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Abstract

This paper studies the relationship between a father�s age at death and his children�s
expected lifetime using a large and representative data set of individuals in Israel. We
�nd that, after the early thirties for women and early forties for men, the survivor
probability of an individual is signi�cantly a¤ected by the age at which her or his father
died. The estimates imply that the di¤erence in expected lifetime when the father dies
at age 80 instead of at age 40 amounts to about 14 years for women and 9 years for men.
We explore the extent to which the estimated e¤ects can be interpreted as due to genetic
factors. Under additional assumptions, we �nd that genetic factors explain less than 10
percent of the variance in longevity across individuals.
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1 Introduction

Although it is commonly believed that there is a strong correlation between the life

expectancy of parents and their children, there is very little scholarly research to back

up this claim, let alone quantify it. In her 1964 survey, Bernice Cohen (1964) con-

cluded that the �idea that heredity plays an important role in the determination of life

span... has been more taken for granted than supported by exact scienti�c investigation�.

Later, several studies found that the chance of children and siblings of centenarians sur-

viving into their late nineties is signi�cantly higher than average (Perls et. al., 1998,

2000). Other studies used pairs of twins (Herskind et. al., 1996), adoptees (Sorensen et.

al.,1996), genealogical data in two German parishes between 1650 and 1927 (Kemkes-

Grottenthaler, 2004), and even the genealogy of European high nobility over several

centuries (Gavrilov and Gavrilova, 2001), to elicit information on the intergenerational

transmission of longevity.

While most of these and other studies corroborate the prior belief on the existence

of an intergenerational correlation in mortality, they are based on small and often non-

representative samples. The absence of a large representative sample is not surprising.

To quantify the longevity relationship between parents and children requires data on the

birth and death dates of two generations, and the ability to link children to their parents.

This means, for example, that someone dying in 1990 at the age of 80 needs to be linked

to his or her parents who were born in the 19th century. These data are di¢ cult to obtain

in a form amenable to statistical research. Thus, it is not surprising that estimates of

the relationship between parents�longevity and their children�s life expectancy based on

large, representative, samples are simply not available.1

When there is heterogeneity in the survival process, it is important to have a large

sample in order to be able to estimate the relationship of interest in subsets of the data

1An exception is the Icelandic data base which includes 270,000 living Icelanders in addition to most
of their ancestors since the ninth century (Gudmundsson et al., 2000). A shortcoming of these data
is that there is too little genetic variation in the population since all descendants are the o¤springs of
nine families that settled in Iceland about 500 years ago. Also relevant is the Health and Retirement
Study (HRS) which surveys more than 22,000 Americans over the age of 50 every two years and provides
information on parental age at death. Because the survey is conducted on living individuals, one needs
to track a given cohort of old people over time in order to observe some deaths and this considerably
reduces the number of observations.
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which are (relatively) homogeneous.2 This paper uses a sample of over half a million

individuals in Israel to quantify the relationship between the longevity of fathers and

their children. This is the �rst study to empirically address the correlation in longevity

across generations using a large and representative data set.

The data, described in Section 2, are based on records from the o¢ cial Population

Registry of the State of Israel. The records in the Registry allow us to link individuals to

their fathers but less well to their mothers. We therefore focus our analysis on the e¤ect

of father�s age at death on his children�s expected lifetime. We use observations on about

550,000 individuals whose father died by March 31, 2004. Our empirical approach to

estimate the e¤ect of father�s age at death on his children�s expected lifetime is described

in Section 3. Because the lifetime data are highly censored, we use the Kaplan-Meier

estimator to estimate survivor functions for individuals in cells de�ned by gender, coun-

try and cohort of birth, immigration period, and father�s age at death. We have about

1200 such cells and corresponding survivor functions. In this manner we account non-

parametrically for a large part of the heterogeneity in the probability of survival across

individuals. We then estimate the e¤ect of these covariates �particularly father�s age at

death �on the probability of survival using �exible functional forms. From the estimated

survivor function we infer the relationship between expected lifetime and father�s age at

death.

Our �ndings are presented in Section 4. We �nd that a father�s longevity has a

strong and signi�cant e¤ect on his children�s life expectancy at birth. When a father

dies young, at around 40 years old, expected lifetime is 70 years for his daughters and 67

years for his sons. However, if the father survives to be 80 years old, expected lifetime

reaches 84 and 76 years for his daughters and sons, respectively. This is a large and

signi�cant e¤ect. Interestingly, the marginal e¤ect of the father�s age at death varies

with the age at which the father dies (as well as over the children�s survival age). For

example, a father living an additional year when he is about 40 years old is associated

with an additional 0.6 years for his daughters and additional 0.3 years for his sons. For

the daughters, this marginal e¤ect declines until the father�s age at death reaches 85

years where it levels o¤. The pattern is di¤erent for the sons: the marginal e¤ect of a

2Unobserved heterogeneity in the hazard rate of dying is known as �frailty�. Vaupel (1988) convinc-
ingly argues that the correlation in the life spans of parents and children can be very small even when
the unobserved frailty is highly correlated within families.
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father living an additional year weakly declines until the father�s age at death reaches

80 years, but then it increases sharply (see Figure 6).

Importantly, in a subsample of the data where education and wage data are avail-

able, we show that although they are associated with longevity, adding them to the model

does not change the estimated e¤ect of father�s age at death on the survival probability.

Having estimated the relationship between the longevity of a father and his chil-

dren, we present in Sections 5 and 6 a simple model of longevity transmission across

generations. This model links longevity to human capital, environmental, and genetic

factors and provides a framework for interpreting the estimated results. The model shows

when a parent�s longevity can serve as a proxy for the unobserved genetic component

in the intergenerational transmission of longevity. This is not trivial because a parent�s

longevity is determined not only by his genes but also by the environment during the

parent�s lifetime, which in turn, is correlated with his children�s environment. We use

our theoretical model to disentangle these two factors. The model also emphasizes the

di¢ culties in giving a causal interpretation to the e¤ects estimated in our empirical

analysis.

Scientists have long been interested in the transmission of characteristics across

generations. Re�ecting this general interest, economists focused on the transmission

of economic status and other socio-economic characteristics. For example, Solon (1999

and forthcoming) analyzes the extent to which income is transmitted across generations,

while Plug and Vijverberg (2003) and Black, Devereux and Salvanes (2005, 2008) analyze

the transmission of schooling and IQ from parents to children.3 In this type of work, the

perennial question is the relative importance of �nature versus nurture�in determining

an individual�s socio-economic status and behavior (see Plomin, DeFries, and Fulker,

1988 and, more recently, Sacerdote, 2002, 2007).4 The present paper contributes to this

literature in that it analyzes the transmission of longevity from parents to children and, in

Section 6, we use the theoretical model to quantitatively assess the relative importance of

genetics (�nature�) and environment (�nurture�) in determining life expectancy. While

3Economists have also studied the e¤ect of speci�c parental socio-economic characteristics on personal
characteristics of their children. For example, Currie and Moretti (2003) study the e¤ect of maternal
education on birth outcomes.

4See also Goldberger and Manski (1995) for a critical review of the book �The Bell Curve: Intelligence
and Class Structure in American Life�(Herrnstein and Murray, 1979).
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our estimate of genetic transmission is very much in line with the biological literature, we

�nd that genetic factors explain less than 10 percent of the variance in longevity. Recent

studies based on data for Nordic twins estimate that genetics explains between 20 and 30

percent of adult longevity (see survey in Christensen, Johnson and Vaupel, 2006). These

estimates are not very di¤erent from ours given that we consider the e¤ect of genetics on

the variance of longevity within the total population, whereas the twin studies analyze

the variance of longevity among adults only. It is widely held that genetic in�uences on

longevity are minimal before adulthood (e.g., Christensen, Johnson and Vaupel, 2006).

Although our estimate is sensitive to the parametric assumptions made, we believe the

qualitative nature of our �ndings is robust to alternative formulations because of the

very small (raw) correlation in longevity between fathers and their children.

An extensive literature studies the relationship between socio-economic conditions

and health and mortality (Marmot et. al., 1991, Smith, 1999). The simultaneous re-

lationship between socio-economic status and health makes it very di¢ cult to identify

causal paths with the available data (see, for example, Adams et. al., 2003; Adda et. al.,

2003; Anderson and Marmot, 2007; Attanazio and Emerson, 2003; Deaton and Paxon,

1999). In recent papers, Van den Berg, Lindeboom and Portrait (2006) and Van den

Berg, Doblhammer-Reiter, Christensen (2008) use macroeconomic �uctuations to esti-

mate the e¤ect of economic conditions early in life on mortality. In this paper, we bring

another factor to the table �the father�s longevity �and show that it signi�cantly a¤ects

his children�s life expectancy. At the same time, we also warn about the di¢ culties in

giving a causal interpretation to these e¤ects.

2 The Data Set: Linking Children to Parents

Our data are based on records from the o¢ cial Population Registry of the State of Israel.

A record in the Registry has the individual�s name and identity number as well his or her

parents�names and, in some cases, their identity numbers. When available, the parents�

identity number is used to access the parents� records at the Registry. The Registry

provides information on the date of birth and on the date of death if the person died

before March 31, 2004, the last update of the Registry. The Registry does not record the

cause of death. It follows that the way the Registry is organized allows us, in principle,

to match children to parents and obtain the children�s and parents�dates of birth and
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death.

Column (1) in Table 1 gives the total number of records on individuals by cohort of

birth. After deleting emigrants, individuals born before or during 1900 and individuals

with obvious errors in their vital statistics, the total number of records in the Registry

by March 31, 2004 is 5,798,066.5 Using the available identity numbers we matched indi-

viduals to their fathers and the number of matches appears in column (2). The matching

to mothers was problematic and is not used in this paper for reasons to be discussed

below. Overall, only about 54 percent of the individual records can be matched to their

fathers. Notice, however, that the distribution of these matches across cohorts varies

considerably. The percentage of matched records, column (3), increases monotonically

from about less than a tenth of a percentage point in the 1901-1909 cohort to 96 percent

for persons born after 1990. Until 1939 less than 1 percent of the records can be matched

in the Registry. This is problematic because we need matched data precisely for the ear-

lier cohorts where death of both children and their father is prevalent. Fortunately, the

Israeli Population Registry has a unique feature that allows us to generate many more

matches than those available directly from the Registry.

The Registry was established in 1948 with the creation of the State of Israel.

Surveyors went house by house and recorded demographic data of each person in the

household (children and adults). In particular, for each individual they recorded the

names (�rst and last) of their parents and assigned consecutive identity numbers to

all household members. Furthermore, families who immigrated to Israel following its

establishment in 1948 were also assigned consecutive identity numbers. Thus, the identity

numbers of most of the Jewish population in Israel, who were born in Israel before 1948 or

5Before the deletions the Registry has 6,862,849 observations. The deletions were made after match-
ing individuals to parents. We �rst deleted 658,522 observations of individuals that are marked in the
Registry as emigrants. According to their calculations, over 80 percent of them emigrated to other coun-
tries (since the establishment of the Registry approximately 6% of the Jewish population emigrated).
These individuals are usually registered as �alive� in the Registry even if they died abroad. For the
same reason we deleted 134,296 observations of individuals whose fathers have emigrant status and
missing date of death. Next, because of strong suspicions about the reliability of the date of birth data,
we deleted 255,111 observations of individuals born before or during 1900. Because the deletions were
made after matching we include individuals born after 1900 with parents born before 1900. We further
deleted 9,084 individuals with missing gender information, and 315 observations where the individual
was born within 13 year of the father. In addition, 2,746 observations with negative life durations,
and 4,343 observations with missing information on the country of origin were also deleted. Finally, 68
observations whose fathers died after the age of 110, and 298 observations whose fathers died before
reaching 13 years of age were also deleted. The total number of observations deleted is 1,064,783.
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immigrated to Israel after 1948, are bundled together by families. We exploit this feature

to generate additional matches between children and their parents. The algorithm that

generates these matches (to fathers) works as follows:

1. Sort the Population Registry by ascending id number.

2. For each record i in the Registry, select the 10 records preceding and the 10 records

following record i:

3. Among these 20 records, select those that are males.

4. Among these records, select those with a �rst and last name equal to the father�s

name in record i:

5. Among these, select those whose age is older than record i0s age by at least 15

years.

6. Among these records, select the one whose id number is closest to the id number

of record i: This record is the father and his id number is added to record i:

Column (4) in Table 1 provides the number of matches found by the algorithm

only. Overall, the algorithm generates about 150,000 additional matches. Notice the

importance of the algorithm in generating matches in the earlier cohorts. Thus, the total

number of individuals matched to their fathers (in the Registry or by the algorithm) is

the sum of columns (2), (4) ,(5) and (6) which gives 3,421,545, representing 59 percent

of the total number of records

Some of the matches created by the algorithm already exist in the Registry. In

most of these cases the matches identi�ed by the algorithm accord with the Registry

(column (6)), but in some cases the algorithm assigned a father to an individual who has

a di¤erent father in the Registry (column (5)). The percentage of mismatches, reported

in column (7), is minimal: it averages to about a tenth of a percentage point, reaching

2.6 percent in one cohort only. Thus, we are quite con�dent that the matches generated

by the algorithm are reliable.

A similar algorithm was used to match individuals to their mothers but the results

were far from satisfactory. The main reason for this negative result is that when the

Registry was �rst computerized in the 1960�s the father�s name was recorded, whereas
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the mother�s name was omitted in order to save computer resources. Only in 1980 when

a new computer was purchased, the mother�s name was gradually added, a process that

was completed in the mid nineties. Thus, by 1980 only 20 percent of the individuals had

their mother�s name recorded in the Registry; this proportion reached 98 percent by 1996.

Unfortunately, this update was carried out only for the records of the living individuals.

Consequently, the earlier a person died, the lower the probability that his/her mother

name is recorded in the Registry. Thus, individuals who are matched to their mothers

tend to live longer than a person randomly drawn from the population. We avoid this

problem by focusing our empirical analysis on the e¤ect of father�s longevity on their

children�s longevity using the sample of individuals with a dead father.6

Table 2 explains the manner in which the sample used in the empirical analysis

was assembled. Although the total number of matched observations in column (1) is

3,421,545, we deleted 4,682 observations due to inconsistencies in their reported dates of

death.7 Column (2) reports the number of matched observations by cohort after these

deletions. The sample we use in the empirical work is limited to individuals whose father

died by March 31, 2004 (column (3)). This reduces the number of observations consider-

ably since only about 16 percent of the matched observations belong to individuals with

dead fathers.8 The empirical analysis is therefore based on data for 552,019 individu-

als with dead fathers. As shown in column (5) only 36,064 observations �6.5 percent

�correspond to individuals who also died before March 31, 2004, i.e., are uncensored.

The censoring, as expected, is small in the �rst two cohorts (until 1919) and increases

monotonically over the century (column (6)).

A natural concern at this stage is whether the matching procedure and the various

deletion choices introduce biases in our sample. For example, the procedure we used to

match children to their parents cannot be applied to individuals born in Israel after 1948.

Thus, only a small fraction of the individuals born in Israel in the early 50s are matched

6We also restrict the analysis to the Jewish population because the matching procedure does not
work well with the Arab population. This is mainly due to the tradition of sharing the same names
across members of the extended family (often numbering dozens and even hundreds of persons).

7To be part of the Population Registry individuals must have survived until January 1, 1949 and,
in the case of new immigrants arriving after 1949, they had to survive to their year of immigration.
Observations with dates of death preceding these logical thresholds were treated as error and deleted.

8As expected, the percentage of dead fathers is very high in the �rst cohorts but declines rapidly.
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to their parents, while we match a much larger fraction of individuals from that cohort

who immigrated to Israel. This, by itself, should not be a problem because we control

for country of birth and cohort of immigration in our empirical analysis.

What may be more problematic is if individuals born in Israel during the 1950s

and 1960s that were matched to their fathers �and are therefore in the sample �were

not randomly selected from the population. This would be the case if the reasons for

observing a matching between individuals and their fathers are related to health or

other uncontrolled factors that may a¤ect mortality. For example, the sample may not

be a random sample if it contains disproportionately more people who were in contact

with the authorities due to health problems or because they were welfare recipients.

This should not be a concern for individuals living in Israel in 1948 (either Israeli-

born or pre-1948 immigrants) and for post-1948 immigrants because the assignment of

consecutive identity numbers and the corresponding matching were not conditioned on

unobserved (or even observed) variables. Moreover, the parent-children matching applies

automatically to almost all individuals born in Israel since the 1970s (see Table 1). For

a subsample of individuals we have information on their education level and wages in

either 1983 or 1995 (from the Population Census). We regressed these variables on a

binary indicator for belonging to the matched sample, controlling also for country and

cohort of birth, gender, and cohort of immigration. We found the estimated coe¢ cient of

the binary indicator to be small and not signi�cantly di¤erent from zero. Thus, there are

no signi�cant di¤erences in education and wages between individuals in the sample and

individuals not in the sample, suggesting that there is no evidence of a selection problem

(along these two dimensions) for individuals born in Israel in the 1950s and 1960s.

Another sampling issue that needs to be clari�ed is that our empirical analysis is

conditional on the sample data. Thus, individuals whose father will die at a given age

in the future (after 2004) are excluded from the sample. For example, the sample will

not include many individuals born in the 1980s with fathers dying at age 65 by 2004.

Thus, we are not selecting all observations with a given father�s age at death. In fact, we

sample disproportionately fathers that died at a young age. Thus, our sample does not

properly represent the distribution of father�s age at death in the population. This is not

a problem, however, because we are not interested in this distribution but on the impact

of father�s age at death on the age at death of the child, and selection with respect to

8



this explanatory variable is legitimate and will not bias our estimators. Our empirical

model assumes that the marginal e¤ect of a father�s longevity on his children�s survival

does not change over (calendar) time (see Section 3). This �stationarity� assumption

allows us to use data from early cohorts to estimate e¤ects at values of father�s age at

death that have not yet happened.9

3 Methodology and Model Speci�cation

In this section we sketch a simple statistical model of survival that will guide our em-

pirical investigation. We start with Si(t); the survivor function for individual i; giving

the probability of dying after age t: Si(t) is non-increasing in t: This formulation of

the survivor function allows for arbitrary heterogeneity in survival probabilities across

individuals. To make this model operational, however, we now restrict the source of

this heterogeneity to the values taken by observed and unobserved covariates, xi and zit;

respectively,

Si(t) = eS(t; xi; zit) (1)

Note that the observed variables are age-invariant whereas the unobserved ones

may vary over the individual�s age. This corresponds to the type of data analyzed

in this paper. In the empirical analysis, xi will include gender, cohort and country

of birth, cohort of immigration and, most importantly, father�s age at death, while zit

represents unobserved cumulative factors such as changing health and/or socio-economic

conditions.10 We assume, without loss of generality, that zit is a scalar.

In order to deal with the unobserved factor we decompose zit into its expectation

conditional on (t; x), denoted by z(t; x); and a mean-independent error vit capturing

the unobserved heterogeneity, zit = z(t; xi) + vit; where E(vitjt; xi) = 0: Using this

9We do, of course, allow time to a¤ect the probability of survival because of the improving health
conditions over the 20th century. But we do not allow for calendar time to a¤ect the impact of the other
determinants of survival.

10An implicit assumption of this formulation is that survival beyond time t depends only on the value
of zi at time t and not on earlier values: But zit can include lagged values of other underlying variables.
In any case, we do not dwell on this issue since zit is unobserved.
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representation of zit; we rewrite the survivor function as

eS(t; xi; zit) = eS(t; xi; z(t; xi) + vit) (2)

= S(t; xi; vit)

This formulation makes clear that when we estimate the partial e¤ect of x on the

probability of survival, it will include the indirect e¤ect of a change in z on survival.

That is, unless z and x are independent, the estimated e¤ects would not be the causal

e¤ects of x on eS. Independence between z and x depends, of course, on what is included
in the x0s: Because we are interested in the e¤ect of father�s longevity (a variable in x) on

his children�s survival it is important to pause and re�ect upon the nature of this e¤ect.

One possibility is to think about the causal e¤ect of father�s longevity as the e¤ect of

�genetics�, i.e., the e¤ect of inherited genes on survival. Probably, the main reason for

thinking this way is that the genetic pool is (usually) unobserved whereas other inherited

(and non-inherited) factors a¤ecting survival (environment, human capital, etc.) are

potentially observable and can be controlled for. If genetics as well as all other factors

were observed and controlled for, then father�s longevity should not have any e¤ect on

children�s survival.11 Controlling for all other factors is a strong requirement which is

di¢ cult to meet in practice. Thus, the estimated e¤ects of father�s longevity presented

in Section 4 are likely to represent the e¤ects of many inherited and non-inherited factors

(not necessarily genetics). We expand on the interpretation of the estimated e¤ects in

Sections 5 and 6 where we present a model of longevity transmission across generations.

Let S(t; x) = E(S(t; x; vit)) denote the expected value of the survivor function,

where the expectation is taken over the distribution of vit: Our interest is on the e¤ect of

the variable �father�s age at death�, denoted by Tp on S(t; x); where x = (Tp; ex) and ex
represents all other factors in x except for father�s age at death (and sometimes gender).

We can estimate this e¤ect by comparing S(t; x) for di¤erent values of Tp (holding t and

the other x0s �xed) . This is illustrated by Figure 1 which depicts two survivor curves

as a function of t for di¤erent values of Tp (holding the other x0s �xed). The lower curve

depicts S when Tp = Tp0 and the upper curve is for Tp = Tp1: In this example, individuals

with Tp1 survive longer, on average, than individuals with Tp0:

11One can argue that because individuals are not �potentially exposable�, in Holland�s (1986) ter-
minology, to di¤erent genetic pools, there is no sense in which one can talk about the causal e¤ect of
genetics on survival.
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Our empirical approach consists, therefore, of regressing S(t0; x) on x; for every t0;

to estimate the e¤ect of Tp on S(t0; x); using a �exible parametrization of the survivor

function S(t; x).

In order to do this we �rst need to describe x and to produce estimates of the

survivor function S(t; x) for each x: The vector of covariates x includes gender, country

of birth, cohort of birth, cohort of immigration and father�s age at death (Tp).12 We have

1,262 di¤erent values of the vector x which we refer to as cells (715 cells for men and

547 cells for women). We grouped the 552,019 individual observations on survival times

t (i.e., times of individuals�deaths) into these 1,262 distinct cells. Each cell is therefore a

group of individuals with the same x: We estimated S(t; x) in each cell separately using

the Kaplan-Meier estimator. The number of observations in each cell ranges from a

single observation to a maximum of 364 observations in the cell corresponding to men

born in Israel during 1950-59 whose fathers�age at death was 70-74. The median number

of observations is 87 and the mean is 110 observations per cell. Table 3 shows selected

quantiles of the distribution of the number of observations per cell.

The estimates of S(t; x) were based on t measured in days so that, in each cell,

we have a value for bS(t; x) �the Kaplan-Meier estimate �corresponding to each day
t at which a person with characteristics x died. For con�dentiality reasons, however,

the Central Bureau of Statistics released the estimates of bS(t; x) at monthly values of
t; instead of at the original daily units, and up to t = 1200 months, i.e., up to the

probability of surviving past 100 years of age.13 Henceforth, t is measured in months.14

12Following the Central Bureau of Statistics classi�cations, countries of birth were grouped into 5
groups: Israel, Asia, Africa, Europe (excluding the former USSR) and America, and the USSR. Years
of birth were grouped into ten 10-years cohorts: 1901-1909, 1910-1919,. . . ,1990-1999, and a �ve-years
cohort for 2000-2004. The year of immigration was grouped into 4 groups: those that immigrated
before 1948, between 1949 and 1970, after 1971 and those born in Israel. The �rst group is composed
of immigrants that arrived before the establishment of the State of Israel in 1948, the 1949-70 group
corresponds to the massive immigration �ows after Israel was established, and the last group is composed
mainly by immigrants from the Soviet Union before and after its collapse. The measurement of father�s
age at death is explained in the text.

13In a small country such as Israel there is always the chance of being able to identify individuals
who survived beyond 100 years. For this reason the Central Bureau of Statistics did not release data
on survival data beyond 1200 months. Furthermore, the estimates of the hazard function used in the
Kaplan-Meier estimator at t � 1200 (100 years) are less reliable because of the relative scarcity of death
events at these ages.

14There were 35,953 observations on (t; x) with t measured in days. Moving to t measured in months
implied that individuals with the same age and other characteristics x who died within the same month
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The key regressor in our empirical analysis is Tp; the father�s age at death, which is

a continuous variable originally measured in days but, in order to have a su¢ cient number

of observations per cell, we grouped this variable into consecutive 5 year-intervals and

assigned the father�s mean age at death to the cell.15 Figure 2 shows the distribution

of Tp across cells, i.e., the number of cells having the same value of Tp; by gender.

The histograms indicate the considerable variation of this variable in the sample. Both

histograms have roughly the same shape except for the heights of the bars re�ecting

the larger number of cells for men in the sample. The median father�s age at death in

the sample is 72 years and the standard deviation is about 13 years for both men and

women.16 These estimates, however, are biased downward since Tp is censored at the

latest date at which the Population Registry was updated (March 31, 2004).

Examples of the estimated survivor functions appear in Figure 3. These survivor

functions correspond to individuals born in Israel during 1930-39 with a father that died

at age 55-59 and at age 75-79. Figure 3 is the empirical counterpart of Figure 1. The

survivor function for individuals with a father that died at the younger age is lower than

for those whose father died at the older age. For example, the probability of a man to

survive beyond 70 years is 0.71 if his father died at age 55-59 and increases to 0.79 if his

father died at age 75-79. Note also that this di¤erence is small for lower survival times t

but increases considerably at higher t0s: The pattern for females appears to be similar,

although it is less clear-cut due to the small number of observations.17

have, of course, the same value of t but di¤erent survival probabilities because the latter were estimated
with t measured in days. We therefore averaged all these repeated observations on bS(t; x) to generate
a single estimate of bS(t; x) for each month t. The number of repeated observations of t within cells is
10,228 observations (28.5 percent). After their collapse into a single observation, the total number of
observations on (t; x) is reduced to 29,902.
The distribution of the number of repeated observations within a cell indicates that 64 percent of

them correspond to exactly 2 repetitions, 19 percent correspond to 3 repetitions, 6 percent correspond
to 4, and 11 percent correspond to 5 or more repetitions.

15The intervals for �father�s age at death�were de�ned as 13�19; 20�24; 25�29; 30�34; : : : ; 100�104;
105 and above. In each of these 19 intervals the average father�s age at death was computed and used
as the regressor. Thus the regressor of interest has 19 mass points.

16Weighting by the share of individuals in each cell we obtain population statistics. The median
father�s age at death in the population is also 72 years and the standard deviation is 10 years for both
men and women.

17These plots are based on 108 men and 11 women whose father died at age 55-59, and on 264 men
and 53 women whose father died at age 75-79. The smoothed plots are obtained through the locally
weighted regression procedure lowess in Stata using Cleveland�s tricube weighting function and a 80
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Before proceeding with estimating the e¤ect of Tp on S(t; x) for the entire popu-

lation we need to address a number of speci�cation issues. First, because the values of

S(t; x) are between zero and one, we assume, without loss of generality, a logistic repre-

sentation for S(t; x), namely S(t; x) = eg(t;x)

1+eg(t;x)
; with g(t; x) unrestricted. Transforming

the model accordingly we get,

ln

 bS(t; x)
1� bS(t; x)

!
= g(t; x) + utx (3)

where bS(t; x) is the Kaplan-Meier estimate of S(t; x) and utx represents sampling and
approximation errors.

Second, we need to specify the functional form of g(t; x) in a �exible way. We use

dummies for country of birth (COB) and the birth and immigration cohorts (BC and

IC) and we use a 3th order polynomial on Tp; measured by the mean father�s age at death

in the 5-year interval de�ned by the cell.18 We assume that the demographic dummies

(except gender) and the polynomial in Tp enter additively in g(t; x). We estimate separate

regressions for men and women and therefore allow for Tp (and the other covariates) to

have a gender-speci�c e¤ect on the log odds-ratio.

In principle, and as previously suggested, we can use (3) to estimate g(t; x) sepa-

rately for each t = t0 using observations across di¤erent cells. Proceeding in this fashion,

gives us an estimate of the partial e¤ect of x on S(t; x) for every month t; allowing the

coe¢ cients of Tp (and of the other covariates) to vary with survival time t. The problem

with this approach is that each regression is based on a small number of observations.19

As a result, the partial e¤ects are very imprecisely estimated and vary �too much�from

month to month to be sensible.

We therefore specify the coe¢ cients of Tp and its powers as smooth functions of

survival time t and pool all the observations on (t; x) to estimate the parameters of these

percent bandwidth.

18The powers of Tp are highly correlated so that there is no need for higher order polynomials. For
the 19 di¤erent values of Tp; the simple correlation between T 3p and T

4
p is 0.993 while that between T

3
p

and T 5p is 0.977. In Section 4.2 we check that the estimates are robust to using a 4
th order polynomial.

19Out of a potential total of 2400 regressions (1200 for each gender since t � 1200), only 2075
regressions can be estimated; the others do not have enough number of observations (cells). The largest
number of observations in a regression is 49, while 50 percent of the regressions are based on 10 or less
observations.

13



functions. These considerations lead to the following regression, estimated separately for

men and women,

ln

 bS(t; x)
1� bS(t; x)

!
= �t +

3X
j=1

�j(t)T
j
p + COB +BC + IC + utx (4)

where �t is a month dummy, and

�j(t) = aj0 + aj1t+ aj2t
2 + aj3t

3 (5)

where aj0; aj1; aj2; aj3 are parameters to be estimated using all observations (across t and

x).

The monthly dummies capture the negative e¤ect of survival time t on the log

odds-ratio, while the dependency of the �j(t)
0s on t implies that the e¤ect of father�s

age at death can vary over survival time t: Recall that Figure 3 suggests that Tp a¤ects

survival di¤erently at di¤erent t0s so this is a feature of the data we want to capture in

the model�s speci�cation.

One could argue that as a result of improvements in health technology, �genetics�

is becoming less important over time in determining longevity. At �rst glance, this

argument suggests that the functions �j(t) should also vary over, say, cohorts of birth.

In this paper we do not address the possibility that the relationship between fathers�

and children�s longevity changes over (calendar) time for two reasons. First, we show in

Sections 5 and 6 that the �j(t)
0s cannot be interpreted solely as genetic parameters. That

is, there may be other forces (e.g., the environment ) working in the opposite direction,

i.e., tightening the intergenerational connection over time, and it is therefore not a priori

obvious whether the �j(t)�s should change over (calendar) time at all. Second, on the

practical side, the number of parameters associated with Tp increases by a factor of 11

(the number of cohorts) and this makes estimation of the parameters very imprecise. For

these reasons, we do not generalize the empirical model in this direction.20

It is instructive to compare our empirical approach to a popular alternative among

demographers and epidemiologists: the proportional-hazard (Cox) model. The Cox

20We believe that our data are not best suited to study the possibility that the relationship between
fathers�and children�s longevity changes over calendar time. Once we account for the main sources of
heterogeneity (gender, country and cohort of birth, etc.) we exhaust many of the available degrees of
freedom and are not left with enough observations to estimate changes in the parameters over time with
reasonable precision.
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model assumes h(t; x) = h0(t)ex�; where h(t; x) � �d lnS(t;x)
dt

is the hazard rate. In order

to estimate � there is no need to specify the baseline hazard function h0(t): Individual-

level survival data are used. Heterogeneity across individuals in survival can be accom-

modated by allowing the baseline hazard to di¤er across groups of individuals and/or as

a latent factor (frailty) having a known parametric distribution. In practice, the number

of groups cannot be very large (e.g., Stata estimates S0(t) for up to only �ve groups).

Our approach requires estimates of the survivor function S(t; x) for each x instead of

individual-level data but, because it uses non-parametric estimates of S(t; x); it allows

for any type of heterogeneity in the survivor probability. It is therefore less restrictive

than the multiplicative heterogeneity used in the proportional-hazard model. Moreover,

the latter model does not allow � to interact with survival time t; while our approach

easily accommodates this feature.

4 Empirical Results

The coe¢ cients of Tp and its powers are assumed to be third-order polynomials in t:

This parametrization of g(t; x) requires us to estimate 12 parameters associated with

Tp; T
2
p and T

3
p ; as well as 4 country of birth dummies, 10 year of birth cohorts and 3 year

of immigration cohorts. The baseline case corresponds to people born in Israel during

1930-39.

Table 4 presents the estimated parameters of equation (4) and their standard errors.

The latter were computed by clustering observations at the cell level to allow for di¤erent

variances in utx across cells as well as arbitrary correlations among the u0txs within a cell.

To make the estimates representative of the population we weight each observation (t; x)

by the inverse of the probability of appearing in the sample.21

Regressions in columns (1) and (3) of Table 4 do not control for demographic

variables while those in columns (2) and (4) do.22 The e¤ect of country of birth, cohort

21Otherwise we give too little weight to observations in cells (x0s) where not too many deaths have
occurred. In other words, cells having more individuals in the population have more observations in the
sample (because there are more deaths) than cells with smaller numbers of individuals. We therefore
want to account for the size of the cell in the population. We estimate the probability of appearing in
the sample by the number of deaths that occurred in the population with characteristics x divided by
the number of individuals with characteristics x in the population.

22We only report the country of birth coe¢ cients to conserve space. Notice that being born outside
Israel (the reference country) lowers the odds-ratio in a signi�cant manner, particularly if born in Asia
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of birth and cohort of immigration are signi�cantly di¤erent from zero, and including

them in the regression increases the �t considerably, especially for women where the R2

increases from 0.73 to 0.84.23

The bottom part of Table 4 reports p-values of tests of signi�cance for di¤erent

sets of parameters in (5). The top row labeled �Tp, T 2p , T
3
p (12 a

0s)�tests that Tp has

no e¤ect on the log odds ratio. This null hypothesis is strongly rejected. The second

row tests the hypothesis that the e¤ect of Tp does not vary with survival time t; i.e.,

that all the a0j1s; a
0
j2s; and a

0
j3s except the constant aj0 are di¤erent from zero, and this

hypothesis is also strongly rejected by the data. Thus, the e¤ect of father�s age at death

on his children�s log odds-ratio varies over the children�s lifetime. The last three rows

test separately for the signi�cance of the interaction of Tp, T 2p and T
3
p with t and, in this

case, the null is rejected only when demographics are included.

The focus of this paper is on the partial e¤ect of a change in the age at which

the father dies on the probability of surviving past age t: Because the coe¢ cients of

T jp change with survival time t; this marginal e¤ect varies with t (as well as with Tp):

The regression results provide us with a direct estimate of the e¤ect of Tp on the log

odds-ratio. These are presented in Tables 5. The entries in this table correspond to
@ ln

� bS(t;x)
1�bS(t;x)

�
@Tp

=
P3

j=1 j
b�j(t)T j�1p evaluated at various values of Tp and t:24 The estimated

partial e¤ects are for the most part positive; they are negative (but not signi�cantly

di¤erent from zero) in only 5 of the 98 (49 � 2) combinations of Tp and t in Table
5. Among the 93 positive estimates they are signi�cantly di¤erent from zero (at the 5

percent level) in 39 cases. These estimates indicate that delaying a father�s age at death

for one year when he dies at age 40 (i.e., Tp = 40) increases the log odds survival ratio of

his sons by about 0.003 (0:00025� 12 months) when t = 40 and by 0.034 (0:00284� 12
months) when t = 70: The marginal e¤ect of Tp on the log odds-ratio of survival is over

11 times larger at 70 than at 40 years of age. The corresponding e¤ects for the daughters

are 0.04 and 0.08, respectively.

or in Africa.

23The R20s are high because of the survival time dummies, �t. Regressing the log odds ratio on these
dummies only generates an R2 equal to 0.83 for men and 0.71 for women.

24To be clear, the data are at a monthly frequency and the empirical analysis uses t and Tp measured in
months. In the �gures and tables we show t and Tp in years rather than months for clarity of exposition
only.
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It is perhaps more revealing to estimate the e¤ect of Tp on S(t; x) rather than on

the log odds-ratio. We have,

@S(t; x)

@Tp
=

@ ln
�

S(t;x)
1�S(t;x)

�
@Tp

� (1� S(t; x))S(t; x) (6)

=

3X
j=1

j�j(t)T
j�1
p � (1� S(t; x))S(t; x)

Note that, even if the e¤ect of Tp on the log odds-ratio is independent of t and

x; the logistic formulation implies that the e¤ect of Tp on S(t; x) is not. We use the

Kaplan-Meier estimates of S(t; x) and the estimates from (4) to compute (6) for each

observation t in each cell, i.e., for all t and x:

Next, we average these marginal e¤ects over x; for given values of t and Tp and

gender, to obtain a mean marginal e¤ect for each value of (t; Tp) and gender.25 Figure

4 plots smooth versions of these (mean) marginal e¤ects against t for di¤erent values

of Tp.26 We observe that the marginal e¤ect of father�s age at death on the survivor

probability is close to zero until women reach their early thirties and men their early

forties, but then it rapidly increases for both genders. This means that longer-lived

fathers increase the survivor probability of their o¤springs at older but not at younger

ages. To give an idea of the magnitude of these e¤ects, note that when the father�s

age at death is in the age interval 55-59 years (the long dash-dot curve) an additional

month alive would increase the survivor probability at age 70 of his daughters by about

100� 0:0005 = 0:05 percentage points and by about 0:04 percentage point for his sons.
When the father lives for �ve additional years (60 months) this would increase these

probabilities by 3 and 2:4 percentage points, respectively. When the survivor probability

at age 70 is around 80 percent (as in Figure 3), these marginal e¤ects are non-negligible.

Perhaps the most intuitive way of describing the relationship between the longevity

of a father and the longevity of his children is by relating the children�s life expectancy

25That is, we computed
PI

i=1 wi
@ bS(t;Tp;exi)

@Tp
; where wi is the share of the population in cell xi among

all observations corresponding to people of the same gender that died at t and had the same father�s
age at death Tp: exi are the demographic controls in xi except for Tp and gender. I is the number of
cells (715 for men or 547 for women).

26The non-smoothed mean marginal e¤ect shows exactly the same pattern as in Figure 4, but has
more jerkiness because in each month t a di¤erent number of cells is used to compute the mean marginal
e¤ect. Smoothing was done using the command lowess in Stata which is based on Cleveland�s tricube
weighting function with bandwidth 80 percent.
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at birth against Tp: We now turn to this.

Life expectancy at birth, conditional on x; can be expressed as a function of the

survivor probability,

E(T jx) = E(T jTp; ex) = Z 1

0

S(t; Tp; ex)dt
where T is an individuals�s lifetime duration, ex denotes demographic covariates excluding
Tp, x = (Tp; ex):

Ideally, E(T jx) should be estimated for each x by adding-up the the Kaplan-Meier
estimates of S(t; x) over t for each cell x. We set the upper limit of the integral to

1351 months (112.5 years), which is the oldest age reached by any person in Israel. The

problem with this approach is that the Kaplan-Meier estimates are available only for

those dates t where at least one individual died. Thus, in any given cell, there are many

values of t where S(t; x) is not estimated because there were no deaths. In fact, Table 3

indicates that the number of months by cell varies between 1 and 364. Moreover, we only

have survival data up to 100 years of age (t = 1200), but in order to compute expected

lifetime we would like to assign some positive probability to values of t above 1200. We

therefore need to �ll in the gaps in bS(t; x) for t between 0 and 1351 if we want to estimate
E(T jx):

We address this issue by using the predicted value of S(t; x) implied by the pre-

dicted log odds-ratio in model (4) (from regressions (2) and (4) in Table 4) instead of

the Kaplan-Meier estimates. Recall that the R2 is above 0.84 so that the discrepancies

between the Kaplan-Meier estimates and the parametric model estimates should not be

large. The advantage of using the model is that it allows us to predict S(t; x) at times

t where no deaths were recorded as well as for t > 1200: In order to do this we need to

generate estimates of the constant term �t at those values of t; �j(t) presents no problem

because it can be computed at any t using the estimates of aj0; aj1; aj2; aj3: To obtain

estimates of �t we regress the available b�ts on a cubic trend and use the estimated trend
parameters to predict �t for the missing t0s in every cell and also for 1200 < t � 1351.27

The predicted �0ts after t = 1200 follow the trend in place at t = 1200: Using the esti-

mated and interpolated parameters we predict the log odds ratio for t = 0; : : : ; 1351 in

27We estimated separate regressions for men and women. The cubic trend �ts the b�t extremely well;
the R2 from this regression is above 0.99 for men and women. The estimated �0ts are, as expected, for
the most part negative and decline faster for men than for women.
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each cell and solve for a predicted S(t; x) which is then added up over t from 0 to 1351

to obtain an estimate of life expectancy at birth in each cell, bE(T jx).
Figure 5 plots bE(T jTp; ex) against father�s age at death Tp: Each dot represents an

estimated life expectancy for di¤erent values of Tp and ex:28 For each value of Tp (and
gender) we computed the weighted average of bE(T jTp; ex) across ex:29 The displayed line
connects these weighted averages. Figure 6 omits the individual values of bE(T jTp; ex) and
plots only their weighted mean for given Tp; bE(T jTp); as well as the slope of this line
along the right-hand side y axis. This non-parametric estimate of the marginal e¤ect

of Tp on life expectancy is simply the change in mean bE(T jTp) as Tp changes over the
5-year intervals divided by 5 years so that it is interpreted as the change in expected

years of lifetime when Tp changes by one year.30 The data underlying these plots appear

in Table 6. The di¤erence in expected lifetime when the father dies at age 80 instead of

at 40 amounts to about 8.9 years (= 76:3 � 67:4) for men and to about 14.3 years for
women (= 83:9� 69:6): Clearly, these are quantitatively signi�cant e¤ects.31

Note that the marginal e¤ect of Tp on life expectancy is always positive for both

men and women. The marginal e¤ect of the father�s age at death varies with the age at

which the father dies. For the daughters, this marginal e¤ect declines until the father�s

age at death reaches 85 years where it levels o¤. The pattern is di¤erent for the sons:

the marginal e¤ect of a father living an additional year weakly declines until the father�s

age at death reaches 80 years, but then it increases sharply (see Figure 6).

Figure 6 indicates that when Tp is small, the marginal e¤ect is higher for women

than for men. A father�s longevity has a stronger e¤ect on his daughters�when he dies

young and a stronger e¤ect on his sons�when he dies old. This �nding provides a clue to

the mechanism through which longevity is transmitted across generations. Suppose that

28Because any given value of Tp appears in several cells, there are many estimates of E(T jTp; ex) at
each of the 19 di¤erent values of Tp:

29The weights are given by the share of the population in each cell x among all observations of the
same gender corresponding to people whose father�s age at death was Tp.

30These di¤erence estimates are justi�ed on the basis that bE(T jTp) is very smooth. An estimate of
the analytical derivative was also computed generating very similar results.

31Note that the magnitude of these e¤ects is broadly consistent with the estimated marginal e¤ects
in Figure 4. For example, if we take the mean value of the marginal e¤ect of Tp on S to be about 0.0002
and integrate over 1351 months we get @E(T jx)

@Tp
= 0:27 months when Tp increases by 1 month. This

translates into an additional 10.8 years when Tp increases by 40 years.

19



longevity is driven by genetics and socioeconomic conditions (SOCs), and suppose that

much of a person�s SOCs are determined by his or her mid-twenties, when the father is

55-65 years old. Thus, a father dying at a young age adversely a¤ects his children�s SOCs

(see, Corak, 2001, Lang and Zagorsky, 2001 and Gould, Lach and Simhon, 2008), whereas

if the father dies at an older age this would have a small e¤ect, if any, on their SOCs.

It follows that when the father dies at an old age the intergenerational relationship in

longevity is driven mainly by the inheritance of genetic traits rather than by transmitted

SOCs. In this scenario, the �nding in Figure 6 is consistent with the idea that a father�s

longevity a¤ects his daughters�longevity mainly through its e¤ect on their SOC but is

more closely related to his sons�longevity through the transmission of genetic traits.

It is also of interest to examine the variation in expected lifetime across cells (x)

in the population. In Figure 7 we present kernel estimates of the density of E(T jx)
across x (where each E(T jx) is weighted by the share of the population in each cell x to
give population values). The mean life expectancy is 74:1 for men and 79:8 for women.

These estimates are below the life expectancy �gures reported by the Central Bureau

of Statistics for the Jewish population in 2004 � 78:7 and 82:7 for men and women,

respectively, because the latter are calculated for a �ctitious individual facing in every

year of his or her life the mortality rate in 2004. Our estimates, however, are based on

data for earlier cohorts who had considerably shorter life spans.32 As expected, women

have a higher mean life expectancy than men. A less known �nding, however, is that

women�s expected lifetime also exhibits considerably more variation than that of men:

the interquartile range in life expectancy is 7.8 years for women but only half of it (3.9

years) for men.

It is perhaps tempting to associate the e¤ect of father�s longevity on survival as

re�ecting a genetic mechanism. But this interpretation would be correct only in the ideal

case where we can control for other factors transmitted from fathers to their children

(environmental factors, wealth, etc.), as well as for investments in human capital (includ-

ing health capital) that a¤ect longevity and are themselves a¤ected by genetics.33 This

32For details, see http://www1.cbs.gov.il/shnaton57/st03_22.pdf

33That is, genetics has a direct e¤ect on longevity as well as multiple indirect e¤ects via decisions made
by the individual over her lifetime. If we want to use parental longevity to identify the direct, causal
e¤ect of parental longevity we need to control for the indirect e¤ects as well as for other non-genetic
inherited factors.
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is a tall order in terms of data requirements. We explore this issue in detail in Sections 5

and 6 where we o¤er a simple theoretical model of intergenerational longevity transmis-

sion that helps in interpreting the estimated e¤ects. Despite the di¢ culties in assessing

causality with the available data, we believe that quantifying the �raw�relationship be-

tween a father�s age at death and his children�s longevity, as given by (2), is valuable for

several reasons: �rst, it has intrinsic interest; second, it can be informative on the order

of magnitude of the causal e¤ect and, �nally, it may stimulate the development of more

informative data that will enable us to disentangle the causal from the non-causal e¤ects

of parental longevity.

4.1 Controlling for Education and Wages

As mentioned above, an important question about our empirical �ndings is how much

of our estimated e¤ect re�ects unobserved factors that a¤ect both the fathers�and their

children�s longevity. Although we control for gender, country of origin and cohort of birth

and of immigration, other factors that can plausibly a¤ect both parental and children�s

survival, such as household income, wealth, and education, were not controlled for. We

cannot give a de�nite answer to this question because of lack of data, but the evidence we

present below strongly suggests that controlling for years of schooling and wages would

not change our estimates of the e¤ect of father�s longevity on his children�s survival.

The 1983 Census provides us with data on years of schooling and monthly wages for

about 20 percent of the overall population. We restrict the sample to those individuals

older than 21 years of age at the time of the Census (i.e., after the mandatory military

service in Israel), and match these data to the Population Registry. Because the number

of individuals in the Population Registry matched to the Census �le is not large, we do

not group the individuals into cells, as previously done, but use the individual survival

data to estimate a proportional-hazard (Cox) model. Our goal here is limited to compare

the estimated e¤ects of Tp in a model where we control for education and wages to the

estimates of Tp in a model where these socio-economic controls are omitted.

We present the estimates of the Cox model in Table 7. The speci�cation of the

e¤ect of Tp is di¤erent from that estimated in Table 4 with the previous methodol-

ogy. We allow the e¤ect of Tp to vary over Tp by using splines over the intervals

[0; 45]; [46; 65]; [66; 85]; [86+]; but in the Cox procedure we cannot allow this e¤ect to
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vary with t: Column (1) presents the estimated hazard ratios when years of schooling are

added to the demographic controls. Recall that the hazard ratio measures the propor-

tional change in the hazard rate when Tp increases by one year. A hazard ratio equal to

one means no e¤ect of Tp on the hazard rate, and corresponds to a zero estimated coe¢ -

cient, while a hazard ratio larger (smaller) than one corresponds to a positive (negative)

estimated coe¢ cient. We observe that, qualitatively, father�s age at death has a similar

e¤ect on the hazard, as it had on the log-odds ratio estimated in Table 4. Education is a

very signi�cant determinant of the mortality hazard: an increase in one year of schooling

reduces the hazard of dying by about 5.2 percent. In Column (2) we maintain the same

sample of individuals but omit schooling from the estimated model. The crucial point

for our purposes is that the exclusion of schooling does not change in any signi�cant way

the estimated e¤ects of father�s age at death on the hazard rate of dying. These results

suggest that father�s age at death is not just re�ecting the positive e¤ect of education

on longevity.

We repeat the same exercise using monthly wages. Since wages are observed at

di¤erent ages for di¤erent individuals we constructed a predicted wage at age 50 and used

it as our regressor.34 Column (3) reports the estimates obtained when using this predicted

log wage at age 50 (for a di¤erent sample). The analysis is restricted to those individuals

between 21 and 65 years of age for men, and 21 and 60 years of age for women. As with

education, its exclusion in column (4), does not a¤ect the estimated intergenerational

e¤ects. Wages have a very strong e¤ect for sons �a 10 percent increase in the expected

wage reduces the sons�hazard of dying by 3 percent�, but a non-signi�cant e¤ect for

daughters.

We interpret this, albeit partial, evidence as supportive of the notion that the

partial e¤ect of Tp estimated with the full sample re�ects more than unaccounted socio-

economic paths.

34We did this as follows: we used the cross-section data in 1983 to estimate an OLS regression of
log monthly salary on a cubic in age, schooling and a vector of demographic covariates (cohort and
country of birth and year of immigration) for men and women separately. We then used the estimated
parameters to estimate the percentage growth in predicted salary between the person�s age in 1983 and
age 50 and applied this growth rate to his or her observed salary in 1983. In practice, however, the
estimates are very similar to those obtained using the age-varying wage.
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4.2 Robustness Checks

We perform several robustness checks of the results. We �rst check the sensitivity of

the results to the choice of polynomial degree in equation (4). The dotted line in Figure

8 shows that using a 4th degree polynomial in Tp does not a¤ect the main conclusions.

Second, we examine the e¤ect of weighting on the life expectancy estimates. Ignoring

the weights when estimating equation (4) and when averaging the di¤erent estimates of

E(T jx) we obtain somewhat lower estimates of E(T jx); especially for females, given by
the long-short dashed line in Figure 8. Finally, we estimate equation (4) using S(t; x)

as the dependent variable instead of the log odds-ratio. The dashed line in Figure 8

indicates that doing so underestimates E(T jx) considerably; the weighted average ofbE(T jx) across x is 61.5 for women (median 63) and 62 for men (median 62). This is a
direct result of the existence of negative predicted values of S(t; x) for some values of t.

Thus, it is proper to use the log odds-ratio as the dependent variable. Notice, however,

that the monotonic increasing relationship between E(T jTp) and Tp is preserved even
though the level of E(T jTp) is downward biased.

5 A Theoretical Model

In this section we present a theoretical model of longevity transmission across genera-

tions. The goal here is to derive a theoretical relationship between the survival probability

of an individual S(t; x) and her father�s age at death (Tp) and environmental factors (ex);
that will rationalize the empirical model estimated in Section 4.

We start by assuming that longevity Ti of individual i depends on two exogenous

factors � environment (Ei) and genetics (Gi) � and on an endogenous one � human

capital (Hi) �,

Ti = T1(Ei; Hi; Gi) (7)

where the function T1 is increasing in each of its arguments.

The genetic index Gi depends on the father�s genetics Gp(i) (the index p(i) indicates

i0s father) and on a random factor i;

Gi = g1
�
i; Gp(i)

�
(8)

where g1(�) is increasing in both arguments.
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The random variable i may capture the unobserved mother�s contribution to the

genetic index of individual i; as well as random changes in the genes (mutations).

The environmental index E also depends on the father�s environment Ep(i) and on

an unobserved factor �i,

Ei = e1(�i; Ep(i)) (9)

where the function e1(�) is increasing in both arguments.
The random variable �i captures random events that change the inherited environ-

ment Ep(i) (e.g., accidents), as well the mother�s unobserved contribution to the child�s

environment. �i can also capture the general improvement in public health and health

technologies over time. Note also that the father�s environment does not have an inde-

pendent e¤ect on longevity besides its e¤ect on the child�s environment.

Genetics and the environment are determined at the time the individual is born.

Human capital, on the other hand, is acquired by the individual with the objective of

maximizing his or her lifetime utility. The details of this optimization problem are not

important for our purposes except to note that the optimal amount of acquired human

capital will depend on both genetics and the environment,

Hi = h(Ei; Gi):

It is reasonable to assume that h(�) is increasing in each of its arguments, and we
make this assumption here. For simplicity, we assume that �i and i are realized at the

beginning of life and therefore Hi is also determined at the beginning of life. Thus, when

an individual is born its environment and genetics are determined and these determine

its acquired human capital.

The reduced form equation for longevity expresses T as a function of the exogenous

driving forces,

Ti = T1(Ei; h(Ei; Gi); Gi)

= T2(Ei; Gi) (10)

where, given the monotonicity assumptions about T1 and h(�), T2(�) is also increasing in
each of its arguments.

Equation (10) can be inverted to represent genes as an increasing function of

longevity (and decreasing function of the environment). This holds not only for in-

dividual i but also for his or her father. Thus, the father�s age at death serves as a proxy
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for the father�s genes (jointly with the father�s environment) and, via assumption (8),

a¤ects his child�s longevity. This is the basis for the intergenerational relationship in

longevity.

In the Appendix we show that Ti can be written as

Ti = T4(�i; i; Ei; Tp(i)) (11)

where T4(�) is increasing in �i; i and Tp(i). T4 can be increasing or decreasing in Ei:35

We purposefully condition Ti on Ei rather than on Ep(i) because this corresponds to the

empirical model estimated in Section 4.

We now de�ne the survival probability function at birth, i.e., the probability of

Ti � t for any t conditional on the observed variables (Ei; Tp(i)): This entails �nding the
probability that �i and i are such that T4(�i; i; Ei; Tp(i)) � t;

S(t; Ei; Tp(i)) � Pr
�
T4(�i; i; Ei; Tp(i)) � tjEi; Tp(i)

�
(12)

=

Z
At

f(�; )d�d

where f(�; ) is the joint density function of � and , and At is the set of values of � and

 for which T4(�i; i; Ei; Tp(i)) � t; i.e.,

At =
n
(�; ) : T4(�; ; Ei; Tp(i)) � t

o
Note that the set At is increasing with Tp(i) because T4(�) increases with Tp(i) and

also with �i and i: This implies that S(t; Ei; Tp(i)) is non-decreasing with Tp(i): We can

view the estimated model (4) as an approximation to the log odds-ratio log
� R

At
f(�;)d�d

1�
R
At
f(�;)d�d

�
where the demographic factors of individual i (country and cohort of birth and year of

immigration) are proxying for Ei.36

The theoretical model also makes clear the di¢ culties in giving a structural inter-

pretation to the partial e¤ect of Tp(i) on the log odds-ratio estimated in Section 4. In

35A higher Ei represents a better environment and this increases longevity. But, for given �i, it also
means a higher Ep(i) and this implies, for given Tp(i); lower paretnal genes, Gp(i): In other words, given
Tp(i); a higher Ei must be associated with lower Gp(i) and therefore lower Gi which, in return, implies
a lower Ti: Hence, the ambiguity of the e¤ect of Ei on Ti; conditional on Tp(i): The unconditional e¤ect
of Ei on longevity, however, is always positive.

36The demographic variables may also pick up the e¤ect of allowing f to vary over time, populations
groups, etc.
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general, these partial e¤ects will depend on several structural parameters in unknown

ways. In the next Section, we examine a simple parametrization of the model in order to

clarify these issues. This parametrization will also allow us to derive new results and to

estimate the relative contribution of �nature versus nurture�to the variance in longevity

across individuals.

6 A Parametric Example

Make the following assumptions,

Ti = T1(Ei; Hi; Gi) = E
�E
i H

�H
i G

�G
i �E; �H ; �G � 0 (13)

Hi = h(Ei; Gi) = E
h1
i G

h2
i h1; h2 � 0

Gi = g1
�
i; Gp(i)

�
= iG

g
p(i) g � 0

Ei = e1(�i; Ep(i)) = �iE
e
p(i) e � 0

The choice of these functional forms is motivated by their familiarity to economists.

They su¢ ce for our illustrative purposes and this is the only justi�cation for their choice.

Both i and �i are positive random variables possibly correlated between them, but

serially uncorrelated across generations. Furthermore, we assume that there is persistence

in the environment but we do not necessarily assume that the environment improves from

generation to generation, i.e., �i can be less than one even though, on average, it may

be the case that E(�i) > 1:

After substituting for Hi; we have

Ti = T2(Ei; Gi) = E
�1
i G

�2
i �1 = �E + h1�H and �2 = �G + h2�H : (14)

Using this equation for the father, substituting Ep(i) =
�
Ei
�i

� 1
e
; and rearranging we can

write Gp(i) = E
� �1
e�2

i �
�1
e�2
i T

1
�2

p(i): Using the equation for Gi we obtain

Ti = T4(�i; Ei; Tp(i)) = �
�1g
e
i �2i E

�1(1� g
e
)

i T gp(i)

We assume that ln � and ln  are normally distributed, ln � � N(��; �2�) and ln  �
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N(�; �
2
) with covariance ��: Then, because Ti � t, lnTi � ln t we have

S(t; Ei; Tp(i)) = Pr
�
Ti � tjEi; Tp(i)

�
= Pr

�
lnTi � ln tjEi; Tp(i)

�
(15)

= Pr
��1g
e
ln �i + �2 ln i � ln t� g lnTp(i) � �1(1�

g

e
) lnEi

�
= 1� �

�
ln t� g lnTp(i) � �1(1� g

e
) lnEi � �1g

e
�� � �2�p

�

�
where � is the variance of the normally distributed variable �1g

e
ln �i + �2 ln i,

� =
��1g
e

�2
�2� + �

2
2�
2
 + 2

��1g
e

�
�2�� (16)

The message from this example is that the partial e¤ect of Tp(i) on S; shown in

Figure 4, represents, in general, a mixture of the structural parameters of the model

�E; �H ; �G; g; h1; h2; e and of the parameters of the distributions of � and : We can

easily see this if we invert equation (15) to yield

��1
�
1� S(t; Ei; Tp(i))

�
=

1p
�
ln t� gp

�
lnTp(i) �

�1p
�
(1� g

e
) lnEi (17)

With the available data (t; Tp(i) and Ei), one would need strong assumptions on

functional forms and on the distribution of the unobservables in order to be able to

distinguish between genetics and environmental e¤ects. For example, without further

assumptions we can only identify g; the transmission parameter in the genetic equation,

and �. If we knew e then we would also be able to identify �1 = �E + h1�H .

Adding more data should clearly help in identifying structural parameters. For

example, adding measures of human capital Hi and Hp(i); and the father�s environment

Ep(i); we have,

Ti = E
�E
i H

�H
i G

�G
i

= E
�E
i H

�H
i

�

�G
i T

g
p(i)E

�g�E
p(i) H

�g�H
p(i)

�
=

 
Ei
Egp(i)

!�E  
Hi
Hg
p(i)

!�E

�G
i T

g
p(i)

and,

S(t; Ei; Tp(i); Hi; Hp(i); Ep(i)) = 1��

0B@ ln t� g lnTp(i) � �E ln
�

Ei
Eg
p(i)

�
� �H ln

�
Hi
Hg
p(i)

�
� �G�

�2G�
2


1CA
so that the parameters g; �E; �H and �G� can be identi�ed.
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6.1 Nature versus Nurture

We can actually develop this parametric example further and use it to evaluate the

relative contribution of the environment and genetics to the variance in longevity, as

done in the behavioral genetics literature.37 For this purpose, we assume, as done in

most of this literature, that E and G are independent. This assumption implies �� = 0

and, therefore, it follows from (14) that

V (lnTi) = �
2
1V (lnEi) + �

2
2V (lnGi): (18)

Dividing by V (lnTi) yields the relative contributions of E and G to the log variance of

longevity,

1 = r + s (19)

where r = �21V (lnEi)

V (lnTi)
and s = �22V (lnGi)

V (lnTi)
:

We want to estimate r and s. For this purpose, we �rst express the parameter �

as a function r and s: Assume that the variances of lnEi and of lnGi do not change

between generation i and generation p(i): From (14), this implies V (lnTi) = V (lnTp(i)):

Together with the serial uncorrelatedness assumption in � and , it follows from (13)

that �2 = (1� g2)V (lnGi) and �2� = (1� e2)V (lnEi): Hence (16) becomes

� =
��1g
e

�2
(1� e2)V (lnEi) + �22(1� g2)V (lnGi)

=

��g
e

�2
(1� e2)r + (1� g2)s

�
V (lnTi) (20)

We treat g and � as known because they can be consistently estimated from equa-

tion (17). We now have two equations, (19) and (20), with three unknowns, e; r and

s: We use the covariance between the longevity of fathers and their children to obtain

another restriction on r and s: From equation (14)

Cov(lnTi; lnTp(i)) = �21Cov(lnEi; lnEp(i)) + �
2
2Cov(lnGi; lnGp(i))

= �21eV (lnEi) + �
2
2gV (lnGi);

implying

�TiTp(i) = (er + gs)

s
V (lnTi)

V (lnTp(i))
= er + gs (21)

37See Sacerdote (2007) for a recent use of the behavioral genetics framework in his study of Korean
American adoptees, and Goldberger (2005) for an in-depth description of this approach.
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where �TiTp(i) is the correlation coe¢ cient between the (log) longevity of fathers and their

children.

The system of three equations (19), (20) and (21) in the three unknowns, e; r and s

can be reduced to a single cubic equation in e:We choose the solution giving non-negative

values of e; r; and s:

As mentioned above, we estimate equation (17) by OLS for men and women sep-

arately using the same data as in Section 4 in order to get estimates of g and �: The

estimates of the coe¢ cients of ln t and lnTp(i) have the right sign, i.e., positive for the

coe¢ cient of ln t and negative for the coe¢ cient of lnTp(i); and are signi�cant. These

estimated coe¢ cients are used to solve for g giving an estimate of 0:37 (clustered s.e.0.06)

for men and 0:56 (clustered s.e. 0.16) for women. These estimates are very close to the

value of g suggested by geneticists, namely g = 0:5 (Golberger, 2005). Indeed, we cannot

reject the hypothesis that g equals 0.5 in our data, a result which is supportive of our

theoretical approach. The estimates for � are 2.697 (clustered s.e. 0.297) for men, and

9.281 (clustered s.e. 1.191) for women.

Next, we estimate V (lnTi) and �TiTp(i) for individuals born in the years 1901-1919

because there are no serious censoring problems for these cohorts (see Table 2). For

men, we get V (lnTi) = 0:030 and �TiTp(i) = 0:060; and for women V (lnTi) = 0:0323 and

�TiTp(i) = 0:056. It is interesting to note that the sample correlation between lnT and

lnTp is indeed very small despite the signi�cant e¤ects of father�s longevity estimated in

Section 4; this is the point made by Vaupel (1988). Therefore, if one were to regress lnT

on lnTp; this regression would explain only little of the variance in longevity meaning

that Tp has little predictive power. It should be emphasized that this result is not driven

by the model assumptions since �TiTp(i) is a sample correlation and not an estimate of a

structural parameter.

Given the estimates of g; � and V (lnTi); the solution to the system of three equa-

tion is e = 0:0372; r = 0:926 and s = 0:074 for men and e = 0:032; r = 0:944 and

s = 0:056 for women. This implies that 7.4 percent and 5.6 percent of the variation in

(log) longevity across men and women, respectively, is due to genetics. Recent studies

based on data for Nordic twins estimate that genetics explains between 20 and 30 per-

cent of adult longevity (see survey in Christensen, Johnson and Vaupel, 2006). These

estimates are not very di¤erent from ours given that we consider the e¤ect of genetics on
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the variance of longevity within the total population, whereas the twin studies analyze

the variance of longevity among adults only. It is widely held that genetic in�uences on

longevity are minimal before adulthood (e.g., Christensen, Johnson and Vaupel, 2006).38

To summarize, most of the variation in longevity across individuals is driven by

environmental factors. The low estimate of e; however, implies that most of the varia-

tion in longevity across individuals is not inherited from the previous generation. This

variation is therefore due to the variance in �; the unpredictable part of the environment.

7 Conclusions

This is the �rst study that estimates the relationship between a father�s age at death and

his children�s expected lifetime using a large and representative data set of individuals.

Previous studies on this issue have been based on small or non-representative data sets

because of the di¢ culties in assembling longevity data for two generations of individuals.

The large sample allows us to deal non-parametrically with the heterogeneity in longevity

across individuals. We �nd that, after the early thirties for women and early forties for

men, the survivor probability of an individual is signi�cantly a¤ected by the age at which

her or his father died. In terms of the e¤ect on expected lifetime at birth, we �nd that

the di¤erence in expected lifetime when the father dies at age 80 instead of at age 40

amounts to about 14 years for women and 9 years for men. Clearly, these are substantial

e¤ects. These �ndings are based on fairly weak assumptions and are robust to alternative

functional forms and weighting schemes.

Throughout the paper we often use a causal language in describing our �ndings. As

remarked above, however, our estimated e¤ects may be picking up other unobserved fac-

tors a¤ecting longevity that are also correlated with the father�s age at death. Although,

we control for gender, country of origin and cohort of birth and of immigration, other

factors that can plausibly a¤ect both parental and children�s survival, such as household

income, wealth, or education, were not controlled for because of lack of data. We show,

however, that in a subsample of the data where education and wage data are available,

incorporating these variables into the regression does not change the estimated e¤ect of

father�s age at death on the survival probability of their children.

38There are also signi�cant di¤erences in the type of data and research methodology employed.
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Indeed, in the theoretical model developed in Sections 5 and 6, we show that with

the available data, the estimated e¤ect of father�s age at death re�ects both genetics and

environmental factors. Nevertheless, under additional assumptions, we can estimate the

relative contribution of �nature versus nurture� to the variance in longevity. We �nd

that for the 1901-1919 cohort, at least 90 percent of the variance in (log) longevity is

explained by the variance in the environment among individuals. Thus, although father�s

age at death has an important e¤ect on his children�s survival, random events are, by

and large, the ultimate arbitrator of our lives.
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Appendix 1: Derivation of Equation (10)
Because the function T2 in (10) is increasing in both arguments we can write Gi

as an increasing function of Ti and decreasing function of Ei: Because the same (inverse)

relationship applies to i0s father we get

Gp(i) = h(Ep(i); Tp(i)) (22)

where h(�) is increasing in Tp(i) but decreasing in Ep(i): Plugging this expression in (8)
gives

Gi = g1
�
i; h(Ep(i); Tp(i))

�
= g2(i; Ep(i); Tp(i))

where g2(�) is increasing in i and Tp(i); and decreasing in Ep(i):
This expression says that, given Ep(i); Tp(i) serves as a proxy for Gi and forms the

basis for the intergenerational relationship in longevity. Inserting this expression into

(10) and using (9) gives

Ti = T2(e1(�i; Ep(i)); g2(i; Ep(i); Tp(i))) (23)

= T3(�i; i; Ep(i); Tp(i))

where T3(�) is increasing in �i; i and Tp(i): T3 can be increasing or decreasing in Ep(i)
because a higher Ep(i) leads to a better environment for i (see (9)) and this increases

longevity. But, for given Tp(i); a higher Ep(i) also means a lower genetic index for p(i)

(see (22)) and this implies a lower Gi and shorter longevity.

Conditioning on Ep(i); however, is not feasible with our data since the father�s

environment is not observed. This is probably the case in other data sets as well. In

order to connect with the empirical analysis in Section 4 we now invert (9) and write

Ep(i) = d(Ei; �i); where d(�) is increasing in Ei and decreasing in �i: We can now write
Gi = g2(i; Ep(i); Tp(i)) = g3

�
i; Ei; �i; Tp(i)

�
; where g3(�) is increasing in �i; i and Tp(i)

and decreasing in Ei. Using this expression we can now write Ti in (23) as

Ti = T2(Ei; Gi)

= T2(Ei; g3
�
i; Ei; �i; Tp(i)

�
= T4(�i; i; Ei; Tp(i))

where T4(�) is increasing in �i; i and Tp(i) and can be increasing or decreasing in Ei:
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Figure 6: Mean Life Expectancy at Birth and its Changes with Father�s Age at Death

42



0
.0

05
.0

1
.0

15
D

en
si

ty

30 50 70 90 100
Life Expectancy

female male

Figure 7: Distribution of Life Expectancy at Birth by Gender

43



40
60

80
10

0

40 60 80 100 40 60 80 100

female male

Baseline Tp=3, t=3 Tp=4, t=3
Tp=2, t=3 Tp=3, t=3 no weights
Tp=3,t=3, dep. var. S(t,x)

Li
fe

 E
xp

ec
ta

nc
y

Father's Age at Death

Graphs by gender

Figure 8: Robustness Checks

44



Table 1 . Data Availability in Population Registry and Matches to Fathers

Cohort Total Matches Percent  of Matches by Percent of 
Number of Records in Registry Only Matches Algorithm Only Not Agree Agree Missmatches

(1) (2) (3) = (2):(1) (4) (5) (6) (7) = (5):((5)+(6))

1901-1909 228,808 21 0.0 796 0 11 0.0

1910-1919 329,600 122 0.0 1,680 0 56 0.0

1920-1929 405,765 741 0.2 4,922 7 267 2.6

1930-1939 405,927 3,629 0.9 30,587 11 1,962 0.6

1940-1949 482,588 18,064 3.7 79,116 28 10,364 0.3

1950-1959 649,075 246,801 38.0 24,217 31 25,782 0.1

1960-1969 611,694 429,865 70.3 6,065 12 24,510 0.0

1970-1979 767,100 633,601 82.6 1,883 3 34,517 0.0

1980-1989 813,891 733,257 90.1 169 10 38,906 0.0

1990-1999 816,651 781,656 95.7 39 2 11,248 0.0

2000-2004 286,967 276,095 96.2 1 0 491 0.0

Total 5,798,066 3,123,852 53.9 149,475 104 148,114 0.1

Notes:
Jewish population only

Matches in Registry and by Algorithm



Table 2 . Sample Selection and Censored Observations

Cohort Number of Number of Number of Percent with Number of Percent
Matched Obs.* Matched Obs. Matched Obs. with Dead Fathers Matches with Uncensored

 after Deletions Dead Fathers Dead Fathers & Children
(1) (2) (3) (4) = (3):(2) (5) (6) = (5):(3) 

1901-1909 828 828 823 99.4 807 98.1

1910-1919 1,858 1,851 1,839 99.4 1,511 82.2

1920-1929 5,937 5,931 5,891 99.3 2,916 49.5

1930-1939 36,189 36,182 35,346 97.7 7,635 21.6

1940-1949 107,572 107,566 94,094 87.5 9,221 9.8
\

1950-1959 296,831 296,820 171,015 57.6 7,613 4.5

1960-1969 460,452 460,269 142,584 31.0 4,123 2.9

1970-1979 670,004 668,407 68,198 10.2 1,725 2.5

1980-1989 772,342 770,643 24,703 3.2 436 1.8

1990-1999 792,945 792,021 7,011 0.9 71 1.0

2000-2004 276,587 276,345 515 0.2 6 1.2

Total 3,421,545 3,416,863 552,019 16.2 36,064 6.5

Notes:
*  Sum of columns 2,4,5 and 6 in Table 1



Table 3. Distribution of Observations per Cell

Mean MIn 10% 25% 50% 75% 90% Max

All Observations

110 1 11 32 87 178 252 364

Males

127 1 16 42 108 202 266 364

Females

64 1 6 16 48 102 153 214



Table 4. Parameter Estimates of Equation (5)

` (1) (2) (3) (4)
Coefficient(s) of

Tp a10 7.090e-03 1.027e-02 5.911e-03 5.086e-03
(1.078e-02) (8.530e-03) (1.059e-02) (7.442e-03)

a11 6.116e-05 5.462e-05 -1.661e-05 4.985e-05
(6.167e-05) (6.169e-05) (7.377e-05) (8.287e-05)

a12 -2.779e-07* -2.602e-07* 7.940e-08 -6.069e-08
(1.447e-07) (1.486e-07) (2.071e-07) (2.571e-07)

a13 2.552e-10** 2.311e-10** -2.047e-11 3.346e-11
(1.148e-10) (1.126e-10) (1.898e-10) (2.261e-10)

Tp
2 a20 -8.498e-06 -1.391e-05 -6.080e-06 -5.374e-06

(1.738e-05) (1.378e-05) (1.644e-05) (1.108e-05)
a21 -6.121e-08 -6.732e-08 4.848e-08 -6.985e-08

(9.642e-08) (9.446e-08) (1.071e-07) (1.134e-07)
a22 2.893e-10 3.244e-10 -1.950e-10 9.412e-11

(2.032e-10) (2.110e-10) (2.750e-10) (3.338e-10)
a23 -2.659e-13* -2.838e-13* 1.111e-13 -4.499e-14

(1.461e-13) (1.485e-13) (2.356e-13) (2.819e-13)

Tp
3 a30 4.091e-09 6.390e-09 2.592e-09 1.732e-09

(8.665e-09) (6.896e-09) (7.967e-09) (5.229e-09)
a31 1.470e-11 2.269e-11 -3.354e-11 2.905e-11

(4.773e-11) (4.589e-11) (5.017e-11) (5.009e-11)
a32 -8.863e-14 -1.211e-13 1.178e-13 -3.909e-14

(9.443e-14) (9.757e-14) (1.211e-13) (1.412e-13)
a33 8.613e-17 1.077e-16* -7.434e-17 1.715e-17

(6.292e-17) (6.512e-17) (9.783e-17) (1.154e-16)
Born in Asia -1.157e+00*** -2.023e+00***

(1.079e-01) (2.159e-01)
Born in Africa -1.152e+00*** -1.935e+00***

(1.126e-01) (2.237e-01)
Born in Europe & America -9.819e-01*** -1.666e+00***

(1.114e-01) (2.218e-01)
Born in USSR -8.749e-01*** -1.428e+00***

(1.255e-01) (2.365e-01)

Cohort of Birth and Immigration No Yes No Yes

p-value of F-test for signficance of :

Tp, Tp
2, Tp

3  (12 a's) 0 0 0 0
interactions of Tp, Tp

2, Tp
3 with t (9 a's') 0 0 0 0

interaction of Tp with t (3 a's') 0.2 0.03 0.18 0.01
interaction of Tp

2 with t (3 a's') 0.36 0.05 0.22 0.03
interaction of Tp

3 with t (3 a's') 0.51 0.07 0.22 0.07
Number of Observations 21,814 21,814 7,918 7,918
R2 0.84 0.88 0.73 0.84
Observations in a given cell are weighted by the inverese of the probablity of appearing in the sample.  
Standard errors clustered at the cell-level in parentheses. Reference group for country of birth is Israel.
All regressions include a set of time dummies for survival time t (1111 for men and 1042 for women).
*** (**) (*) significantly different from zero at 1% (5%) (10%) significance level

dependent variable: log odds-ratio

Males Females



Table 5: Marginal effect of father's age at death on log odds-ratio

(in years) t=40 t=50 t=60 t=70 t=80 t=90 t=100

Tp=40 0.00025 0.00021 0.00097 0.00284 0.00619 0.01136 0.01868
(0.00050) (0.00069) (0.00123) (0.00246) (0.00458) (0.00781) (0.01236)

Tp=50 0.00006 0.00037 0.00099* 0.00199 0.00345 0.00543 0.00801
(0.00022) (0.00028) (0.00055) (0.00122) (0.00242) (0.00427) (0.00692)

Tp=60 -0.00002 0.00050*** 0.00103*** 0.00147*** 0.00173 0.00169 0.00126
(0.00016) (0.00017) (0.00020) (0.00046) (0.00110) (0.00220) (0.00385)

Tp=70 0.00002 0.00059*** 0.00108*** 0.00128*** 0.00103 0.00015 -0.00156
(0.00016) (0.00018) (0.00019) (0.00027) (0.00065) (0.00140) (0.00256)

Tp=80 0.00017 0.00066*** 0.00114*** 0.00143*** 0.00137*** 0.00079 -0.00047
(0.00022) (0.00019) (0.00020) (0.00023) (0.00047) (0.00113) (0.00228)

Tp=90 0.00043 0.00071 0.00122*** 0.00191*** 0.00272*** 0.00362 0.00454
(0.00051) (0.00044) (0.00046) (0.00046) (0.00087) (0.00221) (0.00459)

Tp=100 0.00079 0.00072 0.00131 0.00271*** 0.00510*** 0.00864* 0.01348
(0.00100) (0.00094) (0.00106) (0.00130) (0.00236) (0.00503) (0.00967)

(in years) t=40 t=50 t=60 t=70 t=80 t=90 t=100

Tp=40 0.00335*** 0.00426*** 0.00536*** 0.00666 0.00820 0.00998 0.01205
(0.00091) (0.00119) (0.00220) (0.00465) (0.00890) (0.01529) (0.02421)

Tp=50 0.00135*** 0.00213*** 0.00309*** 0.00422* 0.00549 0.00688 0.00837
(0.00036) (0.00049) (0.00105) (0.00231) (0.00443) (0.00758) (0.01196)

Tp=60 0.00010 0.00076*** 0.00159*** 0.00253*** 0.00353* 0.00456 0.00555
(0.00025) (0.00026) (0.00043) (0.00094) (0.00190) (0.00342) (0.00561)

Tp=70 -0.00042 0.00015 0.00084*** 0.00159*** 0.00234* 0.00303 0.00360
(0.00026) (0.00026) (0.00033) (0.00063) (0.00133) (0.00250) (0.00424)

Tp=80 -0.00019 0.00030 0.00085*** 0.00140*** 0.00190*** 0.00228 0.00250
(0.00028) (0.00027) (0.00029) (0.00044) (0.00095) (0.00195) (0.00351)

Tp=90 0.00077 0.00121 0.00162*** 0.00197*** 0.00222 0.00233 0.00225
(0.00071) (0.00074) (0.00073) (0.00088) (0.00204) (0.00443) (0.00817)

Tp=100 0.00248* 0.00288* 0.00315* 0.00330 0.00330 0.00316 0.00287
(0.00150) (0.00162) (0.00175) (0.00262) (0.00556) (0.01104) (0.01942)

Partial effect of an increase in Tp (in months) on log odds-ratio based on estimates of columns (2) and (4) 
in Table 4. See text for details. Standard errors clustered at the cell level in parentheses.
** (*) indicates significant at 5 (10) percent.

Males

Females



Table 6. Mean Life Expectancy and Father's Age at Death 

Father's age at death
Level Change Level Change

35 66.53 0.80 66.00 0.33
40 69.56 0.60 67.43 0.29
45 72.59 0.61 69.17 0.35
50 75.25 0.53 70.98 0.36
55 77.75 0.50 72.67 0.34
60 79.82 0.41 73.88 0.24
65 81.42 0.32 74.73 0.17
70 82.51 0.22 75.30 0.11
75 83.37 0.17 75.80 0.10
80 83.85 0.10 76.26 0.09
85 84.27 0.08 76.95 0.14
90 84.91 0.13 77.99 0.21
95 85.44 0.11 79.48 0.30
100 86.26 0.17 81.85 0.47

Notes: The column labeled "change" is the change in mean life expectancy evaluated at father's age at death.

Female Male



Table 7. Proportional Hazard Model with Socio-economic Controls (individual data)
Males Females

Hazard Ratio Hazard Ratio
(1) (2) (3) (4) (1) (2) (3) (4)

Father's Age at Death ≤ 45 1.04709 1.04213 1.02178 1.02365 0.92406 0.92650 0.85813 0.85719
1.05 0.95 0.36 0.39 -2.00 -1.93 -3.51 -3.54

Father's Age at Death in (45,65] 0.99254 0.99229 0.99323 0.99250 0.99705 0.99756 1.00660 1.00660
-1.19 -1.23 -0.74 -0.82 -0.26 -0.21 0.34 0.35

Father's Age at Death in (65,85] 0.98622 0.98568 0.98672 0.98611 1.00329 1.00293 1.00513 1.00476
-4.05 -4.21 -2.71 -2.84 0.50 0.46 0.47 0.46

Father's Age at Death > 85 0.96417 0.96322 0.95872 0.96206 0.96431 0.95988 0.87293 0.87325
-3.52 -3.61 -2.73 -2.51 -1.95 -2.18 -2.84 -2.84

Scooling (years) in 1983 0.947663 - - - 0.948627 - - -
-10.77 -5.63

Predicted Net Monthly Wage - 0.72750 - - - 0.96120 -
 at Age 50 -7.11 -0.39

Demographics Yes Yes Yes Yes Yes Yes Yes

Number of Observations 34,439 34,439 18,765 18,765 24,451 24,451 10,143 10,143
% Censored 92.1 92.1 93.1 93.1 96.6 96.6 97.2 97.2

Log-likelihood -24,284 -24,343 -10,982.6 -11,005.4 -6,984.3 -7,000.6 -2,241.7 -2,241.8

Notes: The table reports hazard ratios.  Small numerals under the estimated hazard ratios are t-statistics for significance of the individual coefficient β.
Because life duration is measured in days, the hazard ratio for "father's age at death" is raised to the power of 365.25 in order to get yearly effects. 
Demographic controls include dummies for cohort and country of birth, and for cohorts of immigration.
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