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Many economists are convinced that when
individuals are asked to formulateprobabilities
they are unlikely to do it correctly (Mark J.
Machina, 1990). However, the same analysts
would likely add that people do have a reasonably articulated,but biased, internal scale for
risk perceptions.As a result, the extent of bias
in these subjectiveperceptionshas been an importantunresolvedissue. For the most part,the
available evidence on these issues stems from
simple laboratoryexperimentsand comparisons
of subjective and expert risk assessments for a
diverse arrayof activities (BaruchFischhoff et
al., 1993). Currentpublic policy associatedwith
many different sources of risk relies on consumer sovereignty and implicitly trusts that
these biases in risk perceptionwill not be great.
Until recently there has been no opportunityto
test this question outside the setting of laboratory experiments.
This study tests the reliability of the most
importantsubjective risk assessment a person
can make: an expectation about personal longevity. Using four waves of the Health and
Retirement Survey (HRS) (Thomas F. Juster
and RichardSuzman, 1995), we tested whether
longevity expectationsmatch actualmortalityat
the individual level. Three distinct conclusions
emerged from the analysis. First, subjectivebeliefs about longevity are consistent with indi* Smith: Center for Environmentaland Resource Eco-
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viduals' observed survival patterns. After
accountingfor the selected natureof the sample
of surviving respondentsfor each wave of the
HRS survey, we found that observed deaths are
"signaled"through the lower longevity expectations respondentsreportin earlier interviews.
Second, the evolution of subjectivebeliefs from
those who later die displays a consistentdecline
over time. In contrast, survivors' longevity expectations, on average, are higher and approximately constantover the time span observed in
the panel. Third, longevity expectations do respond negatively both to serious, new health
shocks and to increases in individuals' functional limitations.Thus, an individual's longevity expectation is a fairly accurate index of
personalsurvivalprobability,both in its responsiveness to events that experts would suggest
increasethe odds of death and as a predictionof
futuremortality.However, models based on this
subjective probability do not reflect all of the
privateinformationpeople have abouttheir survival prospects. A simple test rejects this
hypothesis.
In the first section of this paper, we develop
our hypotheses and relate them to the current
literature. The second section describes the
HRS survey, the thirdpresentsour findings,and
the last comments on the implications of these
findings for economic models.
I. Background

nomic Policy, and Resources for the Future, Campus Box
Most evaluations of longevity expectations
8109, North CarolinaState University, Raleigh, NC 27695;
Taylor: Center for Health Policy, Law and Management,
have been confinedto demographicallymatched
Terry Sanford Instituteof Public Policy, Duke University,
comparisonsof the means of these subjective
122 Old ChemistryBuilding, Box 90253, Duke University,
with corresponding life tables.
probabilities
Durham,NC 27708; Sloan: Center for Health Policy, Law
Daniel S. Hamermesh(1985) initiatedthis line of
and Managementand Departmentof Economics, Duke Uniresearch.Using two differentsamples,he found
versity, 125 Old Chemistry Building, Box 90253, Duke
University, Durham, NC 27708. Partial support for this
that people do incorporateimprovementsin life
researchwas providedby the RobertWood Johnson Founexpectancyinto their beliefs about personallondation and by National Instituteon Aging GrantNo. 1ROlgevity and time horizons.However, when comAG-15868. Thanks are due an anonymous referee and
with actuarial distributions for the
pared
Matthew Shapiro for very helpful comments on earlier
drafts of this paper.
probabilityof surviving to a specific year, the
1126

VOL.91 NO. 4

SMITHET AL.: LONGEVITYEXPECTATIONS
AND DEATH

subjectivedistributionswere flatterand exhibited
greatervariance.Moreover,they also appearedto
displaydisproportionate
relianceon the longevity
patternsof relatives.
The HRS panel structureprovides a unique
opportunityto examine the evolution of subjective longevity expectations over time. Two recent studies by Michael D. Hurd and Kathleen
McGarry(1998) and Hurd et al. (1999), which
use the HRS and the Asset and Health Dynamics amongthe Oldest-Oldstudy (AHEAD) samples, are relevant to our analysis. Hurd and
McGarry(1998) focused primarilyon the predictive validity of subjectiveprobabilities,consideringhow longevity expectationsrespondto
new information and whether these expectations serve as predictions of mortality. Their
analysis consideredwaves 1 and 2 of the HRS.1
They found that subjectivebeliefs decline upon
the death of a parent and respond to only one
type of new health outcome:cancer. Hurdet al.
(1999) found that, for an older population(i.e.,
aged 70 or older), subjectivebeliefs do respond
(in strongerterms than in the HRS sample) to
the onset of health conditions.2
Our analysis introducesa new questionto the
evaluation of longevity expectations. It considers whetherthese responses can be relied upon
to include all of the informationpeople have to
form their subjective survival probabilities. It
also extends earlieranalyses of the role of longevity expectationsas predictorsof mortalityin
three ways. First, two additional waves of interviews offer a more complete record to evaluate subjective beliefs. Second, our analysis
recognizes the censoring over time that occurs
in the sample of individuals who are available
for testing the predictive value of longevity
1 Our results reveal that expanding the time horizon for
the panel helps to explain Hurd and McGarry's (1998)
results.Their analysis of waves 1 and 2 of the HRS indicates
a decline in subjectivelongevity between waves 1 and 2 for
survivors, a response inconsistent with what we would
expect with age. By extending the analysis to waves 3 and
4, we find that for those surviving to wave 4, subjective
beliefs about longevity do increasebetween waves 2 and 3.
2 This comparison of subjective longevity with actual
mortalityis incomplete due to the low response rate to the
longevity expectations question. Nonetheless, with subjective probabilitymeasuredas a difference with respect to the
life-table survival rate for the target age, Hurdet al. (1999)
found this deviation to be a significant determinant of
mortality.
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expectations. To do so, we used the Wynand
P. M. M. van de Ven and BernardM. S. van
Praag (1981) proposal, which extends James
J. Heckman's(1979) selection model to the case
of a probitwith sample selection. Separatemodels were estimated for deaths between waves 3
and 4, taking into account deaths between
waves 2 and 3, as well as for deaths between
waves 1 and 2. We also considered deaths between waves 2 and 3, allowing for earlierlosses.
By focusing on new health events and changes
in activity restrictions, the estimated models
distinguish separate effects, over time, for
changes in health status and household income.
Finally, we exploited the unique advantages
of the panel to evaluate longevity expectations
over time. This was accomplishedby considering specific subsamples (e.g., those individuals
either dead or surviving at the time of a specific
interview wave). For example, to develop insight into the temporal evolution of longevity
expectations, we considered those individuals
who died between waves 3 and 4 and examined
the time profile of their earlierresponses to the
question about longevity expectations.
II. Data

Four waves of the HRS (waves 1-4) provided the basis for this study. The HRS is a
nationalpanel study of birthcohorts 1931-1941
and the spouses of the marriedmembers of the
cohort (F. Thomas Justerand RichardSuzman,
1995). Respondents to wave 1 of the HRS,
which was conducted in 1992, were 51-61
years old (with some spouses being younger or
older than this). The baseline included 12,652
persons (7,600 households), with oversamples
for Mexican-Americans, African-Americans,
and residentsof Florida.3The objectives underlying the development of the panel were (1) to
3 HRS oversampled residents of the state of Florida
because the congressional appropriation language that
funded HRS stated that special attention be paid to areas
with a large number and high density of older persons.
Florida was chosen over Arizona because of the relatively
small number of elders in Arizona; it was chosen over
California because of the lower density of elders in California. The Florida oversample was financed by a special
appropriationfrom the National Instituteon Aging general
budget as well as from the State of Florida (Juster and
Suzman, 1995).
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explain the antecedents and consequences of
retirement; (2) to examine the relationships
among health,income, and wealth over time, as
well as life-cycle patternsof wealth accumulation and consumption;(3) to monitor work and
disability interactions; and (4) to provide the
baseline for a long-term epidemiological study
on aging (Juster and Suzman, 1995). Baseline
interviews were conducted in respondents'
homes, with telephone follow-ups scheduled
every two years for 12 years. HRS contains
extensive information on health behaviors,
health and functional status, and individuals'
subjective perceptionsof longevity. HRS is especially well suited to our objective because it
includes a question that closely parallels the
original Hamermesh(1985) formulationof longevity expectations.
During each wave of the survey, respondents
were asked about their longevity expectations.4
We analyzed three groups from the HRS. The
first sample consisted of all persons responding
to wave 1 (N = 12,652); for this sample, we
assessed mortalityby wave 2. The second sample consisted of individuals who responded to
waves 1 and 2 of the HRS (N = 11,492); for
this sample, we assessed mortalityby wave 3.
We also assessed mortalityby wave 4 for those
persons who survived and respondedto waves
1-3. Although a small number of respondents
died between waves (see Table 1), the deathrate
was consistent with what would be expected
from standardlife-tables.5
4The specific question uses a Likert scale and asks,
"With 0 representingabsolutely no chance, and 100 absolute certainty,what is the chance that you will live to be 75
years of age or older?"In wave 2, the same question was
asked but on a scale of 0 to 10. In both cases our analysis
normalizes the variable so that it falls in the 0-1.0 range.
This question was asked in waves 3 and 4 in exactly the
same way it was asked in wave 2, both in terms of wording
and scale. Smith et al. (1987) found that changing the
format of the Likertscales, which are used to elicit subjective measures of risk perceptions, did not affect statistical
models describing the updating of risk in response to new
information.
5 Attritioncomplicates the process of judging the death
rates in the HRS panel. To evaluate the consistency of the
death rate in the HRS sample, we considered deaths between waves 3 and 4, estimating the deaths per thousand
respondentsby using the sample with sufficientinformation
to estimate our mortalitymodels. Deaths between waves 3
and 4 would imply a rate of 17.4 deaths per thousand.
However, the HRS has experienced approximately 20-
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III. Findings
Table 1 reportsour test of the performanceof
subjective longevity in predicting mortality.
Each model takes into account the censoring
associatedwith death in precedingwaves. After
reporting the means for the variables in each
model, based on the sample available for analysis of deathsbetween waves 3 and 4 in the first
column, Table 1 providestwo models for deaths
between waves 3 and 4. The first model considers the role of longevity expectations, new
health conditions between waves 2 and 3,
changes in the count of each respondent's reported limitations in activities of daily living
between waves 2 and 3, smoking status in the
preceding wave, and family income in the preceding wave. The model also includes two selection effects: the first takes into account the
fact that respondentsmust be alive (and participating) in wave 3 in order to be eligible to be
counted as a deathbetween waves 3 and 4. This
selection model includes the following as determinantsof being alive for wave 3: the longevity
expectation in wave 2, smoking status in wave
2, new health shocks between waves 1 and 2,
earlier changes in activity limitations (i.e., between waves 1 and 2), family income in wave 2,
and some demographiccharacteristics.The second selection effect is accountedfor by using an
independentlyestimated inverse Mills ratio for
survival between waves 1 and 2. This selection
effect takes into account the sample censoring
associated with respondentsliving to wave 2.
Our results confirm the dramaticadvantages

percentattritionthat is not due to death. Adjustingthe base
sample size to include these formerrespondentswho did not
die by wave 4, we have an adjusteddeath rate of 14.5 per
thousand.The median age of these respondentswhen they
enteredthe HRS in 1992 was 55 in wave 1. By wave 4, this
median would be 61. A national measure of deaths per
thousandindividualsat age 61 (as of 1996) is 12.54; at age
62 it is 13.70 (U.S. Departmentof Commerce, 1999 Table
129). Thus, the death rate for the HRS correspondsfairly
closely, given the small sample, to what would be expected
for this age-group.
6 Although one could estimate the two selection effects
jointly with the final probit model for mortality,our adaptation to the Heckman(1979) two-step logic is a convenient
and asymptoticallyequivalentway (HalbertWhite, 1982) to
gauge the importanceof the multiple selections. The results
confirmthat our basic conclusions are not changed whether
or not we account for this earlier selection effect.
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TABLE 1-PROBIT

Independentvariables
Live to 75, wavej - 1
Smoke, wave j-

1

Shock, wave j-

1

Change in count of
activity limitations,
j -

2 toj

-

WITH SAMPLE SELECTION FOR MORTALITY IN WAVES

Means in wave
j = 4

Death in wave
j = 4

0.653
(0.303)
0.232
(0.422)
0.082
(0.274)
0.478
(1.027)

-0.233t
(0.125)
0.355
(0.076)
0.351
(0.100)
0.095
(0.026)

4.278
(5.808)

-0.031
(0.014)
-2.104
(0.102)
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3 AND 4a

Death in wave
j = 4

Death in wave
j = 3

Means in wave
j = 3

-0.307
(0.122)
0.411
(0.096)
0.098
(0.026)

-0.517
(0.118)
0.297
(0.069)
0.439
(0.097)
0.146
(0.030)

0.635
(0.289)
0.244
(0.429)
0.060
(0.238)
0.211
(0.703)
4.693
(15.378)

-2.054
(0.087)

-0.040
(0.015)
-1.870
(0.091)

0.670
(0.024)
-0.210
(0.016)

0.647
(0.294)
0.271
(0.445)

0.060
(0.003)

4.801
(4.815)

-0.058
(0.001)
-0.266
(0.016)
-0.304
(0.019)
-0.059
(0.019)
5.121
(0.087)
0.697
(0.101)c

54.866
(5.037)
0.416
(0.493)
0.150
(0.357)
0.806
(0.396)

1

Income in wave j(in 10,000)
Intercept

1

Selection Model (alive
in preceding wave)
Live to 75 in wave
j - 2
Smoke in wave j- 2
Shock in wave j -2
Change in count of
stated activity
limitations,j - 3 to
J -

0.639
(0.286)
0.242
(0.428)
0.053
(0.224)
0.209
(0.703)

0.365
(0.025)
-0.182
(0.016)
-0.466
(0.033)
-0.151
(0.011)

4.844
(16.590)

0.026
(0.002)

0.348
(0.025)
-0.504
(0.032)
-0.151
(0.011)

2

Income in wave j-

2

Mills ratiob

-6.230

(0.382)
Age in wave 1
Male (=1)
African-American(=1)
Marriedin wave j-

2

54.470
(4.75 1)
0.393
(0.488)
0.143
(0.350)
0.781
(0.414)
2.122
(0.026)
0.612
(0.151)c

Intercept
Rho
Deaths in wave j

7.854

(0.363)

2.240
(0.023)
0.645
(0.087)

0.017
(0.131)

0.018
(0.132)

Observations
Total
Censored

7,815
167

7,993
168

9,472
153

a The numbersin parenthesesfor the probitmodels are asymptoticstandarderrors.All estimatedcoefficients, except those
marked with t, are significantly different from zero; p-values = 0.05 or less. In the one case with a t, p = 0.062. The
numbersin parenthesesare the standarddeviations.
b The probit model (with asymptotic standarderrorsin parentheses)used to estimate the inverse Mills ratio is alive 2 =
3.767 (0.419) + 0.649 (0.102) live to 75, wave 1 - 0.034 (0.007) age, wave 1 -0.216 (0.068) male (=1) - 0.003 (0.089)
married,wave 1 (= 1) -0.240 (0.082) African-American(= 1) + 0.053 (0.017) income in wave 1 -0.187 (0.070) smoke in
wave 1 (=1).
c Chi-squarestatisticfor the Wald test of the null hypothesis rho = 0; all models reject null hypothesis at p-value = 0.01
or less.
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realizedin using the panel structureof the HRS.
All of the hypothesizeddeterminantsof mortality are statistically significant and consistent
with a priori expectations. The time profile of
longevity expectations is consistently linked to
subsequent observed mortality. Longevity expectationshave a positive and significanteffect
on survivalto wave 3 in the selection model. In
the mortality model, these expectations have a
sign change consistent with later statements
about longevity expectations (in wave 3) and
have a negative influence on mortalitybetween
waves 3 and 4. The consistent links among
longevity expectations, health shocks, changes
in activity limitations, and income persist
through all three of the available mortality
records.
However, longevity expectationsdo not capture all of the information some respondents
may have abouttheir health. Both smoking status and income in the preceding wave are significant determinantsof mortality, after taking
into account new health shocks and changes in
activityrestrictions.Columnthreeof Table 1 reports a probit model with selection that drops
these variables both from the mortalityand the
"alive in preceding wave" selection models.
The link between longevity expectations and
mortalityappearssomewhat stronger,with new
health shocks and changes in activity restrictions remaining significant. Their coefficient
estimates also have approximately the same
magnitudeas in the more detailed specification.
Column four of Table 1 examines a more
limited record of the deaths between waves 2
and 3 and uses those individuals still alive by
wave 2 in a selection equation.The last column
provides the means for these variablesbased on
this componentof the panel. In this case, lagged
values of health shock and activity changes
were not available for the selection model.
Their absence from the model does not alterthe
robust overall link between expectations and
survival outcomes over time. Thus, our results
indicate a consistent patternrelating longevity
expectations to mortality throughout the full
span of the panel currentlyavailable.
The second componentof our findings stems
from an inconsistencythat seemed to arise from
the longevity responses to waves 1 and 2. Hurd
and McGarry (1998) reportedlower longevity
expectations when they compared average re-
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TABLE2-TEMPORAL EVALUATION
OF LONGEVITY
EXPECTATIONS
FORDIFFERENT
SUBSAMPLES

Live to 75
Respondentdied before:
Wave 4 interviews
Mean
Standarddeviation
Number of observations
Wave 3 interviews
Mean
Standarddeviation
Number of observations
Wave 2 interviews
Mean
Standarddeviation
Number of observations
Respondentalive in:
Wave 4 interviews
Mean
Standarddeviation
Number of observations

Wave 1

Wave 2

Wave 3

0.562
0.343
231

0.547
0.311
202

0.519
0.387
154

0.525
0.347
211

0.462
0.371
167

0.445
0.325
142
Wave 1

Wave 2

Wave 3

0.652
0.291
10,091

0.640
0.286
9,298

0.654
0.303
8,512

sponses for wave 2 with those for wave 1. One
would have expected that those individualssurviving to a later wave would reassess the odds
of living to age 75 as being higher, not lower.
Table 2 reconsidersthis issue by using a somewhat different perspective. The model hypothesizes a component in the longevity responses
that reflects each individual's personalized
knowledge of his or her own health condition,
which may not be fully capturedby using their
reportsabout experiencedhealth conditions. To
investigate this issue, we considered respondents who died between waves 3 and 4 and
those who survived to wave 4 as separatesubsamples. The first row in Table 2 reportsaverage values of longevity expectations of those
individualswho died between waves 3 and 4 in
each preceding interview. There is a clear
downwardtrend, which suggests that these individuals may have had more informationthan
could be used to estimate survival probabilities
on an actuarialbasis. Of course, the differences
are small. Nonetheless, the patternappearseven
more striking when we consider those individuals who survivedto wave 4 (last row of Table
2). Their longevity expectations are significantly higher and do not decline over the full
period. The second row of Table 2 repeats the
evaluation for those individuals who died be-
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TABLE 3-EFFECT

OF OBSERVED AND UNOBSERVED CONDITIONS ON LONGEVITY EXPECTATIONS OVER TIMEa

Wave 3
Independentvariables
Live to 75 in wavej

-

Health shock between
wavej - 1 andj
Smoke in wave j
Death in wave j + 1

Live to 75
1

0.521
(0.013)
-0.116t
(0.014)
-0.043
(0.008)
-0.031t
(0.031)

Wave 2

Change in live to 75
from wave 2 to 3

-0.051
(0.015)
-0.015t
(0.009)
-0.012t
(0.033)

Death in wave j + 2
Age in wave 1

0.001t
(0.001)

Motheralive (= 1)
Fatheralive (= 1)
Change in count of
activity limitations
j -

1131

-0.03

X

10-3t

(0.001)

Live to 75

Change in live to 75
from wave 1 to 2

0.498
(0.010)
-0.088
(0.013)
-0.027
(0.006)
-0.102
(0.025)
-0.024t
(0.018)

-0.038
(0.015)
-0.05 X 10-2t
(0.007)
-0.068
(0.028)
0.019t
(0.021)

0.001

0.09 X 10-2t

(0.000)

(0.001)

0.022
(0.007)
0.015t
(0.010)
-0.027
(0.004)

0.03 X 10-2t
(0.008)
-0.004t
(0.011)
-0.015
(0.004)

0.015
(0.005)
0.006t
(0.006)
-0.024
(0.005)

-0.004t
(0.006)
0.009t
(0.007)
-0.017
(0.005)

0.298
(0.038)
0.305
6,616

0.030t
(0.042)
0.007
6,616

0.246
(0.030)
0.289
9,266

-0.054t
(0.033)
0.005
9,266

itoj

Intercept
R2
Sample size
a

The numbersin parenthesesare estimated standarderrors.Unless marked t the estimated parametersare significantly
differentfrom zero with a p-value of at least 0.05.

tween waves 2 and 3. The patternis similar to
their responses about longevity expectations in
waves 1 and 2. Thus, the evolution of subjective
probabilitiesdoes appearto include an expectational component that may incorporateunobservablefeaturesof personalcircumstancesthat
bear on survival to age 75.
The final aspect of our results seeks to test
this question in more formal terms in Tables 3
and 4. Table 3 reports the simple Bayesian
updatingmodel frequentlyused to describe subjective probabilities (see W. Kip Viscusi and
Charles J. O'Connor, 1984, or Smith et al.,
1999, as examples) for updates to longevity
expectations between waves 1 and 2 and in
waves 2 and 3. In additionto measures of new
information between waves 2 and 3-new
health shocks and changes in the activity limitation variable that we described earlier-we
include smoking status and, following the suggestions of Hamermesh (1985) and Hurd and
McGarry (1998), the survival status of both
parents.In general, the effects of parentalvari-

ables are consistent with the qualifications
raised by these authors about how relatives'
longevity experiences seem to be used by respondents in assessing their own longevity
expectations.
Our primary purpose in considering this
model was to test whetherthe longevity expectation measurementreflects all of the information known to an individualbut not necessarily
objectively observable at the time it was elicited. We tested this hypothesis by including the
mortality status of respondents after they reported their longevity expectations.
To outline the structureof our test, considera
model specification that includes a qualitative
variable indicating whether a respondent died
during the two years after he reportedhis longevity expectations. Although respondents do
not know they will die between this interview
and the next (in two years' time), they may
have informationabout their health status that
is more complete than what is conveyed to
the analyst by their reports about new health
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TABLE4-REVERSE REGRESSION
TEST OF LONGEVITY
EXPECTATIONS
AS A SUFFICIENT
STATISTICa

Independentvariable

Wave j = 3

Wave j = 2

0.875
(0.003)
0.096
(0.027)
13.04

0.876
(0.003)
0.154
(0.021)
52.32

(0.000)

(0.000)

Live to 75 (wave j)
Mortalitybetween waves jandj + 1
Wald testb (Ho: a21aI

=

0)

Sample size
R2

6,616
0.877

9,266
0.879

a
The numbersin parenthesesindicate robust (Huber) standarderrorsin the first two rows.
The third row reports the F statistic for the Wald test and, in parentheses,the p-value for
rejectionof the null hypothesis. All estimatedparametersare significantlydifferentfrom zero,
with p-values of at least 0.01. The dependentvariableis the predictedlongevity expectationsin
wave ] based on the specificationgiven in Table 3, excluding the qualitativevariablefor future
mortality.Our conclusions do not change when this first roundmodel is adjustedfor selection

effects relevant to each wave.
b The Wald test for nonlinear hypothesis R(fJ) = r, with R a function of the parametric
vector fJ,is W = (R(J) - r)T[FVFT]-1(R(t) - r), where F is the derivativefor R(OJ)and V
is the estimate of the asymptoticcovariance matrixfor the estimatedcoefficients. The test was
performedusing Stata's TESTNL (STATA, 1999).

conditions and increases in activity restrictions.
This strategy seems to offer a direct test. Unfortunately,it does not. Including a qualitative
variablefor futuredeath in the longevity updating model simply reversesthe causalityimplied,
in our models, to test longevity expectationsas
a predictor of future mortality. Although one
test is a probit (i.e., the mortality models in
Table 1) and another is a regression (Table
3), this formulationof a test for unobservable
factorsonly reverses the directionfor "fitting"a
predictiontest. If both models were simple univariate regressions, they would yield the same
results in large samples- consistent estimates
of the effect of longevity expectations on mortality (Takeshi Amemiya, 1985 pp. 99-101).
A small change in the process yielded the
test we wanted. It requiredfitting the model in
two steps. First, we considered all of the observable information,including prior longevity
beliefs, that would, with rationalupdating,contribute to longevity expectations in the wave
after those events occurred. After fitting this
equation with least squares, we could summarize the information implied by the updated
model in the prediction for longevity expectations (9j). This first step did not include the
qualitativevariablefor futuremortality.Following the logic of Delores A. Conway and Harry
V. Roberts (1983, 1984) in testing for gender

discrimination,we fitted a second-stage model
regressing 9j on the actual longevity expectation, and a qualitativevariable, dj+1, for death
between j and j + 1, as in equation (1). The
specification in equation (1) restricts the relationship from passing through the origin because an intercept is included in the equation
used to predict longevity expectations.7

(1)

yj = aIyjdj

+ + ?j-

As ArthurS. Goldberger(1984) explainedin commentingon this proposalfor tests of discrimination, this reverse regressiontest adopts the null
hypothesisthat all factors determininglongevity
expectationsare fully reflected in 9j. The only
otherinfluenceconsistentwiththe test is a random
7 The sign of the estimated parameterfor dj+ 1 is affected by this restriction.This arises because a restrictionon
the interceptaffects the interpretationof a2. We would like
to interpretour estimate of a2, when normalizedby al (i.e.,
- a2la 1), as a test of the sufficiency of 9j in predictingyj. If
the model estimating 9j reflects all respondents' information, then these individuals'reportsinj cannotbe influenced
by a death in j + 1. A model with an interceptin equation
(1) has the effect reflected both in -aola1 (with ao being
the intercept) and - a2a1. This specification would preclude a simple interpretationof the effect of the future-death
term.
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error(?j) uncorrelatedwith mortality.Any other
influences on "true"longevity expectations(unknown to the analyst)must have the same means
for those who die and those who survive.Under
these conditions,a test where(-a21a1) is different
from zero gauges whetherlongevityexpectations
providea sufficientstatistic,incorporatingall that
respondentsknow about their subjectivebeliefs
aboutsurvival.
This frameworkdoes not simply reverse the
prediction test. Table 4 reports our tests for
waves 2 and 3. In contrastto the results of the
simple tests in Table 3, the significantnegative
estimates for (-a2ja1), using a Wald test, imply that we must reject the hypothesis that an
individual's longevity expectation contains all
of the informationthateach personknows about
his or her survivalprospects.Moreover,they are
consistent with the temporalpatternsdescribed
in Table 2. Thatis, the reverseregressionframework allows a comparisonof estimates for longevity expectations, assuming they arise from
the Bayesian updatingframework.Our test implies that all respondentswith comparablereported longevity expectations, whether they
survive to a future wave or not, should have
the same estimates for longevity expectations,
based on the updatingmodel. The negative and
significantestimate for the parameter(- a21a1)
that is associated with the variable indicating
whethera respondentdies after reportinga longevity expectation, implies that these respondents would report lower survival prospects
than those that the model based on their responses would estimate for them. These results
hold for waves 2 and 3. Thus, respondentswho
later die appearto have information(in addition
to their reportedhealth shocks and activity limitations) that is relevant to their perceived survival prospects but is not reflected in the
updating models that describe how new information affects these expectations. Thus, we
conclude that althoughour models of longevity
expectations are generally consistent with the
micro outcomes, they do not incorporateall of
the factors that a person expects to be relevant
for survival to age 75 or older.
IV. Implications
Until now, it has been largely impossible to
evaluate how subjective perceptions of mortal-
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ity fare as predictionsof death at the individual
level. The HRS has changed the landscape for
evaluations of risk perceptions. Our analysis
took the most complete version of the HRS
available and evaluated the relationship between subjective beliefs about mortality and
actual deaths at the individual level. We found
remarkable,but not complete, consistency.
These longevity expectations are reasonably
good predictions of future mortality. They are
also consistentlyupdatedwith new healthinformation but do not appear to reflect all of the
informationthat respondentswho subsequently
die know about their survival prospects. In
short, their reportedlongevity expectations are
lower than the updatingmodel would imply for
them after taking into account new health
shocks and activity restrictions.The estimated
effect is relatively small, -0.11, but significantly estimated for both sets of comparisons
(i.e., waves 3-4 and 2-3). Those individuals
who later die appearto know more about their
health status than is reportedin their ratings of
activity limitationsand new health shocks. As a
result, this futuredeath is negatively associated
with their answers to the longevity questions
elicited at an earlierdate. Nonetheless, our findings leave little room for doubt about whether
these subjectiveperceptionsof longevity should
be taken seriously. It is clear that they should.
Subjective risk perceptionshave importantimplications for models of savings behavior, life
cycle decisions, labor supply and retirement,
and the development of informationprograms
about risky behaviors (e.g., smoking, substance
abuse, etc.). The next step in the researchprocess would seem to be to develop models of
economic behaviorthat accept measuresof subjective risk perceptions as legitimate and then
investigatetheirrelativeimportance,in comparison to more conventional economic variables,
in explaining how people's behavior responds
to these expectations being updated with new
information.
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