.022% 0.515%**  0.205** 0.128 0.019
(0.060) (0.055) (0.060) (0.012) (0.091) (0.083) (0.089) (0.018)
Medicare -0.001 0.247***  0.047 0.033 1.196%**  1.028%**  1.024%**  (.118%**
(0.093) (0.089) (0.093) (0.020) (0.108) (0.092) (0.095) (0.020)
EPHI -0.227*%**  -0.182***  -0.196***  -0.018** -0.331*%**  -0.347***  -0.266***  -0.015
(0.046) (0.038) (0.043) (0.009) (0.069) (0.062) (0.070) (0.014)
Private HI -0.240***  -0.094** -0.086* -0.010 -0.156** -0.136** -0.061 -0.025**
(0.052) (0.040) (0.049) (0.009) (0.066) (0.055) (0.066) (0.012)
Life Insurance -0.156***  -0.061* -0.060 -0.014* -0.246***  -0.206***  -0.245***  -0.027**
(0.043) (0.036) (0.041) (0.008) (0.055) (0.050) (0.055) (0.011)
Size 8247 4806

*** denotes significance at the 1 percent level
** denotes significance at the 5 percent level
* denotes significance at the 10 percent level

note that $3>0 in wave (1) and $3<0 in wave (3)



Table 4 : Correlations of Reduced Form Regression
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Wave 1 Wave 3
Retire h° h® 1-PI75 Retire h° hs 1-PI75
Retire 1.000 1.000
h° 0.790 1.000 0.716 1.000
hs 0.707 0.916 1.000 0.742 0.954 1.000
1-PI75 0.494 0.757 0.829 1.000 0.568 0.825 0.879 1.000




Table 5: Labor Force Exit using Proxy Variable of Health

Wave 1 Wave 3
) (2 3) @ 2 ()
Subjective Health | 0.686*** 0.605***
(0.043) (0.058)
1-PI75 0.322*** 0.310***
(0.059) (0.076)
Asthma 0.174** -0.016
(0.069) (0.081)
Back 0.179*** 0.136***
(0.039) (0.052)
Legs 0.223*** 0.099
(0.040) (0.068)
Kidney 0.249***
(0.056)
Stomach 0.154***
(0.059)
Cholesterol 0.125%**
(0.041)
Breath 0.213***
(0.077)
Dizziness 0.201**
(0.086)
Headache 0.007
(0.075)
Fatigue 0.279***
(0.070)
Wage 0.008*** 0.009*** 0.009*** -0.605*** -0.607*** -0.621%**
(0.000) (0.000) (0.000) (0.032) (0.032) (0.032)
Age 0.069*** 0.068*** 0.068*** 0.072*** 0.072*** 0.068***
(0.006) (0.006) (0.006) (0.009) (0.009) (0.009)
Sex -0.221%** -0.167*** -0.212%** -0.120** -0.084* -0.110**
(0.037) (0.037) (0.037) (0.051) (0.051) (0.050)
Race 0.090** 0.019 0.030 0.067 0.029 0.020
(0.044) (0.043) (0.043) (0.063) (0.062) (0.062)
Education 0.015** 0.006 0.002 0.022** 0.016* 0.010
(0.007) (0.007) (0.007) (0.009) (0.009) (0.009)
Married 0.288*** 0.279*** 0.235*** 0.303*** 0.312%** 0.279***
(0.046) (0.046) (0.045) (0.058) (0.058) (0.057)
SS 0.486*** 0.528*** 0.550%** 0.337*** 0.349*** 0.358***
(0.074) (0.074) (0.073) (0.070) (0.071) (0.070)
Federal HI 0.506*** 0.530*** 0.576*** 0.496*** 0.485*** 0.513***
(0.062) (0.061) (0.060) (0.093) (0.092) (0.091)
Medicare -0.010 -0.035 -0.010 1.033*** 1.115%** 1.173***
(0.095) (0.094) (0.093) (0.112) (0.112) (0.109)
EPHI -0.181*** -0.210%** -0.222%** -0.282*** -0.282*** -0.330%**
(0.047) (0.047) (0.046) (0.070) (0.070) (0.069)
Private HI -0.220%** -0.227%** -0.232%** -0.130* -0.119* -0.147**
(0.053) (0.052) (0.052) (0.067) (0.067) (0.066)
Life Insurance -0.145%** -0.155%** -0.153*** -0.210%** -0.229*** -0.239***
(0.044) (0.043) (0.043) (0.056) (0.056) (0.055)
Log likelihood -3069.414 -3116.532 -3180.010 -1890.028 -1896.788 -1934.824
Size 8247 4806

*** denotes significance at the 1 percent level
** denotes significance at the 5 percent level
* denotes significance at the 10 percent level
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Table 6 : Labor Force Exit in Wave (1) based on Reduced Form Model
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Wave 1
None ho h® 1-PI75 hs|\/(a) hS|V(b)
1) (@) (©) (4) (5) (6)

Health 0.743%** 0.686*** 0.322*** 0.455%** 0.278***
(0.041) (0.043) (0.059) (0.025) (0.029)

Wage 0.001*** 0.000 0.008*** 0.009*** 0.001*** 0.001***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Age 0.015%** 0.009*** 0.069*** 0.068*** 0.013*** 0.014***
(0.000) (0.000) (0.006) (0.006) (0.000) (0.000)

Sex -0.040*** 0.041*** -0.221%** -0.212%** -0.049*** -0.045***
(0.001) (0.005) (0.037) (0.037) (0.001) (0.001)

Race 0.007*** -0.046*** 0.090** 0.030 0.035*** 0.024***
(0.002) (0.003) (0.044) (0.043) (0.002) (0.002)

Education -0.003*** 0.035*** 0.015** 0.002 0.008*** 0.004***
(0.000) (0.002) (0.007) (0.007) (0.001) (0.001)

Married 0.042*** 0.190*** 0.288*** 0.235*** 0.068*** 0.058***
(0.002) (0.008) (0.046) (0.045) (0.002) (0.002)

SS 0.209*** -0.061*** 0.486*** 0.550%*** 0.141%** 0.168***
(0.003) (0.015) (0.074) (0.073) (0.005) (0.005)

Federal HI 0.165*** -0.115%** 0.506*** 0.576*** 0.108*** 0.130***
(0.003) (0.016) (0.062) (0.060) (0.004) (0.004)

Medicare 0.031*** -0.152*** -0.010 -0.010 0.014*** 0.020***
(0.004) (0.011) (0.095) (0.093) (0.004) (0.004)

EPHI -0.067*** 0.054*** -0.181*** -0.222*** -0.032%** -0.046***
(0.002) (0.007) (0.047) (0.046) (0.003) (0.003)

Private HI -0.053*** 0.010** -0.220*** -0.232*** -0.038*** -0.044***
(0.002) (0.004) (0.053) (0.052) (0.002) (0.002)

Life Insurance -0.041%** 0.000 -0.145%** -0.153*** -0.029*** -0.034***
(0.002) (0.003) (0.044) (0.043) (0.002) (0.002)

Size 8247

a. subjective health is instrumented for proxy of health problems numbers
b. subjective health is instrumented for proxy of mortal probability

*** denotes significance at the 1 percent level
** denotes significance at the 5 percent level
* denotes significance at the 10 percent level



Table 7 : Labor Force Exit in Wave (3) based on Reduced Form Model

39

Wave 3
None ho h® 1-PI75 hs|\/(a) hS|V(b)
1) (2) ©) (4) (5) (6)

Health 0.498*** 0.605*** 0.310*** 0.720*** 0.649***
(0.056) (0.058) (0.076) (0.090) (0.075)

Wage -0.000*** -0.000*** -0.605*** -0.621*** -0.000*** -0.000***
(0.000) (0.000) (0.032) (0.032) (0.000) (0.000)

Age 0.019*** 0.014*** 0.072%** 0.068*** 0.019*** 0.019***
(0.001) (0.001) (0.009) (0.009) (0.001) (0.001)

Sex -0.070*** -0.149*** -0.120** -0.110** -0.065*** -0.069***
(0.003) (0.009) (0.051) (0.050) (0.004) (0.003)

Race 0.015*** 0.009** 0.067 0.020 -0.015** 0.013**
(0.004) (0.004) (0.063) (0.062) (0.006) (0.005)

Education -0.005*** -0.035*** 0.022** 0.010 -0.023*** -0.007***
(0.001) (0.003) (0.009) (0.009) (0.002) (0.002)

Married 0.081*** 0.017** 0.303*** 0.279*** 0.065*** 0.080***
(0.004) (0.008) (0.058) (0.057) (0.005) (0.004)

SS 0.152%** 0.230*** 0.337*** 0.358*** 0.200*** 0.155%**
(0.005) (0.010) (0.070) (0.070) (0.008) (0.007)

Federal HI 0.157*** 0.244*** 0.496*** 0.513*** 0.181*** 0.159***
(0.007) (0.012) (0.093) (0.091) (0.008) (0.007)

Medicare 0.471*** 0.938*** 1.033*** 1.173*** 0.753*** 0.490***
(0.007) (0.053) (0.112) (0.109) (0.036) (0.030)

EPHI -0.158*** -0.300*** -0.282%** -0.330*** -0.223*** -0.162***
(0.005) (0.017) (0.070) (0.069) (0.010) (0.008)

Private HI -0.039*** -0.095*** -0.130* -0.147** -0.057*** -0.040***
(0.004) (0.008) (0.067) (0.066) (0.005) (0.005)

Life Insurance -0.095*** -0.179*** -0.210%** -0.239*** -0.146*** -0.098***
(0.004) (0.010) (0.056) (0.055) (0.008) (0.007)

Size 4806

a. subjective health is instrumented for proxy of health problems numbers
b. subjective health is instrumented for proxy of mortal probability

*** denotes significance at the 1 percent level
** denotes significance at the 5 percent level
* denotes significance at the 10 percent level



Table 8 : Correlation Matrices for Probability Variables
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1) wavel
Pw62 Pw65 PI75! PI75? P85t PI85?
Pw62 1.000
Pwb5 0.674 1.000
PI75t 0.095 0.094 1.000
PI75? 0.074 0.062 0.473 1.000
P85t 0.084 0.120 0.725 0.439 1.000
PI85? 0.059 0.077 0.435 0.693 0.515 1.000
2) wave 3
Pw62 Pw65 PI75° PI75* PI85° PI85*
Pw62 1.000
Pw65 0.560 1.000
PI75° 0.221 0.158 1.000
PI75* 0.147 0.115 0.496 1.000
PI85® 0.185 0.206 0.707 0.452 1.000
PI85* 0.133 0.148 0.439 0.696 0.551 1.000

Corr [plj75,p1275] =0.473
Corr [pl'ss, pI°75] = 0.439
Corr [pl'7s, plss] =0.435

Corr [pl'ss, pl°ss] =0.515

< Corr [plss, pI*75] =0.496

N

Corr [pl385,pl475] =0.452

< Corr [plss, pl’ss] =0.439

< Corr [plss, pl’ss] =0.551

Corr [pw62, pi';5] =0.095 < Corr [pw62, pI’;5] =0.221

Corr [pw65, pl'ss] =0.120 < Corr [pw85, pl’ss] =0.206

Corr [pwb2, pF’7s] =0.074 < Corr [pw62, pl’s5] =0.147

Corr [pw5, pF’ss] =0.077 < Corr [pw65, pl’ss] =0.148
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Table 9 : OLS, Fixed-Effect, Avg and IV of Labor Force Participation in Wave (1)

OLS OLS FE 1V(d) FEive) OLSavgwy  OLSavgw)y  FEavge
1) (2) 3) (4) )] (6) (7) 8)
PIT5 1.466*** 0.900*** 0.793*** | 3.039** 2.608*** | 1.852*** 1.354%%** 1.117%**
(0.204) (0.294) (0.195) (1.510) (0.877) (0.248) (0.383) (0.247)
PI85 0.683*** 0.546*
(0.256) (0.321)
Age 0.848*** 0.861*** 0.807*** 0.851*** 0.856***
(0.168) (0.168) (0.173) (0.168) (0.168)
Sex 11.435%** 11.741%** 11.618*** 11.453*** 11.625***
(1.158) (1.160) (1.237) (1.158) (1.159)
Race 1.678 2.085 1.485 2.002 2.326*
(1.159) (1.364) (1.529) (1.361) (1.370)
Education 0.696*** 0.674*** 0.638*** 0.688*** 0.676***
(0.227) (0.227) (0.230) (0.227) (0.227)
Married -7.751%** -7.712%** -7.778*** -7.721%** -7.686***
(1.319) (1.314) (1.327) (1.318) (1.315)
Wage -0.002* -0.002* -0.002* -0.002* -0.002*
(0.001) (0.001) (0.001) (0.001) (0.001)
Union -9.466*** -9.498*** -9.465*** -9.511*** -9.547%**
(1.377) (1.372) (1.384) (1.376) (1.373)
DB -8.519*** -8.532%** -8.474%** -8.488*** -8.439***
(1.426) (1.421) (1.433) (1.426) (1.422)
DC -4,014%** -4.030%** -4,053*** -3.992*** -3.963***
(1.552) (1.547) (1.559) (1.551) (1.547)
DB+DC -6.919** -7.153** -7.028** -6.948** -7.064**
(3.411) (3.401) (3.442) (3.409) (3.400)
Physical Effort | 0.490 0.437 0.421 0.409 0.363
(1.415) (1.410) (1.423) (1.414) (1.411)
Heavy Lifting 4.862*** 4.827%** 4.940%** 4.808*** A.T7T7***
(1.868) (1.862) (1.878) (1.867) (1.862)
Stooping -0.642 -0.620 -0.550 -0.564 -0.538
(1.551) (1.546) (1.559) (1.551) (1.546)
Good Eyesight | 0.340 0.498 -0.069 0.478 0.442
(1.779) (1.774) (1.822) (1.778) (1.773)
Attention 0.284 0.329 0.306 0.296 0.333
(1.601) (1.596) (1.610) (1.600) (1.596)
People Skill -0.559 -0.500 -0.781 -0.678 -0.661
(1.690) (1.685) (1.708) (1.690) (1.685)
Computer 2.681* 2.597* 2.736** 2.652* 2.618*
(1.373) (1.369) (1.387) (1.372) (1.368)
Analyzing 4.141%** 4.086*** 4.212%** 4.086*** 4.067***
(1.334) (1.330) (1.345) (1.334) (1.330)
Keep up with 1.243 1.341 1.093 1.345 1.398
(1.153) (1.149) (1.176) (1.152) (1.149)
Repetition -2.957** -2.984** -2.834** -2.927** -2.934**
(1.198) (1.194) (1.208) (1.198) (1.194)
Learning 3.342%** 3.260*** 3.304*** 3.238*** 3.182***
(1.183) (1.180) (1.194) (1.183) (1.180)
R? 0.074 0.075 0.003 0.074 0.075 0.004
Size 4973

o0 o

Averaged PI75 is equal to (PI75*+ PI75%)/2.
Averaged P/ is equal to (PI75%+ PI75%)/2 and (PI85'+ PI85%)/2.
Averaged fixed-effect is equal to [(PI75™+ PI75%) - (PI85™+ PI85%)]/2.
PIT5 is instrumented for PI75 from wave (2).
The first difference is instrumented for each first difference from wave (2).

*** denotes significance at the 1 percent level
** denotes significance at the 5 percent level
* denotes significance at the 10 percent level
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Table 10 : OLS, Fixed-Effect, Avg and IV of Labor Force Participation in Wave (3)

OLS OLS FE 1V(d) FEive) OLSavg@w  OLSavgp) FEavg(o)
@) ) @) (4) (©) (6) (@) (8)
PIT5 2.959*** 2.281%** 1.605*** | 3.214* 3.099*** | 3.290*** 2.527*** 1.930***
(0.298) (0.419) (0.336) (1.726) (1.140) (0.345) (0.523) (0.415)
P85 0.785** 0.822*
(0.344) (0.425)
Age 1.703*** 1.716%** 1.707*** 1.711%** 1.713%**
(0.267) (0.265) (0.269) (0.268) (0.266)
Sex 4.488*** 4.828*** 5.032%** 4.654*** 5.008***
(1.524) (1.521) (1.592) (1.528) (1.529)
Race 2.276 2.902 2.957 2.337 2.976
(2.026) (2.031) (2.252) (2.030) (2.044)
Education -0.011 -0.002 -0.077 -0.047 -0.053
(0.291) (0.289) (0.300) (0.292) (0.291)
Married -6.978*** -6.913*** -6.667*** -6.687*** -6.727***
(1.697) (1.685) (1.706) (1.702) (1.691)
Wage 0.001 0.001 0.001 0.001 0.001
(0.001) (0.001) (0.001) (0.001) (0.001)
Union -9.264** -8.849** -8.718** -9.231** -8.934**
(3.813) (3.794) (3.903) (3.821) (3.800)
DB -3.513* -3.200* -3.127* -3.560* -3.235*
(1.816) (1.809) (1.878) (1.820) (1.816)
DC 1.795 2.054 1.928 1.580 1.840
(2.001) (1.990) (2.063) (2.005) (1.997)
DB+DC -5.906 -5.625 -5.671 -6.551* -6.180*
(3.756) (3.733) (3.791) (3.765) (3.746)
Physical Effort | -0.044 -0.118 0.199 0.274 0.086
(3.236) (3.214) (3.259) (3.244) (3.225)
Heavy Lifting 5.659 6.205 5.711 5.469 5.962
(4.778) (4.752) (4.929) (4.789) (4.765)
Stooping -1.812 -2.220 -2.231 -1.897 -2.171
(3.672) (3.651) (3.733) (3.679) (3.658)
Good Eyesight | 2.801 3.084 3.017 2.152 2.356
(3.528) (3.506) (3.567) (3.536) (3.515)
Attention -2.751 -2.984 -2.579 -2.730 -2.852
(3.474) (3.452) (3.538) (3.481) (3.459)
People Skill -1.860 -1.853 -2.293 -1.067 -1.041
(3.201) (3.180) (3.226) (3.205) (3.185)
R? 0.110 0.113 0.012 0.107 0.108 0.011
Size 1850
a.  Averaged PI75 is equal to (PI75*+ PI75%)/2.
b.  Averaged P/ is equal to (PI75'+ PI75%)/2 and (PI85'+ PI85%)/2.
c.  Averaged fixed-effect is equal to [(PI75%+ PI75%) - (PI85'+ PI85%)]/2.
d. P75 is instrumented for P/75 from wave (4).
e.  Thefirst difference is instrumented for each first difference from wave (4).

*** denotes significance at the 1 percent level
** denotes significance at the 5 percent level
* denotes significance at the 10 percent level
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Appendix 1
The following discussion is based on Bound (1991)’s formulation.
I) Derivation of subjective health proxy
Suppose the simple and concrete model about subjective health proxy.

r=ah +Bw+e 1)

B = azh™+fsw+e; (3)
where we give some assumptions applied to the above equations.
1) w and %" are correlated with each other but uncorrelated with the &’ s.
2) & and &; are correlated with each other (p).
Because w and /" are correlated with each other Bound made 4" =mw + v. By
assuming o is uncorrelated with &, y = o+,,/c?,. See Bound(1991)’s paper. Now to
make the reduced form equations plug 2* = + v into equation (1), (3):

r=(ay+pw+ (ajote) (1)
=mwtu;
B =(ay+p)w+ (asote) ()

= mw+ u3
Bound said that by using the reduced form equation the estimates of «; and £; can be
written in terms of #’s and the covariance between u’s. If we assume that #* is very
weakly correlated with w, ;’s sign is determined by estimate of 7;’s sign in reduced
form because covariance o+, approaches to zero and then yalso approaches to zero.
By using #° as a proxy for 4", :

plim a; = Cov(uy, uz) / Var(us) = Cov(ayvtée, azotes) ! Var(azvtes)
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= [o1050° o+ Covley, &3)] /(307 v+ 3) = (1007 + O Op) /(307 + O 3)
by normalization restriction that «; is equal to 1

= (0 v+ 0u0sp) /(00 + O 3)

And then we use plim a; and normalization restriction and y = c,«,,/c°,.

plim B;=plim z;— plim 7z; plima; = g; + a;y—plima; y— plim a; s

= S+ (s —plim a; )(opwlo?,) -plim a,f;

I1) Derivation of objective health and mortal probability proxy

r= 0[1h*+ﬂ1W+81 Q)

h = ayl+ & 4)
1-pl = asd+Pswtes (5)
h=l+d

1) [ and d are uncorrelated with either &’s or with each other.
2) g,and &5 are uncorrelated with either &; or with each other.
Because wand 4" are correlated with each other Bound suggest / = yw + ¢ and d =
yaw + rand v= ¢ + 7. By assuming that ¢ and z are uncorrelated with either £’s or
with each other, y = o;.,/6°,, and y; = o4./c%,. Now plug /= yw + { and d = yw +
7 into equation (1), (4), (5) to make the reduced form.

r=mow+u; 1y

W= w+ uy 4y

1-pl = wsw + us (5)
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i) For objective health proxy, 4°:

plima; = Cov(u;, ug) / Var(uy) = Cov(ayvte;, aul +er) | Var(oud +&4)

= ayay Cov(v, &) /(40 s + 0 o) by normalization restriction that a is equal to 1
= 0[10‘2§ / (024 + 0'254)

And then we use plim a; and normalization restriction and y = c,,/c?,.

plim B;=plim z;— plim 7z plima; = g;+ a;y —plima; y

= B+ a; (op=nlc?,) -plim a;(c;./c2%,)

i) For mortal probability proxy, 7-p/ :

plima; = Cov(u,, us) / Var(us) = Cov(ayvteg;, asttes) /| Var(ast +¢s)

= aya5 Cov(v, 7) /(50 + o°s) by normalization restriction that e is equal to 1
=0 /(0 + )

And then we use plim a; and normalization restriction and y; = 64,,/6%,

plim B;=plim 7z;— plim 75 plima; = g;+ a;y — plima; y; - plim a;fs

= ﬂ] + (Gh*,w/sz) —plim aj{(Gd,w/GZW) + ﬂ5}

I11) Derivation of using 4° and /-pl as instrumented variables for /° :

When we apply 2SLS
plima; = Cov(uy, ug) / Cov(us, ug) or Cov(uy, us) / Cov(us, us)
= Cov(ayv+ &, aul+ &)/ Cov(azv + &, aul + &)
or Cov(ayv + ¢, ast+ &)/ Cov(azv + &3, asT + &5)
= ajayCov(v, &)/ azayCov(v, &) or ajasCov(v, 7))/ azasCov(v, 7))

= o by normalization restriction that «; is equal to 1



pllm By = pllm 7Z'1—p|im 3 pllm ajy = ﬂ] + ary —pllm aiyy —pllm am/ﬂ3

by normalization restriction that «; is equal to 1

=p - a3

46
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Appendix 2
Suppose subjective health, #°, is binary endogenous variables.
r=1[a;h’ + Biz; + u; > 0]
h = 1[fz + uy; > 0] z=(z,22)
where z; is all explanatory variables and z; is health problems or diseases problems
as instrumental variables.
uj, u,1s independent of z and distributed as bivariate normal with zero mean and unit
variance and p; = Corr(u;, u). If p; = 0, then u; and #° are correlated and probit
estimation is inconsistent for «; and ;. For conditional Maximum Likelihood, we
need the joint distribution of (r, 4*). Under joint normal distribution with unit
variance, we can write u; = 6u, + e; where ¢; is independent of z and u, and also
normally distributed with E(e;) = 0 and Var(e;) = I-0,.
By the above process, we can write:

ftr. W 12) =fr | I, 2) fih"|2)
Since u, =1’ — fzand r = 1[r* > 0],
P(r=1|uy, z)=Pah’ + pizi + pruz ) | (1-7°) ).
Since 4’ = 1 only if u, >— Sz, we need a fact about the truncated normal distribution.
If u, has a standard normal distribution and is independent of z, then the density of u;

given u, >— foz is

K uz) | P(uz >— Boz) = Y uz) | D (B:2)

Therefore,
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P(r=1|h'=1,z)=E[P(r=1|u;, z)|h=1,z]
=E{ Ok’ + Biz; + puuz ! (1-p2)"] | =1, z }
=4 [ @ (B [ Pl + Bz + pry*s) | (1-92) P )d s b
where ¥, is the dummy argument of integration.

To simplify, we denote @* = (au/° + Biz; + pry™) | (1-p2) .

By the same process,

P(r=0'=1,2) =41 {[L/ @ (B)] " - D(@ Ny )dy*s}t
P(r=1|/h'=0,z)={{1/[1- D (B2)] Ho. = D@ K y*)dy* !
P(r=0]4'=0,z) =41~ [{1/[1- ® (B2)] Yo ™ D() K *)dy*]
Therefore, fir, h"|z) =f{r |1, 2) fih'|z2)

=[P(r=1|h"=1,z)xP(r=1|h=0,z)][P(r=0|h'=1,z)xP(r=0|h=0,z)]""

= (1 [1/D(B2) 1] p. D@ Hw)dy*s t X
{1/ [1-D(B2) 13 L D) Hy*)dys by X
(31— {[1/ D(B2) 1] . D(@?) Ky )dy* 3 X

{1-[{1/[1- D(B2) 1} ™ D(0¥)Hp*)dy] b3
where w* depends on «;, S, p;, f». By taking log gives the log likelihood function for

Maximum Likelihood analysis.
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Appendix 3

I) OLS estimate of S

Suppose V; = p¥; —pl; (i= 75,85 and j = wave 1,2 or wave 3,4).

where V/; is measurement errors which are uncorrelated with pl; and with each other.
Now suppose pw62 = aX + fpl ;s — BVrs+ u+ a

where we assume that ¢; is uncorrelated with v/,5 but v/;5 is correlated with p?s,
plim Bors= B+ { Cov(plss, &1+ u— fV7s) ! Var(plss) }

= — B{ Cov(plss, V75) | Var(pl75) }

=B{L- [ yrs /(Pyrs+ s}

In here, by assuming that &; is uncorrelated with v/,5 but /5 is correlated with p?;s

and 1/j75 is uncorrelated with pl75 COV( p}j75, et u— ,Blj75) — ﬂ COV( plj75, l7j75).

Also because p/;5 and v/,5 must be correlated Cov( pl7s, V/75) = Cov( plys + V75, V75)

= 0'217'75 and Var(plf75) = Var(pl75 + 1/j75) = 0'2\_,,'75 + O'2p175

I) Fixed-Effect estimate of S

If we do the first difference( A) to remove survey effect
pwb2 — pwb5 = B(pl 75 -pl'ss) =B (V75-Vss) + (&1-€)

or Apw = BApl —fAV+ Ag

plim Bee= B + { Cov( Apl, As— BAV) /| Var(Apl) }

= S — B{ Cov(Apl, AV) | Var(Apl) }

=B —28{ [ rs — Cov(Vs5, Vss)]/ Var(Apl) }

=B —{yrs(L-p) | [Pyrs(L-p) + Pprs(L- p) 1})
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where p,; = Corr( plss, plss ) and p, = Corr (1J75 Vs ).

To derive this formula we refer to Solon(1985) and we use Corr(V7s , Vgs) = cfvjﬁpv
and Var(Apl) = 2 [0%75 (1 - p) + o"wizs(1 - ppi) ] Because measurement error, v, is
uncorrelated with each other, p, = 0. Therefore, it is sure that measurement error of S

is determined by correlation between true survival probabilities, (1 - p,).



Appendix 4 : Description of Variables

o1

Variables Description

Dependent

Retire 1 if R consider themselves completely retired, or question not relevant to R (respondents)
Pw62 Probability of full-time work in age 62

Pw65 Probability of full-time work in age 65

Health

Subjective Health (a)
PI75

1if R currently reports bad health
Survival probability live to age 75

PI85 Survival probability live to age 85

Health Problems Total number of health problems that R has

Asthma 1if R currently has asthma

Back 1if R currently has back problem

Legs 1if R currently has problem with legs

Kidney 1if R currently has kidney problem

Stomach 1if R currently has stomach problem

Cholesterol 1if R currently has high cholesterol

Breath 1if R currently has breath problem

Dizziness 1if R currently feels dizziness

Headache 1if R currently has headache

Fatigue 1 if R currently feels tight fatigue

Financial

Wage Hourly wage

Demographic

Age Age of R during interview

Sex 1if R is male

Race 1if R is white

Education Highest grade of R

Married 1if R is married

Retirement Plan

SS 1if R receive Social Security

Federal HI 1if R covered by federal government health insurance program, such as Medicare,
Medicaid, CAMPUS, VA

Medicare 1if R covered by Medicare

EPHI 1 if R has health insurance coverage from employer or union

Private HI 1 if R has private health insurance such as Medigap or from insurance company

Life Insurance
Job/Requirement (b)
Union

DB

DC

DB+DC
Physical Effort
Heavy Lifting
Stooping

Good Eyesight
Attention
People Skill
Computer
Analyzing
Keep up with
Repetition
Learning

1 if R has life insurance

1if R joined into union

1if R has defined benefits

1 if R has defined contributions

1if R has both defined benefits and defined contributions

1 if job require physical effort most or almost of the time

1 if job require lifting heavy loads most or almost of the time

1 if job require stooping or couching most or almost of the time

1 if job require good eyesight most or almost of the time

1 if job require intense concentration most or almost of the time

1 if job require skill in dealing with other people most or almost of the time
1 if job require working with computer most or almost of the time

1 if job require analyzing data or information most or almost of the time

1 if job require keeping up with the pace most or almost of the time

1 if job require doing the same thing over and over again most or almost of the time
1 if job require learning new things most or almost of the time

(a) Respondents were asked “Would you say your health is excellent, very good, good, fair, or poor?” | categorized fair
and poor as bad health to make dichotomous variable.

(b)

Respondents were asked by 4 categories ; (1)all or almost of the time (2) most of the time (3) some of the time (4)

none or almost none of the time. | categorized (1) and (2) as most or almost of the time to make dichotomous

variable.
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