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Abstract

A large empirical literature studies the forces that shape racial disparity in mor-
tality. Given that factors early in one’s life can be important for subsequent mortality
outcomes, such research often relies on panel data. An important example is the Na-
tional Longitudinal Survey of Older Men (NLS-OM), which collected data for men aged
45–59 in 1966 and several subsequent years, and then also reported deaths as indicated
by death certificate data collected in 1990. An important methodological issue arises
in studies that use such data: Deaths are likely to be under-reported, most likely in
systematic ways. In the NLS-OM, for example, the matching procedure appears to
have missed a substantial number of deaths. We work out a simple model that illus-
trates the effect of this measurement error, and then show that inappropriate handling
of the measurement error in survival analysis causes serious problems for inference.
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1 Introduction

A large literature demonstrates that in the United States there are very large differences
in mortality rates of black and white individuals. For example, Harper, et al. (2007) note
that while life expectancy at birth converged for blacks and whites during the period from
1900 to 1940, that gap remained large, and failed to decline consistently after the 1960s.
Levine, et al. (2001) find that from 1979 to 1998 the “black:white ratio of age-adjusted,
gender-specific mortality increased for all but one of nine causes of death that accounted for
83.4% of all US mortality in 1998.”

While the proximate medical causes for the black-white gap are reasonably well known,
the underlying mechanisms are not. There is ample evidence suggesting that persons of
lower socioeconomic status have reduced life expectancies, but some evidence indicates that
economic disparities are not the sole source of the black-white gap in mortality. For example,
Sorlie, et al. (1992) find that increased income lowers mortality rates for everyone, but that
blacks have higher mortality than whites at every level of income. Guralnik, et al. (1993)
suggest that educational attainment may have a stronger effect than race per se on life
expectancy.1

Sorting out the complicated roles of race and socioeconomic status is made all the more
difficult by the fact that conditions early in one’s life are likely to influence mortality later in
life. Fang, et al. (1996), for example, explore the high rate of mortality from cardiovascular
causes among blacks in New York City, finding that there is substantial variation among
blacks based on their place of birth and that, in particular, Southern-born blacks had much
higher rates of mortality from cardiovascular disease, and Caribbean-born blacks had much
lower such rates, than those of their Northeastern-born counterparts. Barker (1990 and
1995) famously argues that influences on adult health status and mortality extend back to
in utero nutritional conditions.

One important strand of literature seeks to provide evidence about the nature of black-
white mortality gap by following cohorts of black and white individuals, examining the
correlation of life-course factors and survival. An extremely important example is Hay-
ward and Gorman’s (2004) empirical work using the National Longitudinal Survey of Older
Men (NLS-OM). In that paper, the authors show that age-conditioned mortality rates are
substantially higher for black men than white men, and the measured early-life social and
economic conditions are responsible for only a modest amount of that gap.

An important problem with longitudinal data such as the NLS-OM is a particular form
of measurement error—missing data on death. In the NLS-OM data were recorded for men

1More broadly, there is a large literature devoted to untangling the relationships between growth in
income, improvements in nutrition, increases in education, and improvements in public health and health
outcomes (morbidity and mortality). Deaton (2006) gives a valuable assessment of core issues, and Cutler,
Deaton, and Lleras-Muney (2006) provide a historical overview. See also Oeppen and Vaupel (2002), Preston
(2007), Case, et al. (2002). Work on the black-white gap in the U.S. includes Behrman et al. (1991) and Elo
and Drevenstedt (2006).
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aged 45-59 beginning in 1966 and then for several additional years up through 1983. Then
in 1990 data were matched with death certificate records for the purpose of improving the
precision of the data on death. As we will show below, there is clear evidence that in the
construction of the data some deaths were not recorded. In this paper we investigate the
problems that arise from this form of measurement error.

The paper proceeds as follows: In Section 2 we investigate theoretical issues of mea-
surement error in a very simple survival model. Section 3 shows that measurement error in
death is in fact an important problem in the NLS-OM data, and demonstrates that the way
in which this error is handled has a significant impact on inferences one draws from the data
about the black-white mortality gap. Section 4 provides a discussion.

2 Measurement Error in Mortality

Our goal in this section is to explore the consequences of measurement error in mortality
for estimation of regression-based models of survival. The basic idea of such empirical exer-
cises, using either cross-sectional data or longitudinal data, is simple. Data are collected for
a sample of individuals (e.g., age, race, family background, etc.) who, obviously, are alive at
the time data are initially collected. Subsequently, deaths are recorded for some individuals
in the sample. Then regression analysis is used to examine the statistical correlates of death.
Our concern is the mismeasurement of death.

The mismeasurement of deaths of course works in one of two ways—deceased individuals
could be classified as being alive or deaths could be recorded for those who are alive—but
in many data sets most errors might will be one-sided. Consider, for example, the NLS-
OM data. All men in these data were interviewed in 1966 (and most were interviewed in
subsequent years). Clearly, these individuals were alive at the time data were collected. Data
were in 1990 matched with state vital records departments to determine dates of deaths for
those who were deceased. It is likely that death certificates were issued only for those who
had died. The measurement error in this case is likely mostly one-sided: For some men who
died the deaths may not have been matched; some deaths are unrecorded. We focus here on
this sort of mismeasurement. Extensions to included both forms of error are straightforward.

2.1 A Survival Model with Age as the Only Covariate

To set the basic idea we start with the simplest possible discrete survival model. We
imagine that we observe people with two ages, 0 and 1, and we are interested in the impact
of age on the probability of death. A common specification, which we will use here, is that
the log of the death rate di is linearly dependent on age Ai:

di = α0 + α1Ai + εi. (1)
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In estimating equation (1) we would use ln(Di/ni) as the dependent variable, where Di is
the number of deaths observed for individuals aged i (assuming Di is always greater than 0)
in a particular discrete time period, and ni is the number of individuals aged i in the initial
survey.

In typical empirical applications one would also include additional covariates. (We turn
to that issue shortly.) Also, in typical applications estimation would not proceed with OLS
estimation—but instead with some more advanced procedure. Here, though, we work with
OLS because by so doing we can most easily highlight the problems that arise if we encounter
measurement problems with Di.

2.1.1 OLS Estimation with No Measurement Error

As a baseline, suppose that in fact deaths are accurately recorded in our data. Then the
OLS estimator of our model’s key parameter, α1, is

α̂1 = d̂1 − d̂0, (2)

where d̂0 and d̂1 are sample log death rates at ages 0 and 1 respectively.
As is well known, the OLS estimator α̂1 is a consistent estimator for α1.

2.1.2 OLS Estimation with Measurement Error, Cross-Sectional Data

Our concern here is that some deaths are unrecorded. In particular suppose that propor-
tion q0 of deaths at age 0 are unrecorded and proportion q1 of deaths at age 1 are unrecorded.
We are interested in the impact our OLS estimator of α1 for two cases: Cross-sectional data
and longitudinal data. We begin here with the case of cross-sectional data.

Here we observe n0 and n1 people at the beginning of a period and then observe deaths
recorded for the period in each age group. The observed deaths though, are only a subset of
actual deaths. In particular, we observe D̃0 = (1 − q0)D0 deaths for young individuals and
D̃1 = (1 − q1)D1 for older individuals. If we simply treat observed deaths as relevant data,
it is a matter of simple algebra to verify that our OLS estimator now gives

α̃1 = α̂1 + [ln(1 − q1) − ln(1 − q0)], (3)

where α̂1 is the consistent estimator from (2).
Comparison of (2) and (3) shows that in general our estimator is not consistent. The

direction of the bias depends on the relationship of q0 to q1, and does so in an intuitive way.
For example, if q0 > q1, i.e., we miss a higher fraction of deaths among those who die at
young ages. Then ln(1 − q1) will be smaller, in absolute value, than ln(1 − q0), and our
OLS estimator, α̃1, is biased upward (so we overestimate the impact of aging on death). Of
course, if q1

∼= q0, our estimator will not be too far off.2

2In this latter case, though, the OLS estimator of α0—the baseline mortality rate—will be inconsistent.
For some applications this parameter may be of less interest.
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Our derivations focus here on the case in which some deaths go unrecorded, i.e., the
relevant case for our empirical example below. Clearly, though, the logic also applies if
opposite pertains; our derivations allow for q0 and q1 to be negative (which would occur if
some individuals are incorrectly recorded as deceased).

2.1.3 OLS Estimation with Measurement Error, Longitudinal Data

More interestingly, suppose we are working with longitudinal data. In particular, we
begin with a sample of n0 young people. We then observe some deaths in the first period,
i.e., observe D̃0 = (1 − q0)D0. Then in the next period we observe some additional deaths
from these same people when they are one period older, i.e., observe D̃1 = (1 − q1)D1. Now
our inference problem is slightly more complicated. The reason is that we are mismeasuring
not only the number of deaths, but we are also mismeasuring the number of older individuals
(i.e., n1) that we use as the denominator of our death rate among those aged 1.

It is a matter of simple algebra to show that the OLS estimator for this case is now

α̌1 = α̂1 +

[
ln(1 − q1) − ln(1 − q0) + ln

(
n1

n1 + q0D0

)]
, (4)

where again α̂1 is the consistent estimate from (2). Notice that in this case, even if the error
rates in reporting deaths are the same for those aged 0 and 1, our estimator is inconsistent.
With longitudinal data, when q1

∼= q0, our estimator is biased downward since the last term
in equation (4) is negative. This source of bias will be quite small (in absolute value) if the
number of deaths among the young (D0) is small relative to the number surviving to the
older age (n1), but will be more substantial in a population with a higher death rate among
the young.

2.2 A Survival Model with Two Covariates, Age and Race

Suppose now we have two covariates in our model—“age” and “race” in our example. In
particular, suppose

di = α0 + α1Ai + α2Bi + εi, (5)

where the additional covariate, Bi, is a race indicator,

Bi =

{
1 if the respondent is black, and
0 if he is white.

(6)

Now we let n0 = nB
0 + nW

0 be the number of individuals aged 0 in our samples, with nB
0

indicating the number of blacks and nW
0 indicating the number of whites. We use analogous

notation for those aged 1, n1 = nB
1 + nW

1 .
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2.2.1 OLS Estimation with No Measurement Error

With a bit of algebra one can verify that the OLS estimator of the age coefficient α1 is
the weighted sum, for blacks and whites respectively, of the differences between the mean
log death rates of the old and the young. Specifically

α̂1 = φ(d̂B1 − d̂B0 ) + (1 − φ)(d̂W1 − d̂W0 ), (7)

with the weight φ given by the surprisingly involved expression,

φ =
(nW

0 + nW
1 )2 + nB

0 (2nB
0 + nW

0 ) + nB
1 (2nB

1 − nW
0 ) + nW

1 (nB
1 − nB

0 )

(nB
0 + nW

0 )2 + (nB
0 + nB

1 )2 + (nB
0 − nW

1 )2 + (nW
0 + nW

1 )2 + (nB
1 + nW

1 )2 + (nW
0 − nB

1 )2
.

Similarly, the race coefficient is the weighted sum of the difference between the log death
rate of blacks and whites for those aged 0 and the difference between the log death rate of
blacks and whites aged 1:

α̂2 = θ(d̂B0 − d̂W0 ) + (1 − θ)(d̂B1 − d̂W1 ), (8)

with

θ =
(nB

1 + nW
1 )2 + nB

0 (2nB
0 + nB

1 ) + nW
0 (2nW

0 − nB
1 ) + nW

1 (nW
0 − nB

0 )

(nB
0 + nW

0 )2 + (nB
0 + nB

1 )2 + (nB
0 − nW

1 )2 + (nW
0 + nW

1 )2 + (nB
1 + nW

1 )2 + (nW
0 − nB

1 )2
.

These estimators are consistent.
As above, our interest is in the impact on the estimators of measurement error in death

rates. We let qB0 be the fraction of deaths that go unreported for blacks aged 0, and define
qW0 , q

B
1 , and qW1 analogously. We generally will be analyzing cases in which these are positive

(i.e., deaths are under-reported), though nothing in our derivations is changed if they are
negative (i.e., if deaths are over-reported).

2.2.2 OLS Estimation with Measurement Error, Cross-Sectional Data

Suppose again that we have a data set in which we observe initially samples of blacks
and whites aged 0 and 1, and then observe deaths in one period. With a bit of algebra we
can show that impact of measurement error in deaths is quite intuitive:

α̃1 = α̂1 + φ[ln(1 − qB1 ) − ln(1 − qB0 )] + (1 − φ)[ln(1 − qW1 ) − ln(1 − qW0 )], (9)

and
α̃2 = α̂2 + θ[ln(1 − qB0 ) − ln(1 − qW0 )] + (1 − θ)[ln(1 − qB1 ) − ln(1 − qW1 )], (10)

where α̂1 and α̂2 are the consistent estimators given in (7) and (8) respectively.
Equations (9) and (10) provide useful insight into how measurement error is likely to

affect our estimates.
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Notice, first of all, that if the measurement error is similar for our four age-race groups,
qB0

∼= qB1
∼= qW0

∼= qW1 , the OLS estimators will be close to consistent.3

Second, our observations about bias to the age coefficient from subsection 2.1.2 carry
over here. For instance, if for both blacks and whites deaths are under-reported at higher
rates for the young than the old, i.e., if qB0 > qB1 and qW0 > qW1 , then the OLS estimator of
α1 will be biased upward. If, on the other hand, deaths are under-reported at higher rates
for the old, the estimator will be biased downward.

Third, it is easy to see how bias might be generated in the race coefficient, α̃2. Below we
show that in the death certificate data matched to the NLS-OM, deaths are under-reported
at highest rates for blacks. Suppose, therefore, that qB0 > qW0 and qB1 > qW1 . Clearly, from
(10), we can see that the consequence will be that α̃2 will be biased downward.

2.2.3 OLS Estimation with Measurement Error, Longitudinal Data

We next turn to the more interesting case of longitudinal data. In particular, we suppose
that we now are following a cohort of nB

0 black individuals and nW
0 white individuals over

two periods, and using those data to estimate our model.
After extensive algebraic manipulation, we can show now the OLS estimator of the age

coefficient is

α̌1 =
{
φ̃(d̂B1 − d̂B0 ) + (1 − φ̃)(d̂W1 − d̂W0 )

}
+{

φ̃[ln(1 − qB1 ) − ln(1 − qB0 )] + (1 − φ̃)[ln(1 − qW1 ) − ln(1 − qW0 )]
}

+{
φ̃

[
ln

(
nB

1

nB
1 + qB0 D

B
0

)]
+ (1 − φ̃)

[
ln

(
nW

1

nW
1 + qW0 D

W
0

)]}
, (11)

with weights constructed using

φ̃ =
[(nW

0 + nW
1 )2 + nB

0 (2nB
0 + nW

0 ) + nB
1 (2nB

1 − nW
0 ) + nW

1 (nB
1 − nB

0 )]+

{[(4nB
1 − nW

0 + nW
1 )qB0 DB

0 + (−nB
0 + nB

1 + 2nW
0 + 2nW

1 )qW0 DW
0 ] + [2(qB0 DB

0 )2 + (qB0 DB
0 )(qW0 DW

0 ) + (qW0 DW
0 )2]}

[(nB
0 + nW

0 )2 + (nB
0 + nB

1 )2 + (nB
0 − nW

1 )2 + (nW
0 + nW

1 )2 + (nB
1 + nW

1 )2 + (nW
0 − nB

1 )2]+

{2(nB
0 + 3nB

1 − nW
0 + nW

1 )qB0 DB
0 + 2(−nB

0 + nB
1 + nW

0 + 3nW
1 )qW0 DW

0 + [3(qB0 DB
0 )2 + 2(qB0 DB

0 )(qW0 DW
0 ) + 3(qW0 DW

0 )2]}

.

Three terms in curly brackets on the right hand side of (11) are relatively easy to interpret:
The first term is very similar to the OLS estimator (7). The difference is that the weights

have now changed. This expression is thus a consistent, but not efficient, estimator of α1.
The second term introduce bias in roughly the same way in cross-sectional data, as shown

in (9). The only difference is that the weights differ. So if, for example, error rates are similar
for old and young individuals in the sample (for both races), qB0

∼= qB1 and qW0
∼= qW1 , then

this source of bias will be close to zero.

3The estimator of the intercept in our regression α̃0 will typically be inconsistent, but as we note above,
that parameter might be of less interest.



2 MEASUREMENT ERROR IN MORTALITY 8

The third term appears for the following reason: If we miss some deaths at age 0, this
will cause us to overestimate the base for calculating the death rate at age 1. This in turn
causes us to underestimate mortality at age 1; this third term is negative. As in the simpler
case above, the source of bias will be quite small (in absolute value) if deaths at age 0 (DB

0

and DW
0 ) are infrequent relative to the number of survivors (nB

1 and nW
1 ).

As for the coefficient on race, α2, we can show that the OLS estimator here is

α̌2 =
{
θ̃(d̂B0 − d̂W0 ) + (1 − θ̃)(d̂B1 − d̂W1 )

}
+{

θ̃[ln(1 − qB0 ) − ln(1 − qW0 )] + (1 − θ̃)[ln(1 − qB1 ) − ln(1 − qW1 )]
}

+{
(1 − θ̃)

[
ln

(
nB

1

nB
1 + qB0 D

B
0

)
− ln

(
nW

1

nW
1 + qW0 D

W
0

)]}
, (12)

with weights constructed using

θ̃ =
[(nB

1 + nW
1 )2 + nB

0 (2nB
0 + nB

1 ) + nW
0 (2nW

0 − nB
1 ) + nW

1 (nW
0 − nB

0 )]+

{[(nB
0 + 2nB

1 − nW
0 + 2nW

1 )qB0 DB
0 + (−nB

0 + 2nB
1 + nW

0 + 2nW
1 )qW0 DW

0 )] + (qB0 DB
0 + qW0 DW

0 )2}

[(nB
0 + nW

0 )2 + (nB
0 + nB

1 )2 + (nB
0 − nW

1 )2 + (nW
0 + nW

1 )2 + (nB
1 + nW

1 )2 + (nW
0 − nB

1 )2]+

{2(nB
0 + 3nB

1 − nW
0 + nW

1 )qB0 DB
0 + 2(−nB

0 + nB
1 + nW

0 + 3nW
1 )qW0 DW

0 + [3(qB0 DB
0 )2 + 2(qB0 DB

0 )(qW0 DW
0 ) + 3(qW0 DW

0 )2]}

.

Again we have three terms in curly brackets to interpret:
The first term is similar to the OLS estimator (8), but with different weights. This term

is a consistent, but inefficient, estimator of α2.
The second term is similar to bias identified in the cross-sectional case, as shown in (10).

As we mention above, in the empirical example that we pursue mismeasurement is a bigger
problem for blacks than for whites, i.e., qB0 > qW0 and qB1 > qW1 . For such a situation this
second term is clearly negative; this biases our OLS estimator downward.

The third term has an ambiguous sign. Both expressions within the square bracket
are negative. We can see what happens in some special cases. For instance, if there is
measurement error for blacks but not whites, qB0 > 0 and qW0 = 0, the entire term is negative.
We thus expect more generally that the entire term is negative as long as the measurement
error for blacks is sufficiently larger than the measurement error for whites. Also, we notice
that the term is more likely to be negative when DB

0 is large relative to DW
0 . Importantly,

since the weights in our expression depend on θ̃, the composition of the population (e.g., the
proportion black) affects the size of this bias. As above, the size of this bias will be small (in
absolute value) if the number of deaths (DB

0 and DW
0 ) are infrequent relative to the number

of survivors (nB
1 and nW

1 ).
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3 An Empirical Example Using the NLS-OM

3.1 The National Longitudinal Survey of Older Men

The National Longitudinal Surveys (NLS) are a set of surveys designed to gather infor-
mation at various points in time on labor market activities and other significant life events
of several groups of people. One of these surveys, the National Longitudinal Survey of Older
Men (NLS-OM) has proved to be an important source of research in social science, including
the analysis of the role of race and socioeconomic status on mortality. Indeed, a number of
recent papers use these data for that purpose, including Hayward, et al. (1997), Hayward
and Gorman (2004), and Warner and Hayward (2006).

The NLS-OM was first administered to 5020 respondents by interviewers from the United
States Census Bureau in 1966. The age eligibility was men 45 to 59 on April 1, 1966. Thus,
the survey covers birth cohorts from 1906 through 1921. The survey was repeated a further
12 times between the years of 1967 and 1983. An additional version of the survey was
completed by living respondents or by the widows or other family members of deceased
respondents in 1990. At that time, the oldest cohorts in the NLS-OM were aged 80 or older,
and there was therefore substantial mortality; mortality rate could be inferred up through
fairly old ages for these men. As of the last date of data collection, it appears that 53.3% of
the older men samples were deceased.

Importantly, for the work that follows, the NLS older men survey obtained mortality in-
formation for the 1966-1990 periods on 2674 deaths in two ways. First, the 1990 data reports
mortality via death certificates from state vital records departments. Second, throughout the
data collection process—up through 1983 and again in 1990—there are reports by widows
or next-of-kin that can be used to infer death.

Before turning to an analysis of mortality and the correlates of mortality, we report basic
statistics about the socio-economic characteristics of the men in the sample. The childhood
conditions of NLS older men reflected the characteristics of the American population during
the early twentieth century. Tables 1 and 2 show that these men generally lived in households
where the heads had low levels of education by current standards. Most of them lived with
both their biological mother and father, though some did live in homes in which one or
both parents were absent. For the most part, NLS older men respondents grew up in rural
communities, many lived in towns with populations of fewer than 25,000 people or lived in
rural farm areas. Although these men were better educated than their parents, the amount
of schooling they completed was low compared with present averages. As adults, these men
were much more likely to live in or near urban areas than as children. The data included
some lifestyle measures, including alcohol consumption (which is quite low among those who
provide reports), smoking, and the body mass index (BMI), which can be used to assess the
subsequent impact on mortality of obesity.



3 AN EMPIRICAL EXAMPLE USING THE NLS-OM 10

3.2 Initial Regression Analysis Using Vital Record, 1966–1983

Our primary interest here is to draw statistical inference about the role of race as a
correlate of mortality in the sample of NLS older men. As we mention above, such analysis
has already been undertaken, most notably in the important work of Hayward and Gorman
(2004). We revisit this analysis because we hope to understand the role of measurement
error in mortality as discussed above.

As we have noted, in the NLS-OM data, death can be recorded in one of two ways: By
death certificates from state vital records or by an indication that data went unrecorded
because the respondent was deceased.

We begin here by undertaking regression analysis of mortality using the entire sample over
the 1966-1983 period, and taking the “conservative” approach of treating each respondent
as alive unless a death is recorded by death certificate. Notice that in taking this approach
we are replicating the analysis that a research would undertake who had an initial sample
of individuals who were known to be alive at a point in time (in our case 1966) and then
had access to official records that recorded deaths for that sample. Notice that to the extent
that there are deaths for which death certificates are not successfully matched to the original
data, deaths will be under-reported using this approach.

For our first set of analyses, we restrict attention to the period 1966 through 1983. The
reason for doing focusing on this period is that over this span, regular data collection contin-
ued for the NLS-OM cohorts. Thus for this period we can draw some reasonable inferences
about the consequences of taking the “conservative” approach of using vital statistics as a
means of recording deaths.

The basic regression approach we take follows Warner and Hayward’s (2006) paper,
“Early-Life Origins of the Race Gap in Men’s Mortality.” Thus we take a digression here
to set out the framework. In that paper, the authors conduct survival analysis (also called
“event-history analysis”) in which a series of discrete-time hazard models are estimated for
the purpose of evaluating the ways in which social and economic conditions in childhood
are associated with mortality. The specific goal is to see how those early life conditions
contribute to the race gap in men’s mortality.4 Their analysis is conducted by estimating a
series of models that regress the risk of mortality on each of several sets of early-life condition
separately. Through the changes in the coefficients across models, one can potentially assess
the life-course pathways that account for the race gap in mortality. The authors argue that
early life conditions indirectly affect the race gap in mortality via adult socioeconomic status.

For the regression models h(a) = lim
n→0

P (a+n>T≥a|T≥a)
n

gives the force of mortality at exact

age a, given that a person has survived to that age. The basic association between mortality
risk and age is then assumed to follow the log-linear model that we employed above

lnh(a) = β0 + β1A, (13)

4See also Allison (1984), Hayward and Gorman (2004), and Castilla (2007).
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where A is the age of a person at his previous birthday. The series of nested models are
Model 1:

lnh(a) = β0 + β1A+ γiCHILDi,

where CHILD represents a key set of characteristics established in childhood—race, five-
year birth cohort, and being foreign-born—that are included in every regression. Then Model
2 is

lnh(a) = β0 + β1A+ γiCHILDi + β2EDUCi,

where EDUC represents education of head of household when that respondent was a child;
Model 3 is

lnh(a) = β0 + β1A+ γiCHILDi + β2FAMILYi,

where FAMILY is a vector that represents family structure; and Model 4 is

lnh(a) = β0 + β1A+ γiCHILDi + β2COMMi,

where COMM represents community characteristics.
The first model is the “baseline model” which gives the main effect of age and race on

mortality. Then the intention of the analysis is assess whether parental education (EDUC),
family structure (FAMILY ), and community characteristics (COMM) in childhood affect
the magnitude of the key parameter estimates.

We use the full sample of 5020 for this analysis, excluding only a small number of cases
for which we lack data on the independent variable.5 The results of the analyses are given,
in full, in the appendix.6 Our interest here is primarily on the coefficients on age and race,
so we present a truncated version of the results in Panel A of Table 3. As expected, the log
force of mortality is increasing in age. Also, as expected, conditional on age (and cohort of
birth and foreign-born status) the force of mortality is substantially higher for blacks than
for whites. We also find that the estimated effect of race on mortality is not substantially
altered by inclusion of other measured individual-level characteristics.

3.3 Regression Analysis Using Deaths Reported in the NLS, 1966–
1983

As we have noted, use of vital records to record deaths is a very conservative approach
here, and is likely to lead to under-reporting of deaths. As we have seen above, this sort of
mismeasurement can create serious bias in parameter estimates, especially if the unrecorded
deaths are systematically related to characteristics of individuals in the sample.

5Thus, for example, we are missing data on age, cohort, foreign-born status and/or race on 48 individuals,
which gives us a final sample size of n = 4972 for Model 1.

6For the results, we report the estimated coefficients instead of the hazard ratios.
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To see how this might matter here, we repeat our regression analysis, but now we include
not only deaths that are recorded in vital records, but also those that appear in the NLS data
collection process. Thus, for example, for many records, data are missing for a particular year
(and all subsequent years) and the recorded reason is that the respondent is deceased. For
a large number of such cases, the respondent also has a death recorded via death certificate.
For some cases, though, these deaths were not recorded in the vital statistics. We ask what
happens if these cases are included.

Results are reported in Panel B of Table 3. The differences between Panel A and Panel B
are striking. We notice that if we use the death certificates to record deaths, we substantially
over-estimate the age coefficient and substantially under-estimate the race coefficient. The
theoretical results from the previous section give clues about how this problem might arise.

The data used to estimate our key regressions are of course “panel data”; identification
of the parameters comes in part from the longitudinal component (as measured mortality
changes as cohorts age) and from the cross-section (as measured mortality varies in the
cross-section for men of different ages). Thus the lessons from the longitudinal analysis and
the cross-sectional analysis pertain. Fortunately, those lessons are very similar, as can be
seen from comparing results in (9) and (10) with results in (11) and (12). In particular,
the nature of the bias of the key coefficients is related to the extent to which the individual
characteristics of people with omitted deaths differ from those with recorded deaths.7

3.4 Characteristics of Individuals with Likely DeathsNot Recorded
in Vital Records

To repeat our key point from the analysis in the previous section, the omission of death
records is likely to be particularly problematic if the characteristics to those whose deaths
are unrecorded differ from the characteristics of those whose deaths are recorded. With this

7This regression includes as “deaths” those deaths that are recorded by death certificates and deaths that
appear also as recorded deaths in the NLS-OM data. It is worth noting that for a few of these cases the age
of death does not line up with the reports. For example, 133 individuals whose death certificates show that
they were dead before 1983 with no death records provided in NLS-OM are treated as dead before 1983 in
the regression. For the 80 individuals whose death certificates and NLS-OM records confirm that they were
alive before 1983, but are recorded as dead after the year of their last interview (1990) according to death
certificates, we assume they were alive until 1990. The 7 respondents whom are twice confirmed of being
dead before 1983 from NLS-OM and death certificates but are also recorded as dead before the year of first
interview (1966) from death certificates are treated as died in 1967 in this regression. The 54 respondents
whom are confirmed of being dead before 1983 by the NLS-OM death records but reported dead between
1983 and 1990 from death certificates are treated as alive before 1983 and dead between 1983 and 1990. Also,
within this group, there is one case reported dead after 1990 according to death certificates; he is treated
as dead in 1990. We suspect that most of the deaths that show up in NLS-OM data are in fact deaths, as
it is difficult to see why widows or other surviving relatives would mis-report this. In any event, while it is
possible that some of these cases are reported deaths for individuals who are in fact alive, we think we are
much closer to actual outcomes by including these cases.
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in mind, consider Table 4. This table gives average characteristics for two groups—those
who had deaths recorded in the vital records and matched to the NLS-OM data, and those
who had deaths as indicated in the NLS but not in the death certificate data from state vital
records. This latter group of 382 men are those that would be omitted from an analysis
based on death certificate data.

We notice some striking results in comparing the two samples. First, the death ages
recorded in NLS-OM (collected directly from the widows or proxy of the respondents) indi-
cate that the group of 382 men died at young ages. Their average death age is 62.02, while it
is 62.95 for the other group. Among blacks, the 382 men seem to have died at younger ages.
The average death age is about 61.55 for the black within the 382 men, while the average
death age is about 62.88 for the blacks in the other group. Second, this group of 382 men is
disproportionately black. It is found that the proportion of blacks in the 382 men is larger
than the proportion of blacks in the other group. There are 16.22% blacks in the 382 men,
while there are only 10.54% blacks in the other group. The above comparisons between the
two samples raise our concern that the unrecorded deaths differ systematically across groups.
The measurement error is highly systematic. Thus, the empirical evaluation of black-white
mortality gap should account for the presence of measurement errors. Since we probably lose
more deaths for those more likely to be black and young at death age, the age coefficients
are over-estimated and the race coefficients are under-estimated if the omitted deaths are
not taken into consideration. The differences in the age and race estimates between Panels
A and B in Table 3 are mostly likely due to the systematically unreported deaths.

3.5 Regression Results Using Consistent Records Only

The omission of deaths that go unreported in the death certificate data from regression
analyses give us results that differ substantially from those that include such deaths. As we
have noted, though, some problems remain. We cannot know for certain, for example, that
deaths that have no death certificates did actually occur. Also, there are cases in which the
death ages do not line up from the two data sources.

One way of dealing with these inconsistencies is to use only data for which we have
consistent records. In empirical work generally researchers often discard data for which
records are incomplete or inconsistent. Here we can follow in that tradition by doing the
same for records for which death records and ages fail to match up consistently.8

Results of this exercise are reported in Panel C of Table 3. The most important point
to make with this set of results is that the key estimated coefficients are in between those
found in Panel A and those found in Panel B.

Our interpretation is as follows: As noted above, the Panel A estimates are deeply flawed
because a substantial number of deaths are going unreported, and moreover because the

8By following this path, we are, we believe, roughly following Hayward and Gorman (2004) and Warner
and Hayward (2006).
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characteristics of men with unreported deaths differ substantially from those with reported
deaths. In particular, we have seen that those with unreported deaths are more likely to be
black and young at age of death. We suspect that the results in Panel B are likely to be
more accurate.

Now the sample used to produce the results reported in Panel C excludes a number
of cases that seem “problematic,” but in so doing once again excludes a large number of
deaths that almost certainly occurred, and as we have just emphasized the excluded cases
are disproportionately deaths of those who are black and young at age of death. At least
in the data used for Panel C we are not treating those cases as individuals who survived
throughout the period. Still, as an empirical matter, simply excluding those cases is almost
as bad as coding them as survivors. It appears that we end up with badly inconsistent
estimates of our key parameters.

3.6 Regression Results Using Data 1966-1990

In the analyses we have just reported, we used data only up through 1983. By so doing
we can identify a number of likely deaths that are not recorded in the death certificate data,
because regular interviews on the men were being conducted. This allows us further to see
how inferences differ if we (properly) included those as deaths or (improperly) simply exclude
those cases from analysis.

Previous research using these data up through 1990, which is clearly advantageous be-
cause this allows for the inclusion of deaths at older ages. Of course, the basic measurement
issues still pertain for these years, even though we do not have regularly-collected data with
which to examine the problem. What we do have, though, is one additional final report in
1990 in which data were again collected from men who were alive or from widows or other
relatives for those who were deceased.

Thus we can repeat our regression analyses, again treating death records in three different
ways. First, we can rely on death certificate records only. Second, we can included deaths
reported on death certificates and other deaths reported in the NLS-OM. Third, we can
simply exclude all cases with inconsistent records. Given our discussion above, we suspect
the second of these options is likely to produce correct inferences.

With this in mind, consider results reported in Table 5. The basic pattern is similar
to that reported in Table 3. Most importantly, compare results in Panels B and C. If we
exclude inconsistent records, we likely under-estimate the impact of race on mortality and
over-estimate (by a small amount) the impact of age on the force of mortality.

When comparing our results from Table 5 to the results from Warner and Hayward’s
(2006) paper, it seems that results reported in Panel C are much closer to their results. The
estimates for age and race in Panel C are most comparable to their estimates for age and race.
Results in Panel C reveal a similar story for the effects of childhood characteristics on men’s
mortality as in their paper. We think that the sample excluding all cases with inconsistent
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records is likely to be the most comparable one to the sample in their paper, although the
impact of race would be under-estimated and the impact of age would be over-estimated on
mortality when using this sample. The slight disagreements between our results and results
in their paper imply that we are not using the same samples since their scheme used to deal
with the unrecorded deaths is still unknown.

4 Conclusion

A large and growing literature seeks to understand the role of life-course events, stretching
back through early childhood. The analysis of such issues typically requires the use of
longitudinal data. Such data is subject to a variety of problems, one of which we discuss
here: Often we will have incomplete records of deaths for a sample.

The initial contribution of the paper is to study the nature of the biases that are intro-
duced when researchers face measurement error in mortality. Using a very simple model, we
are able to make some useful observations. For example, we see:

First, if the source of identification in the model is cross-sectional, reasonably consistent
inference of key parameters in the regression might be possible as long as the mismeasurement
of mortality is the same for all key demographic groups (e.g., if unrecorded deaths are not
related to age or race).

Second, in data in which identification comes in part from longitudinal variation, the “age
coefficient” in a survival regression is likely to be biased downward even when the age-specific
rate of measurement error is the same across ages.

Third, if deaths are under-recorded at higher rates for one racial group than another, we
are likely to under-estimate the role of race on mortality outcomes for the under-recorded
group.

With these lessons in mind, we also provided an empirical application of mismeasurement
in deaths. Our example comes from the NLS older men data (or death certificate data). We
found that in the 1990 data, which are widely used for analysis, there are a fairly large
number of men who likely died for whom there was no matched death certificate data.
These “omitted deaths” in the data are clearly non-random. In general, blacks are much
more likely to be in this group than whites. This is especially true of black men who die
at young ages. We suspect that NLS responses contain less measurement error than death
certificates. Inclusion of these deaths in the analysis proves to move estimated parameters
by a fair amount.

One very important point in our work is that researchers cannot hope to get rid of
biases introduced by mismeasurement by adopting the seemingly sensible rule of “excluding
inconsistent records.” When we restrict attention only to data that have completed records
we often will be excluding cases that are not missing at random, and biases can thereby
introduced.
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At this point, it seems likely that the only way to make additional headway is to work
to improve the quality of the data. Fortunately, it is likely that that will be possible. At
this point, even the youngest of the men surveyed in the NLS-OM data (those aged 45 in
1966) are now quite old, approximately 90 years old, and those who were older would be as
old as 105. In short, most of these men are now deceased. Thus by matching the data once
again to vital records it will be possible to determine the age of death for almost every one
for whom death was recorded in vital records, and then see who simply was missed in the
records. This leads to a different (and interesting) inference problem, but one that is much
easier to handle than the one encountered with the data as they are now constructed.9

9It is possible that we will confirm that many of the missing cases arise because of incorrectly recorded
Social Security Numbers (SSNs). One possibility is that many of the men did not get SSNs until they were
older or perhaps were never issued a SSN. Again this can be checked.
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Table 1: Childhood Circumstances of NLS Men

Variable Percentage
Household Head’s Education When the Respondent Was 15

6 years or less 24.99
7-8 years 20.31
9-12 years 10.77
13 or more years 6.41
Missing 37.52

Household Head’s Occupation When the Respondent Was 15
Professional or military 4.05
Managerial 11.89
Clerical 1.92
Sales 3.06
Crafts 13.47
Operative 12.4
Private household or service worker 5.36
Farmer 32.22
Farm laborer 1.46
Laborer 6.30
Missing 7.88

Foreign Born 6.17
Parent’s Nativity

One parent was foreign born 6.57
Two parents were foreign born 20.95
Neither parent was foreign born 70.54
NA 1.94

Living Arrangement When the Respondent Was 15
Father and mother 75.17
Father and stepmother 1.73
Mother and stepfather 2.11
Father only 3.13
Mother only 8.68
Other 8.69
NA 0.50

Mother’s Work Status When the Respondent Was 15
Did not work 59.60
Worked 10.88
Missing 29.52

Childhood Urban/Rural Residence
City with 100,000 or more people 19.79
City with 25,000-100,000 or more people 10.76
Suburb of a large city 2.38
Town with fewer than 25,000 people 27.29
Rural nonfarm area 3.70
Rural farm area 35.54
NA 0.53

1 Using weighted percentages
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Table 2: Characteristics of NLS Men as Adults

Variable Mean or Percentage
Demographic Characteristics
Age (mean) 51.55
Black 8.69
Birth Cohort

1906-1910 27.72
1911-1915 33.34
1916-1921 38.94

Education
8 years or less 35.42
9-12 years 45.97
13 or more years 18.60

Marital Status
Married 89.28
Never married 4.57
Divorced 4.23
Widowed 1.92

Urban/Rural Residence
Urban 49.73
Outside urban 16.52
Rural 33.75

Net Asset (mean) 21717.17
Total Family Income (mean) 7462.867
Body Mass Index

Under 20 3.29
20-23 13.63
23.1-25 18.01
25.1-27.5 25.45
27.6-52.1 18.02
Missing 21.60

Mean Weekly Alcohol Consumption
1-2 drinks 19.51
3-4 drinks 5.85
5 or more drinks 5.37
Missing 69.27

Smoking Behavior 1
Currently smoking 13.09
Currently not smoking 86.91

Smoking Behavior 2
Never smoked 33.87
Ever Smoked 66.13

1 Using weighted means and percentages
2 Net asset and total family income are in dollars; all negative values of net asset

and total family income are adjusted to zero
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Table 3: Survival Regression Results for Data up to 1983

Panel A. Deaths with Death Certificate Records

Model 1 Model 2 Model 3 Model 4
Age 0.069** 0.068** 0.069** 0.069**

(0.018) (0.018) (0.018) (0.018)
Black 0.166** 0.155* 0.159* 0.187**

(0.063) (0.065) (0.065) (0.064)
Birth Cohort × × × ×
R foreign-born × × × ×
Education of head of household ×
Family structure ×
Community size ×
N 4972 4972 4962 4964

Panel B. Including Deaths from NLS Records

Model 1 Model 2 Model 3 Model 4
Age 0.058** 0.056** 0.058** 0.057**

(0.016) (0.016) (0.016) (0.016)
Black 0.351** 0.331** 0.339** 0.376**

(0.054) (0.055) (0.055) (0.055)
Birth Cohort × × × ×
R foreign-born × × × ×
Education of head of household ×
Family structure ×
Community size ×
N 4972 4972 4962 4964

Panel C. Discarding Inconsistent Records

Model 1 Model 2 Model 3 Model 4
Age 0.058** 0.058** 0.060** 0.059**

(0.020) (0.020) (0.020) (0.020)
Black 0.279** 0.258** 0.265** 0.299**

(0.067) (0.068) (0.069) (0.068)
Birth Cohort × × × ×
R foreign-born × × × ×
Education of head of household ×
Family structure ×
Community size ×
N 4326 4326 4317 4321
1 Standard errors in parentheses
2 * significant at 5 %; ** significant at 1%
3 × corresponds to unreported/statistically insignificant estimates
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Table 4: Comparisons between Characteristics of Individuals with Deaths with-
out Death Certificates (NLS 382 Men) and Individuals with Deaths with Death
Certificates (NLS 1116 Men)

Mean or Percentage
Variable 382 Men 1116 Men
Demographic Characteristics
Age (mean) 52.44 52.82
Black 16.22 10.54
Birth Cohort

1906-1910 35.46 39.07
1911-1915 37.74 34.65
1916-1921 26.80 26.28

Age at Death (mean) 62.02 62.95
Cohort(1906 − 1910) 65.74 67.23
Cohort(1911 − 1915) 62.19 62.11
Cohort(1916 − 1921) 56.50 57.79
Black 61.55 62.88
White 62.11 62.96
Foreign Born 62.40 62.58
Not Foreign Born 61.96 62.99

Education
8 years or less 42.41 44.39
9-12 years 41.25 43.12
13 or more years 16.34 12.50

Marital Status
Married 78.25 88.10
Never married 8.89 4.06
Divorced 7.80 5.25
Widowed 5.06 2.59

Urban/Rural Residence
Urban 55.18 47.43
Outside urban 13.58 17.80
Rural 31.25 34.77

Net Asset (mean) 15320.48 16517.5
Excluding missing values 18914.47 20289.49

Total Family Income (mean) 6233.992 6325.498
Excluding missing values 7653.39 7838.9

1 Using weighted means and percentages
2 Net asset and total family income are in dollars; all negative values of net asset and total family income are

adjusted to zero
3 Excluding missing values considers all cases (including all positive and negative values) for net asset and

total family income except cases with missing data
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Table 5: Survival Regression Results for Data up to 1990

Panel A. Deaths with Death Certificate Records

Model 1 Model 2 Model 3 Model 4
Age 0.070** 0.070** 0.071** 0.070**

(0.014) (0.014) (0.014) (0.014)
Black 0.119* 0.107* 0.113* 0.135**

(0.049) (0.050) (0.051) (0.050)
Birth Cohort × × × ×
R foreign-born × × × ×
Education of head of household ×
Family structure ×
Community size ×
N 4972 4972 4962 4964

Panel B. Including Deaths from NLS Records

Model 1 Model 2 Model 3 Model 4
Age 0.065** 0.063** 0.066** 0.064**

(0.013) (0.013) (0.013) (0.013)
Black 0.281** 0.262** 0.271** 0.302**

(0.044) (0.046) (0.046) (0.045)
Birth Cohort × × × ×
R foreign-born × × × ×
Education of head of household ×
Family structure ×
Community size ×
N 4972 4972 4962 4964

Panel C. Discarding Inconsistent Records

Model 1 Model 2 Model 3 Model 4
Age 0.072** 0.071** 0.073** 0.072**

(0.015) (0.015) (0.015) (0.015)
Black 0.228** 0.208** 0.214** 0.245**

(0.051) (0.053) (0.053) (0.052)
Birth Cohort × × × ×
R foreign-born × × × ×
Education of head of household ×
Family structure ×
Community size ×
N 4326 4326 4317 4321
1 Standard errors in parentheses
2 * significant at 5 %; ** significant at 1%
3 × corresponds to unreported/statistically insignificant estimates
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Table 6: Effect of Early Life Characteristics on Men’s Mortality, National Longitu-
dinal Survey of Older Men (1966 − 1990)

Sample A (up to 1983)
Model 1 Model 2 Model 3 Model 4

Age 0.069** 0.068** 0.069** 0.069**
(0.018) (0.018) (0.018) (0.018)

Black 0.166** 0.155* 0.159* 0.187**
(0.063) (0.065) (0.065) (0.064)

Cohort (1906 − 1910 reference)
1911 − 1915 -0.007 -0.008 -0.009 -0.01

(0.110) (0.110) (0.110) (0.110)
1916 − 1921 -0.1 -0.101 -0.096 -0.106

(0.192) (0.192) (0.192) (0.193)
R foreign-born -0.456** -0.455** -0.448** -0.471**

(0.157) (0.157) (0.157) (0.157)
Education of head of household (≤ 6 years reference)

Missing 0.039
(0.072)

7 − 8 years -0.033
(0.093)

9 − 12 years 0.08
(0.110)

13− years -0.114
(0.152)

Family structure (mother and father reference)
Father and stepmother -0.024

(0.227)
Mother and stepfather 0.286

(0.180)
Father only 0.238

(0.147)
Mother only -0.083

(0.103)
Male relative 0.283*

(0.136)
Other arrangement -0.008

(0.128)
Living on his own 0.171

(0.233)
Community size (large city 100, 000+ reference)

Smaller city (25, 000 − 100, 000) -0.107
(0.119)

Suburb of a large city -0.097
(0.234)

Town less than 25, 000 0.153
(0.089)

Rural, non-farm 0.247
(0.147)

Rural, farm -0.039
(0.085)

Constant -7.748** -7.732** -7.778** -7.764**
(1.045) (1.047) (1.046) (1.050)

N 4972 4972 4962 4964
1 Standard errors in parentheses
2 * significant at 5 %; ** significant at 1%
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Table 7: Effect of Early Life Characteristics on Men’s Mortality, National Longitu-
dinal Survey of Older Men (1966 − 1990)

Sample B (up to 1983)
Model 1 Model 2 Model 3 Model 4

Age 0.058** 0.056** 0.058** 0.057**
(0.016) (0.016) (0.016) (0.016)

Black 0.351** 0.331** 0.339** 0.376**
(0.054) (0.055) (0.055) (0.055)

Birth cohort (1906 − 1910 reference)
1911 − 1915 -0.060 -0.065 -0.059 -0.063

(0.096) (0.096) (0.096) (0.096)
1916 − 1921 -0.203 -0.209 -0.195 -0.214

(0.167) (0.167) (0.167) (0.167)
R foreign-born -0.016 -0.014 -0.008 -0.039

(0.116) (0.116) (0.116) (0.117)
Education of head of household (≤ 6 years reference)

Missing 0.085
(0.062)

7 − 8 years -0.042
(0.082)

9 − 12 years 0.050
(0.097)

13− years -0.093
(0.133)

Family structure (mother and father reference)
Father and stepmother -0.129

(0.207)
Mother and stepfather 0.247

(0.163)
Father only 0.109

(0.135)
Mother only 0.009

(0.086)
Male relative 0.180

(0.122)
Other arrangement 0.040

(0.107)
Living on his own 0.355

(0.189)
Community size (large city 100, 000+ reference)

Smaller city (25, 000 − 100, 000) -0.201
(0.103)

Suburb of a large city -0.046
(0.192)

Town less than 25, 000 0.025
(0.077)

Rural, non-farm 0.147
(0.128)

Rural, farm -0.132
(0.072)

Constant -6.879** -6.823** -6.931** -6.795**
(0.906) (0.908) (0.907) (0.910)

N 4972 4972 4962 4964
1 Standard errors in parentheses
2 * significant at 5 %; ** significant at 1%
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Table 8: Effect of Early Life Characteristics on Men’s Mortality, National Longitu-
dinal Survey of Older Men (1966 − 1990)

Sample C (up to 1983)
Model 1 Model 2 Model 3 Model 4

Age 0.058** 0.058** 0.060** 0.059**
(0.020) (0.020) (0.020) (0.020)

Black 0.279** 0.258** 0.265** 0.299**
(0.067) (0.068) (0.069) (0.068)

Birth cohort (1906 − 1910 reference)
1911 − 1915 -0.114 -0.114 -0.113 -0.112

(0.118) (0.118) (0.118) (0.118)
1916 − 1921 -0.357 -0.356 -0.344 -0.357

(0.207) (0.207) (0.207) (0.207)
R foreign-born -0.509** -0.512** -0.502** -0.525**

(0.178) (0.179) (0.178) (0.179)
Education of head of household (≤ 6 years reference)

Missing 0.027
(0.076)

7 − 8 years -0.085
(0.099)

9 − 12 years 0.046
(0.117)

13− years -0.201
(0.165)

Family structure (mother and father reference)
Father and stepmother -0.097

(0.253)
Mother and stepfather 0.307

(0.190)
Father only 0.241

(0.156)
Mother only -0.096

(0.111)
Male relative 0.303*

(0.142)
Other arrangement 0.055

(0.133)
Living on his own 0.355

(0.239)
Community size (large city 100, 000+ reference)

Smaller city (25, 000 − 100, 000) -0.135
(0.130)

Suburb of a large city 0.065
(0.236)

Town less than 25, 000 0.154
(0.097)

Rural, non-farm 0.294
(0.155)

Rural, farm -0.026
(0.092)

Constant -7.079** -7.035** -7.180** -7.136**
(1.122) (1.125) (1.123) (1.125)

N 4326 4326 4317 4321
1 Standard errors in parentheses
2 * significant at 5 %; ** significant at 1%
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Table 9: Effect of Early Life Characteristics on Men’s Mortality, National Longitu-
dinal Survey of Older Men (1966 − 1990)

Sample A (up to 1990)
Model 1 Model 2 Model 3 Model 4

Age 0.070** 0.070** 0.071** 0.070**
(0.014) (0.014) (0.014) (0.014)

Black 0.119* 0.107* 0.113* 0.135**
(0.049) (0.050) (0.051) (0.050)

Cohort (1906 − 1910 reference)
1911 − 1915 -0.005 -0.004 0.003 -0.005

(0.085) (0.085) (0.085) (0.085)
1916 − 1921 -0.018 -0.017 -0.007 -0.021

(0.148) (0.148) (0.148) (0.148)
R foreign-born -0.499** -0.501** -0.506** -0.515**

(0.121) (0.121) (0.122) (0.121)
Education of head of household (≤ 6 years reference)

Missing 0.006
(0.055)

7 − 8 years -0.054
(0.071)

9 − 12 years 0.009
(0.086)

13− years -0.098
(0.114)

Family structure (mother and father reference)
Father and stepmother -0.018

(0.174)
Mother and stepfather 0.377**

(0.135)
Father only 0.166

(0.118)
Mother only 0.012

(0.076)
Male relative 0.138

(0.113)
Other arrangement 0.029

(0.097)
Living on his own -0.056

(0.202)
Community size (large city 100, 000+ reference)

Smaller city (25, 000 − 100, 000) 0.064
(0.089)

Suburb of a large city 0.169
(0.164)

Town less than 25, 000 0.187**
(0.070)

Rural, non-farm 0.198
(0.119)

Rural, farm 0.022
(0.066)

Constant -7.561** -7.532** -7.633** -7.648**
(0.804) (0.805) (0.805) (0.808)

N 4972 4972 4962 4964
1 Standard errors in parentheses
2 * significant at 5 %; ** significant at 1%
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Table 10: Effect of Early Life Characteristics on Men’s Mortality, National Longi-
tudinal Survey of Older Men (1966 − 1990)

Sample B (up to 1990)
Model 1 Model 2 Model 3 Model 4

Age 0.065** 0.063** 0.066** 0.064**
(0.013) (0.013) (0.013) (0.013)

Black 0.281** 0.262** 0.271** 0.302**
(0.044) (0.046) (0.046) (0.045)

Birth cohort (1906 − 1910 reference)
1911 − 1915 -0.049 -0.051 -0.041 -0.051

(0.078) (0.078) (0.078) (0.078)
1916 − 1921 -0.111 -0.114 -0.098 -0.122

(0.135) (0.135) (0.135) (0.135)
R foreign-born -0.166 -0.166 -0.167 -0.188

(0.099) (0.099) (0.100) (0.100)
Education of head of household (≤ 6 years reference)

Missing 0.051
(0.051)

7 − 8 years -0.057
(0.066)

9 − 12 years 0.000
(0.079)

13− years -0.090
(0.105)

Family structure (mother and father reference)
Father and stepmother -0.101

(0.164)
Mother and stepfather 0.360**

(0.128)
Father only 0.083

(0.111)
Mother only 0.059

(0.069)
Male relative 0.090

(0.105)
Other arrangement 0.056

(0.087)
Living on his own 0.161

(0.171)
Community size (large city 100, 000+ reference)

Smaller city (25, 000 − 100, 000) -0.043
(0.081)

Suburb of a large city 0.150
(0.147)

Town less than 25,000 0.085
(0.064)

Rural, non-farm 0.137
(0.108)

Rural, farm -0.062
(0.060)

Constant -7.064** -7.008** -7.158** -7.047**
(0.735) (0.737) (0.736) (0.739)

N 4972 4972 4962 4964
1 Standard errors in parentheses
2 * significant at 5 %; ** significant at 1%
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Table 11: Effect of Early Life Characteristics on Men’s Mortality, National Longi-
tudinal Survey of Older Men (1966 − 1990)

Sample C (up to 1990)
Model 1 Model 2 Model 3 Model 4

Age 0.072** 0.071** 0.073** 0.072**
(0.015) (0.015) (0.015) (0.015)

Black 0.228** 0.208** 0.214** 0.245**
(0.051) (0.053) (0.053) (0.052)

Birth cohort (1906 − 1910 reference)
1911 − 1915 -0.043 -0.042 -0.034 -0.042

(0.090) (0.090) (0.090) (0.090)
1916 − 1921 -0.121 -0.12 -0.105 -0.124

(0.157) (0.157) (0.157) (0.157)
R foreign-born -0.460** -0.464** -0.470** -0.482**

(0.130) (0.130) (0.131) (0.131)
Education of head of household (≤ 6 years reference)
Missing 0.014

(0.058)
7 − 8 years -0.079

(0.074)
9 − 12 years -0.004

(0.090)
13− years -0.156

(0.121)
Family structure (mother and father reference)
Father and stepmother -0.101

(0.191)
Mother and stepfather 0.412**

(0.140)
Father only 0.184

(0.122)
Mother only 0.027

(0.080)
Male relative 0.149

(0.117)
Other arrangement 0.076

(0.101)
Living on his own 0.087

(0.211)
Community size (large city 100, 000+ reference)
Smaller city (25, 000 − 100, 000) 0.021

(0.095)
Suburb of a large city 0.256

(0.167)
Town less than 25, 000 0.157*

(0.074)
Rural, non-farm 0.203

(0.124)
Rural, farm 0.001

(0.070)
Constant -7.573** -7.525** -7.702** -7.648**

(0.853) (0.854) (0.853) (0.856)
N 4326 4326 4317 4321
1 Standard errors in parentheses
2 * significant at 5 %; ** significant at 1%


