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Abstract of the Thesis

Prospective Versus Retrospective Approaches to

the Study of Intergenerational Social Mobility

by

Xi Song

Master of Science in Statistics

University of California, Los Angeles, 2013

Professor Yingnian Wu, Chair

Most intergenerational social mobility studies are based upon retrospective da-

ta, in which samples of individuals report socioeconomic information about their

parents. Such an approach suffers from a retrospective reporting bias, because

early generations can be recalled only if they have offspring, and those with more

offspring are more likely to be recalled. This thesis discusses the conceptual and

practical advantages of using an alternative, prospective approach, which exam-

ines intergenerational mobility by following a sample of respondents and their

progeny. This prospective approach is especially useful for multigenerational mo-

bility analysis that is rising in the field of mobility studies in recent years. We

also propose an adjustment method that corrects the retrospective reporting bias

in retrospective data, and thus permits them to be used in prospective intergen-

erational analyses that incorporate both demographic and mobility effects. We

illustrate the adjustment method using both two-generation and multigenerational

models based on simulated data and empirical data from the Panel Study of In-

come Dynamics. The results suggest that our adjustment retrospective method

removes more than 95% of the bias in the prospective analysis based on retro-

spective data.
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CHAPTER 1

Introduction

This thesis illustrates the advantages of using a prospective approach in two-

generation and three-generation social mobility studies, and provides an adjust-

ment method for conducting prospective analyses when only retrospective data

are available. Traditional social mobility studies typically examine the parent-

offspring association in socioeconomic status by asking a group of individuals

about the characteristics of their parents retrospectively. Such an approach has

been the basis of a large and successful literature on intergenerational social mobil-

ity (e.g., Beller 2009; Blau and Duncan 1967; Breen 2004; Erikson and Goldthorpe

1992; Featherman and Hauser 1978; Hauser et al. 1975; Hout 1983, 1988). Modern

longitudinal studies, however, which follow a sample of adults through the birth

and growth to adulthood of their offspring and descendants, afford the possibili-

ty of studying social mobility prospectively, especially over multiple generations

(Mare 2011).

In Duncan’s (1966) classic article on methodology of social mobility studies, he

concluded: “Although data in the typical mobility study are collected retrospec-

tively (by questioning the respondent about the past), this is only a convenience

in data collection. While it introduces problems of data reliability and validity,

it does not commit the analyst to a backward-looking conceptual framework.”

Whereas this conclusion is, strictly speaking, correct, it leaves unsaid much about

the relationship between these two approaches. Important statistical and concep-

tual issues arise when one considers the possibilities and limitations of these two
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approaches.

From a statistical point of view, mobility estimates, such as odds ratios, are

not necessarily the same in the two approaches. Retrospective reporting bias may

distort data based on retrospective surveys because parents’ generation can be

recalled only if they have offspring, or more strictly speaking, if they have sur-

viving offspring who could be sampled by the surveys (Mare 2011). Moreover,

parents with more offspring are over-represented in exact proportion to their fer-

tility in the retrospective data (Glass 1954; Duncan 1966; Allan and Bytheway

1973). Thus, the respondents are representative of the offspring generation, but

their parents are not representative of people who have ever lived in the parent

generation. In contrast, for prospective data, in which the survey asks individuals

to provide information about themselves and their offspring, the respondents are

representative of people in the parents’ generation. However, their offspring may

not be, either because the respondents are asked about only a selected child rather

than all children, or because the respondents have not finished having children.

Prospective data provide representative samples for both the parent and the off-

spring generation only when parents provide information about all their children.

Retrospective and prospective estimates agree when family size is unrelated to the

intergenerational transmission of socioeconomic characteristics. One of the con-

tributions of this thesis is to provide a method of reconciling mobility estimates

from the two approaches.

Although prospective mobility data, like retrospective data, may be used for

the statistical analysis of associations between the socioeconomic statuses of par-

ents and offspring, prospective data also afford a wider range of analytic possibil-

ities. For example, the question of intergenerational inequality is not only about

intergenerational transmission of status from parents to offspring, but about how

intergenerational effects come about—that is, does improving the socioeconomic

attainment of an individual increase the probability of eventually having a child
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who will also have higher socioeconomic attainment? From a prospective perspec-

tive, demography and social inequality are closely intertwined, as the transmission

of intergenerational inequality involves not only the inequalities among those who

have offspring, but also the inequality between those who have offspring and those

who do not. The prospective approach calls attention to the interdependence of

demographic processes and the associations of socioeconomic characteristics be-

tween members of successive generations. The traditional mobility table approach

focuses on the associations between parents’ and their offspring’s characteristics

conditional on the existence of the offspring (Mare and Maralani 2006). But a

more complete understanding should account for the interdependence of mobility

and differentials in timing and levels of marriage, fertility and mortality. Follow-

ing the prospective logic of intergenerational inequality, a handful of studies have

developed joint demographic and mobility models to investigate research ques-

tions such as effects of intergenerational reproduction of education and occupation

(Maralani 2013; Mare and Maralani 2006; Matras 1961, 1967), causal aspects of

intergenerational effects (Lawrence and Breen 2012), and changes in population

composition by generation (Preston 1974; Preston and Campbell 1993).

Mare (2011) calls for current social and demographic research to go beyond

traditional two-generation paradigm and understand the roles of grandparents,

nonresident kin and remote ancestors in influencing the social mobility of fami-

lies under different circumstances. Longitudinal surveys that follow families over

three or more generations permit mobility analyses to incorporate multigenera-

tional effects beyond the scope of nuclear families. Examples of multigenerational,

longitudinal data include the Panel Study of Income Dynamics (PSID), and the

Wisconsin Longitudinal Study (WLS). An important impediment to multigener-

ational studies of mobility is that few longitudinal surveys include intergenera-

tional information beyond two generations, as this requires that surveys follow

families more than 50 years. In the absence of prospective data spanning three
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or more generations, retrospective, multigenerational data such as those collected

by Treiman and colleagues provide potentially useful data sources for the study

of intergenerational social mobility (Szelenyi and Treiman 1994; Treiman, Moeno

and Schlemmer 1996; Treiman and Walder 1998).

In this thesis, we show how to extend the analysis of retrospective social mo-

bility data to address the broader set of analytic issues that can be studied when

prospective data are available. We illustrate our methods using both simulated

data and empirical data from the Panel Study of Income Dynamics. Our results

suggest that the adjustment method removes more than 95% of the bias in the

retrospective joint demographic and mobility effect. The adjustment methods

proposed in this thesis are well-suited not only for two-generation social mobility

but also multigenerational mobility analysis that is rising in the field of mobility

studies in recent years.

We divide the remainder of the thesis into five sections. The first section dis-

cusses the statistical relationship between mobility tables constructed from ret-

rospective and prospective data. In the second section, we propose a prospective

approach to study social mobility: a joint model of social mobility and demo-

graphic reproduction. We then describe our adjustment method, explaining how

to conduct the prospective analyses when only retrospective data are available. In

the fourth section, we illustrate the method using simulated two-generation and

multigenerational data sets. We then use the Panel Study of Income Dynamics

as an example to assess the effectiveness of the adjustment method for real data.

The conclusion section reviews the capabilities and limitations of our method.
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CHAPTER 2

Retrospective and Prospective Mobility Table

Most mobility studies use tables based on retrospective surveys that ask respon-

dents about their own and their parents’ socioeconomic characteristics. The mo-

bility table shows the parent-offspring association based on a tabulation of a so-

cioeconomic characteristic of an individual and his or her parents (Hout 1983).

Some widely used cross-sectional, retrospective mobility data include the Occu-

pational Changes in a Generation surveys (Blau and Duncan 1967; Featherman

and Hauser 1978), the General Social Survey (GSS) (Hout 1988; Beller 2009) and

the Comparative Analysis of Social Mobility in Industrial Nations Project (e.g.,

Erikson, Goldthorpe and Portocarero 1979; Erikson and Goldthorpe 1992). Based

on the retrospective data, the mobility table is constructed from the perspective

of adult individuals, who are a representative sample of their own generation.

These individuals report on their parents, but because this design overrepresents

parents who have more offspring and fails to include any members of the parental

generation who are childless, the resulting data do not provide a representative

sample of the parental generation.

As an alternative, it is possible to construct the mobility table based on

prospective data. There are two kinds of prospective mobility data. The first

type of data asks a group of respondents about their own socioeconomic status

and that of a selected child. For example, the Wisconsin Longitudinal Study

(WLS) adopts such a design for collecting intergenerational occupational infor-

mation. In the sample, the respondents are representative of their generation

5



regardless of their number of sons, whereas sons of high fertility respondents are

underrepresented in their generation. The second type of data asks respondents

about all their offspring, or repeatedly follows up with respondents and all their

offspring. Examples of this prospective design include the collection of the ed-

ucational information for the Wisconsin Longitudinal Study, the Panel Study of

Income Dynamics, and newer parallel panel studies in other countries such as

the German Socioeconomic Panel (started in 1984), the British Household Panel

Survey (1991), the Canadian Survey of Labor and Income Dynamics (1993), the

Korean Labor and Income Panel Study (1998), the Swiss Household Panel (1999),

the Australian Household, Income and Labor Dynamics (2001), and the Chinese

Family Panel Studies (2010). These prospective data include a parent sample and

an offspring sample, both of which are representative of their own generations.

If we use the first type of prospective data to construct mobility tables, the

offspring are not representative of their generation, because offspring from large

families are underrepresented. The algebraic relationship between the first type

of prospective data and retrospective data is illustrated below. For a traditional

retrospective mobility table, the row F represents fathers’ occupations and the

column S represents sons occupations, with I and J categories respectively (typ-

ically, I = J). For example, if we use row i′ and column j′ as reference (i.e.,

fathers in occupation i′ and respondents in occupation j′), the odds ratios (ORr)

are defined as
nijni′j′

nij′ni′j
, which is the relative odds of being in occupation j rather

than j′, given one’s father is in occupation i, to the odds of being in occupation j

rather than j, given one’s father is in occupation i′. For the first type of prospec-

tive data, we can estimate retrospective odds ratios by adjusting for the fertility

of fathers. If the kth father who is in occupation i and has r
(k)
ij sons in occupation

j and r̄ij refers to the average number of sons in occupation j for fathers in oc-

cupations i, that is r̄ij = 1
nij

∑nij

k=1 r
(k)
ij , the relationship between the retrospective

and prospective odds ratios is:
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ORr =

∑nij

k=1 r
(k)
ij

∑ni′j′

k=1 r
(k)
i′j′∑nij′

k=1 r
(k)
ij′
∑ni′j

k=1 r
(k)
i′j

=
(nij r̄ij)(ni′j′ r̄i′j′)

(nij′ r̄ij′)(ni′j r̄i′j)
= ORp ·

r̄ij r̄i′j′

r̄ij′ r̄i′j
(2.1)

Equation 2.1 shows that to construct retrospective odds ratio based on prospec-

tive data, we can simply weight the prospective data so that fathers with more

sons are over-represented in exact proportion to their fertility. More specifically,

we weight each father by his fertility, or equivalently weight each son by one plus

his number of siblings.

When the weighting ratio
r̄ij r̄i′j′

r̄ij′ r̄i′j
= 1, then the retrospective and prospective

odds yield the same conclusions about mobility. If the father’s fertility is only

associated with the father’s occupation or the son’s occupation, then the products

in the denominator and the numerator cancel, meaning that the prospective and

the retrospective results are the same. Only when there is three-way interaction

among father’s occupation, son’s occupation and fathers fertility (or son’s number

of siblings) do the retrospective and prospective odds ratios disagree. For example,

when the fertility of the fathers of immobile sons is greater than the fertility of the

fathers of mobile sons (i.e.,
r̄ij r̄i′j′

r̄ij′ r̄i′j
> 1), the estimate of ORp is smaller than ORr,

and vice versa. While there is abundant evidence about the two-way interactions

between father’s socioeconomic status and fertility (e.g., Blake 1981), as well as

between father’s fertility and sons status (e.g., Mare and Chen 1986), few studies

examine the three-way interaction among father’s occupation, son’s occupation

and father’s fertility.

For the second type of prospective data, we can construct mobility tables based

on the offspring sample, and link offspring with their parents in the parent sample.

If we use data from all sons, the resulting mobility table has the same structure as

a traditional mobility table constructed from retrospective data. In this case, the

prospective and retrospective odds ratios are equal and no weighting adjustment
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(as shown in equation 2.1) is required.
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CHAPTER 3

The Demography of Social Mobility

3.1 Beyond the Mobility Table: the Intervening Effect of

Fertility

As we show above, prospective data can be used to construct traditional mobility

tables after a proper weighting of the data. But this is not the main reason for

using prospective mobility data. The real advantage of prospective data is they

are suitable for analyses beyond a simple intergenerational correlation of socioe-

conomic status. Specifically they permit analyses that incorporate demographic

pathways into our understanding of intergenerational transmission of inequality.

Most mobility research focuses on the associations between parents and their off-

spring’s characteristics conditional on the existence of the offspring. However, a

more complete understanding of intergenerational influence should treat as prob-

lematic the degree to which offspring will come into existence as well as the effects

of parents on their children (Mare and Maralani 2006). The mobility table itself

is inadequate for showing how a socioeconomic distribution persists or changes

because the mobility process is interdependent with the differentials in timing

and levels of fertility, mortality, and migration (Duncan 1966). In the discussion

below, we focus on the role of fertility in a one-sex model for men. More com-

prehensive versions of these models take account of other demographic processes,

including marriage, divorce, remarriage, parental and child survival, adoption, mi-

gration, and timing of these events, both for women and for two-sex populations
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(For related discussions, see Mare 1997; Mare and Schwartz 2006; Maralani and

Mare 2005).

The intervening role of fertility in the mobility process operates at both the

individual and population levels. At the individual level, a man’s socioeconom-

ic characteristics are closely related to his fertility decisions, such as whether,

with whom, and when he will have children and how many children he will have.

These decisions, in turn, influence the family context in which a child grows up,

affecting factors such as sibship size, parental investment in childrearing, and the

parent-child relationship, which are linked to a child’s chances for upward social

mobility (Blau and Duncan 1967; Sobel 1985). Most research examines either

the effect of socioeconomic characteristics on fertility or the effect of number of

siblings on socioeconomic outcomes, instead of evaluating them jointly for two or

more generations. At the population level, changes in socioeconomic distributions

by generation are affected by the association between parents’ and offspring’s so-

cioeconomic characteristics, weighted by the total number of offspring from each

socioeconomic group. Families that produce more offspring more successfully re-

place themselves in the population, and their offspring will be overrepresented

in the next generation, whereas families with no offspring cannot pass on their

advantages or disadvantages to the next generation. Thus, even if the intergen-

erational mobility pattern is fixed over time, changes in the relationship between

socioeconomic status and fertility could result in changes in the social makeup of

the population. Given that changes in fertility and family structure have not oc-

curred uniformly across socioeconomic groups, differential demographic behaviors

may magnify or diminish the macro-level implications of the changing mobility

patterns of families.
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3.2 A Joint Mobility and Demography Model

Based on population projection models, a handful of studies extend the standard

mobility table to estimate the joint effect of a man’s socioeconomic characteris-

tics on his fertility and the characteristics of whatever sons he has (Bartholomew

1982; Mare 1997; Matras 1961, 1967; Musick and Mare 2004; Preston 1974; Pre-

ston and Campbell 1993). Our discussion below relies on the framework of the

joint demographic and mobility model in Mare and Maralani (2006). The model

specifies the effect of a man’s socioeconomic position in one generation (compared

to other positions of men in that generation) on the expected number of sons in

a given socioeconomic position in the next generation. This model shows how

social mobility and fertility contribute to transformations of the socioeconomic

distribution of a population. The model can be written as

SY2|Y1 = FY1 · fY1 · pY2|Y1 (3.1)

where SY2|Y1 denotes the number of men in the offspring generation who are

in position Y2 and have fathers in position Y1; FY1 denotes the number of men in

the paternal generation who are in position Y1; fY1 denotes the expected number

of sons born to a man in position Y1 and who survive to adulthood; pY2|Y1 denotes

the probability that a son born to a man in position Y1 will enter position Y2.

This elementary form only includes fertility mobility effects, but various forms of

this model also allow the presence of marriage, mortality and age effects (Lam

1986; Mare and Maralani 2006; Maralani and Mare 2005; Matras 1961, 1967;

Preston 1974). To compare this approach to the standard mobility table, we only

consider the father-son association, although related models for the female and

two-sex populations have also been developed (Preston and Campbell 1993; Mare

and Maralani 2006; Maralani 2013).
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Based on the model, we define the joint demographic and mobility effect as

E(fY1pY2|Y1)− E(fY ′1pY2|Y ′1 ) (3.2)

This effect suggests the expected relative advantages of each man in position

Y1 over a man in position Y ′1 in reproducing sons in position Y2.

The model can further incorporate potential influences from grandparents,

great grandparents, and earlier generations of ancestors in both the fertility and

the mobility components. The multigenerational form of the model specifies that:

SYt|Ȳt−1
= FȲt−1

· fȲt−1
· pYt|Ȳt−1

(3.3)

where Ȳt−1 is a vector that denotes the family history of positions and t denotes

the generation sequence; SYt|Ȳt−1
denotes the number of men in generation t who

are in position Yt and have fathers in position Yt−1, grandfathers in position Yt−2

and so forth; FȲt−1
denotes the number of men in generation t-1 and those in

prior generations in the position history Ȳt−1; fȲt−1
denotes the expected number

of sons of men in generation t-1, given that positions of early generations are

Ȳt−1; and pYt|Ȳt−1
denotes the probability that a son born to a family in positional

history Ȳt−1 achieve position Yt. Accordingly, the joint demographic and mobility

effect in the multigenerational form is:

E(fȲt−1
· pYt|Ȳt−1

)− E(fȲ′t−1
· pYt|Ȳ′t−1

) (3.4)

which is the difference of the expected number of individuals in position Yt in

a population from families with position history Ȳt−1 compared to Ȳ′t−1. Stan-

dard errors of the joint effect, for either the two-generational or multigenerational

model, can be estimated by the delta method, based on the mean estimates of f

and p, and the variance-covariance matrix of these estimates.
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3.3 Estimation of the Model Parameters

To estimate the fertility and mobility parameters above, we rely on regression-

based methods. For the fertility component, we assume that the number of off-

spring for the kth individual in the population is denoted as fk, which follows a

Poisson distribution with parameter µ > 0

P (fk|µk,Xk) =
exp(−µk)µfkk

fk!
(3.5)

where µk is the mean number of offspring. The Poisson distribution assumes

that the mean number of offspring equals the variances of the number of offspring.

When this assumption is violated, we can choose a negative binomial distribution

instead, in which the variance in the number of offspring is assumed to follow a

gamma distribution with a parameter that is estimated separately.

P (fk|µk, θk,Xk) =
Γ(fk + θk)

Γ(θk) · Γ(fk + 1)
· µfkk · θ

θk
k

(µk + θk)fk+θk
(3.6)

where Γ(·) is the gamma function. The mean of the negative binomial distri-

bution is µk (like the Poisson distribution), but with variance of µk + (µ2
k)/θk ,

where θk is the dispersion parameter.

In both the Poisson and the negative binomial regressions, we model the ex-

pected number of offspring as a function of the socioeconomic characteristics of

the fathers, grandfathers and, potentially, earlier generations, and other control

variables.

log?(µk) = log?(E(fk|Xk)) = X′kβ (3.7)

The Poisson model (and the negative binomial model) assumes that the pro-

portion of observed counts at each level of fertility, including zero children, in the
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empirical data matches the proportions predicted by the Poisson (and the neg-

ative binomial) distribution. This assumption may be particularly problematic

for the distinction between childless individuals and those with children, because

different mechanisms may account for the influence of individual’s status on the

probability of having no offspring, and conditional on having at least one off-

spring, the probabilities of having different numbers of offspring. For example, in

most developed societies individuals with high socioeconomic status tend to have

fewer children than those low in status, whereas socioeconomic status may have

positive or negative associations with childlessness (e.g., Heaton, Jacobson and

Holland 1999; Abma and Martinez 2006).

To allow parents’ and grandparents’ characteristics to have separate effects on

the probabilities of being childless, and conditional on having at least one offspring,

the total number of offspring, we introduce a mixture Poisson or negative binomial

distribution that models processes of having any offspring and having positive

number of offspring jointly (Johnson, Kemp and Kotz 2005). Suppose that π and

1 − π are the probabilities of failure and success for overcoming a ‘hurdle’ that

conditions success at reproduction; or, in other words, the probability of avoiding

childlessness. The model specifies that for the kth individual,

P [fk = 0|Zk] = π

P [fk = n|Xk, fk > 0] =
(1− π)pn

1− p0

(3.8)

where P [fk = n] is the probability that the number of offspring for the kth

individual is n; Z is the set of covariates to explain having no offspring and X

is the set of covariates to explain a positive number of offspring; pn (and p0) is

the probability of having a given number of offspring in the Poisson (or negative

binomial) distribution.

We use a logit model to predict P [fk = 0] and assume that nonzero fertility
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P [fk = n|fk > 0] follows a truncated Poisson or negative binomial distribution.

Thus, we can model them jointly by the mixture Poisson model:

P [fk = 0|Zk] =
1

1 + exp (Z′kγ)

P [fk = n|Xk, fk > 0] =
(1− P [fk = 0|Zk]) exp(−µk)µfkk

fk![1− exp(−µk)]

(3.9)

In particular, when all the zeros in the fertility distribution are generated by

the same Poisson process as all the positive numbers, P [fk = 0|Xk] in the Poisson

model is the same as that estimated from the logit model, which equals exp?(−µk)

according to equation 3.5. Therefore, P [fk = n|Xk, fk > 0] in the truncated

Poisson model becomes
exp(−µk)µ

fk
k

fk!
, which follows the same form as equation 3.5.

The mixture logit and Poisson model has two advantages over the simple

Poisson or negative binomial model. First, it allows us to examine whether the

mechanisms that determine individuals’ decisions about whether to have offspring

are the same ones that determine how many offspring they have. Second, the

separation of the zero fertility from the positive fertility can increase the precision

of the adjustment method we propose for retrospective data. We illustrate the

latter point in the next section.

We estimate the mobility probabilities from a multinomial logit model or an

ordered logit model, depending on whether the socioeconomic outcome is purely

categorical or ordered. In the multinomial model, the categories of the socioeco-

nomic characteristic are i ∈ {1, 2 . . . n} with 1 being the reference category. The

probability of achieving position i for the kth individual is

P (yk = i|Xk) =
exp(X′kβi)

1 +
∑n

i=2 exp(X′kβi)
(3.10)

Similarly, X includes a set of determinants in the social mobility process, such

as the positions of an individual’s parent, grandparent, and potentially, earlier
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generations, and other control variables. In the ordered logit model, which we use

for the analysis of educational attainment shown later in this thesis, we estimate

the probability of attaining the ith level of schooling for the kth individual as

P (yk = i|Xk) =


P (εk < τ1 −X′kβ) i = 1

P (εk < τi −X′kβ)− P (εk < τi−1 −X′kβ) 1 < i <= I − 1

1− P (εk < τI−1 −X′kβ) i = I

(3.11)

=


1

1+exp(−τ1+X′kβ)
i = 1

1
1+exp(−τi+X′kβ)

− 1
1+exp(−τi−1+X′kβ)

1 < i <= I − 1

1− 1
1+exp(−τI−1+X′kβ)

i = I

(3.12)

where ε refers to the error term, which is assumed to follow a logistic dis-

tribution with a mean of 0 and a variance of π2/3; and τ denotes the cutpoints

of the latent variable corresponding to the observed y. The probability that an

individual’s position is between two consecutive values is the difference between

the cumulative distribution function evaluated at these values.

The mobility estimates are based on estimated probabilities of attainment for

a single son. The joint demographic and mobility model specifies the number of

men in a given position in the fathers’ generation, the expected number of sons

born to each man in that position, and the probability that a son with a father

in that position will attain a specific position. Thus, the mobility probabilities

in the model are estimated by giving an equal weight to each man in the sons’

generation. This implies that retrospective data would yield the same results as

prospective data, if the prospective data include fathers and all their sons. In

that case, there is no need to adjust the retrospective mobility estimates. When
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the prospective data include only a single randomly selected son for each father,

however, we need to adjust the mobility estimates by weighting for differential

fertility.

3.4 An Adjustment Method for Retrospective Data

As discussed above, the joint demographic and mobility model estimated from ret-

rospective data may suffer from retrospective reporting bias. This means that (1)

the information from men in the fathers’ generation who have multiple offspring

will be overrepresented in the retrospective samples reported by the respondents,

and (2) the information from men in the fathers’ generation who have no offspring

will be omitted from retrospective samples. The first source of the bias can be cor-

rected by the inverse probability weighting method (Horvitz and Thompson 1952),

namely, weighting each respondent by the inverse of the number of siblings of re-

spondents plus themselves, that is, for the kth individual, wk = 1/(sibsk + 1). The

relationship between the expected value of a variable measured in the weighted

retrospective sample, X ′, and the same variable measured in the original retro-

spective sample, X, is as follows:

E(X ′k) =
m∑
k=1

1

m
·X ′k =

∑n
k=1 wk ·Xk∑n

k=1wk
=

∑n
k=1

1
(sibsk+1)

·Xk∑n
k=1

1
(sibsk+1)

(3.13)

where n refers to the original sample size of the retrospective sample, and m

is the weighted sample size. This new estimator X ′ is also known as the Hájek

estimator (Hájek 1971).

For the second problem, we can estimate childlessness probabilities from an-

cillary data sources. For populations in which fertility patterns are approximately

stable from one generation to the next, it may be possible to use childlessness

probabilities of the offspring generation, provided that they report their fertili-
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ty and a sufficient number of them have completed their childbearing. To see

why the two steps of adjustment (for differential fertility and for childlessness in

the parents’ generation) can yield an unbiased estimate of fertility in the fathers’

generation, we express the expected fertility for the kth individual in the fathers’

generation as:

E(fk|Xk) = P (fk = 0|Xk) · 0 + (1− P (fk = 0|Xk)) · E(fk|Xk, fk > 0) (3.14)

After weighting the data based on equation 3.13, we can estimate E(fk|Xk, fk >

0) from a truncated Poisson (or negative binomial) model for retrospective data,

that is,

E(fk|Xk) =
µk

P (fk > 0|Xk)
=

µk
1− exp(−µk)

(3.15)

where µk = exp(X′kβ). In principle, this adjusted retrospective estimate of

fk(> 0) should be the same as the prospective estimate from the truncated part

in the mixture logit and Poisson (or negative binomial) model in equation 3.9

(Long 1997).

Now, we only need to approximate P (fk = 0|Xk) for the fathers’ generation us-

ing P (f ′k = 0|Zk) from an ancillary source or from the sons’ generation, assuming

that the distribution of childlessness probabilities does not change substantially

across generations. We rely on a logit model to estimate this probability in equa-

tion 3.17 below, but other solutions, such as probit or linear probability models,

are also possible. When this approximation is accurate, the retrospective estimate

of P (f ′k = 0|Zk) should be close to the prospective estimate from the logit part of

the mixture Poisson (or negative binomial) model in equation 3.9.

Overall, the adjusted retrospective estimate of fertility in the fathers generation
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in equation 3.14 can be expressed as

E(fk|Xk) = (1− P (fk = 0|Xk)) ·
µk

1− exp(−µk)
(3.16)

= (1− 1

1 + exp(Z′kγ)
) · exp(X′kβ)

1− exp(− exp(X′kβ))
(3.17)

To evaluate the performance of the adjustment method, we define the bias in

the retrospective estimates of the joint demographic and mobility effect as

B =
(
E(fȲt−1

· pYt|Ȳt−1
)− E(fȲ′t−1

· pY ′t |Ȳ′t−1
)
)
p
−
(
E(fȲt−1

· pYt|Ȳt−1
)− E(fȲ′t−1

· pY ′t |Ȳ′t−1
)
)
r

(3.18)

Then adjusted bias and the percent reduction in bias ∆ are defined accordingly

B =
(
E(fȲt−1

· pYt|Ȳt−1
)− E(fȲ′t−1

· pY ′t |Ȳ′t−1
)
)
p
−
(
E(fȲt−1

· pYt|Ȳt−1
)− E(fȲ′t−1

· pY ′t |Ȳ′t−1
)
)
adj

(3.19)

∆ = 100(1− |γ|)% where Badj = γB (3.20)
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CHAPTER 4

Simulated Example

In this section, we simulate several prospective data sets under different fertility

and mobility assumptions using Monte Carlo methods. We generate samples of

data generated by a joint fertility-mobility model with known parameters. Given

these simulated data we first obtain the prospective estimates of the joint demog-

raphy and mobility model. Then we treat the data sets retrospectively, assuming

that information from the childless group is missing, and that individuals with dif-

ferent numbers of offspring are disproportionately represented in the sample. This

procedure shows the extent of the retrospective reporting bias in the joint demo-

graphic and mobility effect estimated from retrospective data. Our illustrations

include a two-generation model which only focuses on father-son associations, and

a three-generation model which takes both fathers and grandfathers into account.

Multi-generational models with four or more generations can be simulated in a

similar fashion.

4.1 Data Generating Process

We generate three variables F (number of sons), Y (socioeconomic position),

and U (a random variable that summarizes personal attributes, such as ability,

genetic endowment, and experiences) for each of 10,000 subjects in the initial

generation. We first generate the personal attributes variable U for the initial

generation, which is drawn from a standard normal distribution. We assume the

socioeconomic position is a dichotomous variable with two categories {1=low,
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2=high}, and for each subject, we draw the variable from a Bernoulli distribution

with the mean conditional on the exogenous variable (U). Then we draw fertility

(F ) from a Poisson distribution with the mean parameter to be determined by the

socioeconomic position variable (Y ) of the current generation. We then generate a

dichotomous variable D, indicating whether the fertility is zero (D = 0) or positive

(D = 1). Since we do not count daughters, we assume that the number of men

without any offspring is number of men without sons. Once the variables for the

initial generation are generated, all the subsequent generations can be generated

by fertility and mobility rules specified in the equations below.

We first simulate a two-generation data set, in which we assume a man’s

fertility at the tth generation (Ft) depends on his socioeconomic position (Yt,

equation 4.1), and his socioeconomic position (Yt) depends only on his father’s

position (Yt−1 , equation 4.2), given that his father has at least one son (Dt−1 =

1). We then simulate a three-generation data set, in which multigenerational

effects are allowed. Specifically, we assume that a man’s fertility (Ft) depends on

the socioeconomic positions and fertility of all prior generations (Yt−1 . . . Y1 and

Ft−1 . . . F1) as well as his own socioeconomic position (Yt, equation 4.3). Also, a

man’s socioeconomic position (Yt) depends on the socioeconomic positions of all

prior generations (Yt−1 . . . Y1, equation 4.4) and his father’s fertility (Ft−1), given

that his father has at least one son (Dt−1 = 1). The Appendix gives a detailed

description of the simulation procedures.

Two-generation model:

E(F2|Y2, D2 = 1) = exp(β0 + β1(Y2 − Ȳ2)) = exp(log(1.1) + 0.6 · (Y2 − Ȳ2)) (4.1)

logit(P [Y2 = 2|U2, Y1, D1 = 1]) = δ0 + δ1 · U2 + δ2 · Y1 (4.2)

= log

(
0.2

0.8

)
+ log(2) · U2 + log(2.5) · Y1

Three generation model:
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E(F3|Y3, Y2, Y1, F2, F1, D1 = 1) = exp(ζ0 + ζ1 · (Y3 − Ȳ3) + ζ2 · (Y2 − Ȳ2)

+ζ3 · (Y1 − Ȳ1) + ζ4 · (F2 − F̄2) + ζ5 · (F1 − F̄1))

= exp(log(1.1) + 0.36 · (Y3 − Ȳ3) + 0.20 · (Y2 − Ȳ2) + 0.10 · (Y1 − Ȳ1)

+0.10 · (F2 − F̄2) + 0.03 · (F1 − F̄1))

(4.3)

logit (P [Y3 = 2|U3, Y2, U2, F2, Y1, U1, D2 = 1]) = λ0 + λ1 · U3 + λ2 · Y2+

λ3 · U2 + λ4 · F2 + λ5 · Y1 + λ6 · U1

= log

(
0.15

0.85

)
+ log(1.8)U3 + log(2.0)Y2 + log(1.3)U2 + log(1.1)F2

+ log(1.5)Y1 + log(1.1)U1

(4.4)

In the two-generation prospective sample, all the variables F1, F2, D1, D2, Y1, Y2

are observed, whereas in the retrospective sample, we only know F1 > 0 (i.e.,

given D1 = 1), F2, D2, Y1 (given D1 = 1), and Y2. We use the proportion of

childless adults in the sons’ generation (D2 = 0) to approximate that of the fathers’

generation (D1 = 0) in the adjusted retrospective method. Likewise, in the three-

generation prospective sample, all the variables F1, F2, F3, D1, D2, D3, Y1, Y2, and

Y3 are observed, whereas in the retrospective sample, we only know F1 > 0 (given

D1 = 1 andD2 = 1), F2 > 0 (givenD2 = 1), F3, D3, Y1 (givenD1 = 1 andD2 = 1),

Y2 (given D2 = 1), and Y3. We need to use the proportion of childless adults in the

sons’ generation (D3 = 0) to approximate that of the fathers’ generation (D2 = 0)

in the adjusted retrospective method. While it is possible to approximate D1 = 0

based on some compound estimates of D2, D3, F2, and F3, we omit the discussion

here, since D1 is not useful for estimating the joint demographic and mobility

model.

We randomly generate 1,000 data sets and obtain the unadjusted prospective

and the retrospective Monte Carlo estimates for the joint demographic and mo-

bility effect. We then show the adjusted results for the retrospective results by
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weighting the overrepresented fathers and approximating the number of childless

adults in the fathers’ generation.

4.2 Simulation Results

We first simulate a two-generation prospective data set for men only. The first

column in Table 1 presents the prospective fertility results of men in the first

generation and the predicted mobility probability of their sons based on the correct

model that was used to generate the data. On average, a man in position 2

produces 0.54 more sons who are in position 2 than a man in position 1 does.

Next we treat the data retrospectively by analyzing men in the second generation

and their reported fathers’ positions and fertility. The results presented in model

1.2 show that the retrospective method largely overestimates the fertility of the

fathers’ generation, for men in both high and low socioeconomic positions. As a

result, the joint effect increases from 0.54 to 0.77: the retrospective model implies

that not only do high status fathers produce more high status sons than low

status fathers do, but also that the degree of their advantage is greater than in

the correct model. In model 1.3, we adjust for the overrepresentation of sons

in the retrospective models; that is, we weight each son by the inverse of his

father’s fertility. In model 1.4, we approximate the proportion of childless men in

the fathers’ generation by the proportion of childless men in the sons’ generation.

The mobility estimates are the same across the four columns, because, as discussed

above, mobility probabilities estimated from retrospective and prospective data

are the same when prospective data include all the sons of each father.

After weighting the fertility of fathers who have multiple sons, the retrospective

fertility estimates decrease from 2.66 to 2.05, and the joint effect decreases from

0.77 to 0.59, only a slight upward bias. The weighting step shown in model

1.3 eliminates 80.7% of the bias in the retrospective estimate of the joint effect.
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Furthermore, after we adjust for the proportion of men without any sons in the

fathers’ generation, the estimates from model 1.4 become almost equal to the

prospective estimates.

Table 1. Two-Generation Prospective Models and Unadjusted and Adjusted Retro-
spective Models based on Monte Carlo Simulation

1.1 Prospective 1.2 Retrospective 1.3 Adjusted 1.4 Adjusted
Method Method Retrospective Retrospective

Method Method (weighting
(weighting only) + zero fertility)

Fertility fG1

f1 0.910 1.909 1.523 0.911
(0.012) (0.021) (0.012) (0.011)

f2 1.656 2.655 2.047 1.658
(0.024) (0.034) (0.023) (0.023)

Mobility pG2|G1

p2|1 0.207
(0.005)

p2|2 0.440
(0.007)

The joint effect 0.541 0.774 0.586 0.541
f2p2|2 − f1p2|1 (0.016) (0.026) (0.019) (0.016)

Bias (ref. model 1.1) - 0.233 0.045 0.000

Note: Figures in the parentheses are standard errors.
* The mobility estimates are the same across all the models, because the prospective and the
retrospective data yield the same results.

Next, we simulate a three-generation data set with lagged effects of grandfa-

thers on father’s fertility and son’s mobility. The results in Table 2 suggest similar

patterns to those shown in Table 1, except that the joint demographic and mobil-

ity effects are greater than in the two-generation model. The weighting method

eliminates the bias in the retrospective estimates of the joint effect by 72.1%. The

adjustment for the childless population accounts for the remaining 27.9% of the
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bias. On average, a father in position 2 has 0.75 more sons who achieve position 2

than a father in position 1. The retrospective estimates are again very close to the

prospective estimates after we adjust for the overrepresentation of high fertility

fathers and the omission of men without sons.

Table 2. Three-Generation Prospective Models and Unadjusted and Adjusted Retro-
spective Models based on Monte Carlo Simulation

2.1 Prospective 2.2 Retrospective 2.3 Adjusted 2.4 Adjusted
Method Method Retrospective Retrospective

Method Method (weighting
(weighting only) + zero fertility)

Fertility f{G2,G1}
f{1,1} 0.844 1.851 1.484 0.845

(0.014) (0.025) (0.015) (0.014)

f{2,2} 1.680 2.711 2.077 1.677
(0.026) (0.040) (0.025) (0.026)

Mobility pG3|{G2,G1}
p2|{1,1} 0.162

(0.006)

p2|{2,2} 0.530
(0.008)

The joint effect 0.754 1.138 0.861 0.753
f{2,2}p2|{2,2} − f{1,1}p2|{1,1} (0.021) (0.034) (0.024) (0.021)

Bias (ref. model 2.1) - 0.384 0.107 -0.001

Note: Figures in the parentheses are standard errors.
* The mobility estimates are the same across all the models, because the prospective and the retrospective
data yield the same results.
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CHAPTER 5

Empirical Example

5.1 Data

The simulated example shows the theoretical performance of the adjustment

method, when the underlying probabilities of positive fertility and childlessness

are fixed over generations. To show the effectiveness of the adjustment method for

real data when the true parameters are unknown, we apply it to a retrospective

sample constructed from a prospective data setthe Panel Study of Income Dynam-

ics (PSID 1968-2009). The PSID began in 1968 with a household sample of more

than 18,000 Americans from roughly 5,000 families. Original panel members have

been followed prospectively each year through 1997 and then biannually. The

study follows targeted respondents according to a genealogical design. All heads

of households recruited into the PSID in 1968 carry the PSID “gene” and are

targeted for collection of detailed socioeconomic information. Members of new

households created by the offspring of original targeted household heads retain

the PSID “gene” themselves and become permanent PSID respondents. Original

panel members are asked questions about the social and economic circumstances

of their families of origin. As those original panel members’ children grow older,

the PSID also includes information about the social and economic circumstances

of multiple generations within families. The data have been widely used in inter-

generational mobility studies (Corcoran et al. 1992; Smeeding, Jantii and Erikson

2011; Solon 1992; Torche 2011). The design of the PSID is similar to the second

type of the prospective data that we discussed above, which include information
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on respondents and all their offspring.

We construct our multigenerational sample through the PSID Family Identi-

fication Mapping System (FIMS). The FIMS sample links the PSID respondents

with their parents and grandparents who are also PSID sample members. We

then merge the person ID in the FIMS sample with the yearly individual files,

and keep only the latest available fertility and educational information for all the

individuals. We restrict our sample to men in the fathers’ generation who were

born between 1930 and 1950, so that we can get reasonable retrospective estimates

for the sons, since they have reached adulthood by the last wave of the survey in

2009.

We estimate the joint demographic and mobility model with respect to edu-

cational attainment, which is transformed from the variable “years of education”

into an ordinal variable with four levels: 1 (0-11 years of schooling), 2 (12 years

of schooling), 3 (13-15 years of schooling), 4 (16+ years of schooling). We rely on

the question about an individual’s number of live births to estimate his fertility.

Because the question does not identify the sex of births, we estimate the propor-

tion of men without any offspring, rather than men without sons. We obtain the

predicted number of sons in the joint demographic and mobility model by dividing

the predicted number of offspring by 2, assuming that the sex ratio is 1. In the

three-generation model, we assume a man’s education depends on both his fathers

and grandfather’s education, while his fertility depends on his own and his fathers

education.

We first estimate the prospective joint demographic and mobility effect from

the PSID sample. Then we treat the data retrospectively, which provides infor-

mation about the sons’ education, his number of siblings and offspring, and his

father’s and grandfather’s education. As we discussed earlier, since the retrospec-

tive sample omits the childless proportion of men in the fathers’ generation, we

rely on either the proportion of childless adults in the sons’ generation to ap-
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proximate that for the fathers’ generation, or the childless information from other

reliable sources.

The first solution, however, may encounter two interrelated problems. First,

many adults in the sons’ generation in the PSID sample are still too young to finish

bearing children. To estimate the childlessness probability of these adults at the

end of their reproductive span, we need to adjust for individuals’ exposure time

during reproductive ages. In the models estimated in the next section, we adjust

for the exposure time by controlling for the respondent’s age. Similar methods

have been used in Kalbfleisch and Prentice (2002: 334). Second, even if we adjust

for the exposure time, we find that only a few sons in the PSID are above age

60, which we assume is the age that men finish their reproduction. Therefore, we

use the childlessness estimates from the whole PSID data set, not only from the

sample of the sons’ generation.

5.2 Empirical Results

Table 3 reports results from the prospective and retrospective fertility and mobility

models. In model 3.1, we estimate a negative binomial model for the fertility of

men in the fathers’ generation. A test that is not reported here suggests that

the negative binomial model is preferred to a Poisson model, because of over-

dispersion of the fertility distribution. The education coefficients of the sons and

fathers show a clear educational gradient in the level of fertility; that is, highly

educated sons, especially those whose fathers are also highly educated, tend to

have fewer offspring.

In model 3.2, we differentiate between the childless group and the group of

men with at least one child and estimate the level of fertility with a mixture

logit and negative binomial regression model. Positive coefficients from the logit

regression imply high odds of having at least one child against being childless.
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Coefficients from the truncated negative binomial regression represent effects on

the total number of offspring, conditional on having at least one child. A man’s

own and his father’s education both have a weaker effect on whether he has any

offspring than on how many offspring he has, given that he has at least one child.

Specifically, a man’s own education has no impact on whether his has offspring or

not, but it strongly reduces his total number of offspring. By contrast, his father’s

education affects both his chance of having any offspring and his total number of

offspring. To compare the mixture model to the regular negative binomial model,

we rely on the Vuong likelihood ratio test (Vuong 1989). The alpha parameter in

the test, however, shows that differences between the two models are statistically

insignificant (alpha = 0.04), which means that the effects of the covariates that

predict zeros in the negative binomial models are not different from those in the

mixture model.

In the retrospective sample, we approximate the fertility of men in the fathers’

generation by the number of siblings of men in the sons’ generation. In model 3.3

we show the results both with and without weighting men in the sons’ generation

by the inverse of one plus their number of siblings. Comparing the coefficients

with those in the prospective, truncated negative binomial results in model 3.2, we

see that the weighted coefficients are much closer than the unweighted coefficients

to the coefficients in model 3.2, implying that the bias is lower when accounting

for overrepresentation of high fertility fathers in the retrospective reports from

sons.

Next, we approximate the probability of childlessness in mixture model 3.2

with a logit regression that makes use of fertility information from all PSID re-

spondents. In the simulated example, we approximate this probability by the

proportion of zero fertility in the sons’ generation. As we mentioned earlier, s-

ince many PSID sample members in the sons’ generation are too young to have

finished their reproduction, we rely on fertility information from men in the full
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PSID sample, not only those in the offspring sample. In the logit model, we con-

trol individuals’ age group to adjust for exposure time to the total reproductive

span. With this adjustment, we can estimate the childlessness probability at the

end of each individual’s reproductive span.

In model 3.5, we estimate the educational mobility for men in the sons’ gen-

eration by their fathers’ and grandfathers’ education, and their age group using

an ordered logit model. The results show that, for our sample of PSID families, a

son’s level of education does not depend on his grandfather’s education when his

father’s education is taken into account.
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Based on the model estimates in Table 3, we calculate the level of total fer-

tility for men (from which we estimate the number of sons), their probability of

having any offspring, and the mobility probability for their sons. The calcula-

tions are reported in Table 4. The first panel shows the average number of sons

by education of men and their fathers across different models. The second pan-

el shows the mobility probability, which is the same across all the models. The

third panel presents the probability of childlessness based on the mixture model

for the prospective data and the binary logit model for the retrospective data.

The fertility estimates from the negative binomial model are very close to those

from the mixture model. For example, in both models, the average number of

sons is roughly 1.7 for men in the first educational group whose fathers are also

in this group. The childlessness proportion for these men is roughly 8%. The

retrospective estimates are shown in the last three columns. Model estimates

from the truncated negative binomial model in the third column present naive

estimates without any adjustment. The last column presents the results from

our final adjustment method. The unadjusted estimate suggests that the average

number of sons is roughly 2.4 for men who along with their fathers are both in

the first educational group. This estimate declines to 1.8 after we adjust for the

overrepresentation of fathers with more offspring, and further declines to 1.7 after

we adjust for the omission of the childless group.

We report the joint demographic and mobility effect in the fourth panel, and

compare our preferred model in column 2 with alternative models in columns 1,

3, 4, and 5. Here we present the joint effect based on one pair of father’s and

grandfather’s characteristicsnamely, both in the top educational group or both in

the bottom groupout of many possibilities. The results for the preferred model

show that families with both the father and grandfather in the top educational

group produce 0.39 more offspring in the top educational group than families

in which both the father and grandfather are in the bottom educational group,
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despite the lower fertility of more educated fathers and grandfathers. The effect

is 0.52 for the simple retrospective model, 0.41 for the weighted retrospective

model without adjusting for the childlessness probability, and 0.38 for our final

adjustment model. Compared to the bias in the unadjusted retrospective model

in column 3, our weighting adjustment model in column 4 eliminates 82.1% of the

bias, and the final model in column 5 eliminates 95.5% of the bias based on the

formula in equation 3.20.
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CHAPTER 6

Conclusion

We have discussed prospective and retrospective approaches to the study of inter-

generational social mobility. In general, prospective, longitudinal data are supe-

rior to retrospective, cross-sectional data, because they include complete fertility

information for the early generations of interviewed families, which allows re-

searchers to examine the mediating role of demography in the intergenerational

transmission of socioeconomic status. Although a few more recent studies provide

prospective data for more than two generations and allow analyses of multigen-

erational social mobility, such data remain scarce. Thus it remains desirable to

exploit traditional retrospective survey data for estimating joint models of social

mobility and demographic processes. However, analyses based on retrospective

data may suffer from the retrospective reporting bias problem, because of the

omission of childless population in early generations, as well as the overrepresen-

tation of early generations with more offspring and descendants. In this thesis, we

have examined the algebraic relationship between traditional mobility tables con-

structed from retrospective and prospective data. We show that the differences

between these two approaches with respect to the mobility odds ratios depend

on how the prospective data are collected and the interaction between fertility

and social mobility. When prospective data are obtained for all offspring for each

individual, these data can be easily used to construct traditional mobility tables

based on the offspring sample without any statistical adjustment. However, if the

data ask individuals about a randomly chosen offspring, the odds ratios estimated
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from retrospective and prospective data may differ. We show that the inconsis-

tency between the two approaches depends on the three-way association among

parents’ fertility, parents’ status, and offspring’s status. In the presence of the

three-way interaction, we propose a weighting method shown in equation 2.1 to

convert the prospective odds ratio to the traditional, retrospective odds ratio.

Retrospective reporting bias becomes a more salient problem when researcher-

s are interested in not only the mobility table itself, but also the persistence or

changes in socioeconomic distributions across generations. Demographic path-

ways, such as marriage, assortative mating, geographic mobility, and fertility,

modify the extent to which inequality in one generation is reproduced in the next.

Traditional mobility tables focus on the inequality between parents and offspring

restricted to those who have offspring, but the process of producing offspring it-

self also involves social inequality associated with parents’ socioeconomic status.

Based on the framework of the joint demographic and mobility model proposed

by Mare and Maralani (2006), we show how to obtain the prospective estimates

of the joint demographic and mobility effect in two-generation and mutigenera-

tional mobility examples. We also propose an adjustment method for obtaining

the prospective estimates using retrospective data.

A Monte Carlo study comparing the prospective approach with the adjusted

and unadjusted retrospective approach shows that the adjustment method re-

moves almost all the difference between the prospective and the biased retrospec-

tive estimates. Specifically, the weighting method removes more than 70 percent

of the bias, while the remaining bias is eliminated by accounting for childlessness.

Our illustrative analyses of the PSID show how to adjust retrospective mobility

data using prospective data and to estimate the joint demographic and mobility

model using a mixture logit and negative binomial model. The results suggest

that overall the adjustment method removes more than 95% of the bias in the

retrospective estimates. The methods proposed in this thesis are potentially ap-
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plicable to a wide range of models that include a broader variety of demographic

processes and socioeconomic outcomes than those presented here. Compared to

the retrospective approach in traditional social mobility studies, the prospective

approach provides a broader view of intergenerational inequality. We show in

this thesis what kind of new knowledge a forward-looking conceptual framework

can offer to social mobility studies and how such a prospective approach can be

achieved with limited information from retrospective data.
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CHAPTER 7

Appendix: Simulation Details

This appendix provides the details for the simulation examples. For the two-

generation model, we assume that a man’s fertility depends on his own socioe-

conomic position, and his socioeconomic position depends on only his father’s

position. There is no lagged effect from the grandfather in both the fertility and

mobility equations. The data are generated in the following order according to

the specified probability models:

1.1 The exogenous variable U1 for the fathers’ generation is drawn from a

standard normal distribution U1 ∼ N(0, 1).

1.2. We then generate the father’s position Y1 (1 vs. 2) for each of the 10,000

subjects:

logit (P [Y1 = 2|U1]) = α0 + α1 · U1 = log

(
0.3

0.7

)
+ log(2) · U1 (7.1)

1.3. The conditional distribution of a father’s fertility given Y1 follows a Pois-

son distribution with the mean of the fertility satisfies equation below.

E(F1|Y1) = exp(β0 + β1 · (Y1 − Ȳ1)) = exp(log(1.1) + 0.6 · (Y1 − Ȳ1)) (7.2)

We then generate a dichotomous variable D1 based on F1, where D1 = 1 if

F1 > 0 and D1 = 0 if F1 = 0.

1.4. The conditional distribution of a son’s variable U2 given U1 and D1 is

drawn from a normal distribution, where the standard deviation is fixed at 1 and
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the mean satisfies the equation below.

E(U2|U1, D1 = 1) = γ1 · (U1 − Ū1) = 0.8 · (U1 − Ū1) (7.3)

1.5. The conditional distribution of a son’s socioeconomic position Y2 given

U2, D1 and Y1 follows a Bernoulli distribution.

logit(P [Y2 = 2|U2, Y1, D1 = 1]) = δ0 + δ1 · U2 + δ2 · Y1 (7.4)

= log

(
0.2

0.8

)
+ log(2) · U2 + log(2.5) · Y1

1.6. The conditional distribution of a son’s fertility F2 given Y2, and D1 follows

a Poisson distribution with the mean of the fertility satisfies the equation below.

E(F2|Y2, D1 = 1) = exp(β0 +β1 · (Y2− Ȳ2)) = exp(log(1.1) + 0.6 · (Y2− Ȳ2)) (7.5)

We then generate a dichotomous variable D2 based on F2, where D2 = 1 if

F2 > 0 and D2 = 0 if F2 = 0.

In the prospective sample, all the variables F1, F2, D1, D2, Y1, Y2 are observed,

while in the retrospective sample, we only know F1 > 0 (i.e., D1 = 1), F2, D2, Y1, Y2.

We need to use the proportion of childless adults in the sons’ generation (D2 = 1)

to approximate that of the fathers’ generation (D1 = 1) in the adjusted retrospec-

tive method.

For the three-generation model, we assume that a man’s fertility depends on

the socioeconomic positions and fertility of all prior generations, as well as his own

socioeconomic position. In addition, we assume a man’s socioeconomic position

depends on the socioeconomic positions of all prior generations. We generate the

41



data by the following steps.

2.1. The exogenous variable U1 for the grandfathers’ generation follows a

standard normal distribution U1 ∼ N(0, 1).

2.2. The conditional distribution of a grandfather’s socioeconomic position Y1

(1 vs. 2) given U1, follows a Bernoulli distribution.

logit(P [Y1 = 2|U1]) = α0 + α1 · U1 = log

(
0.3

0.7

)
+ log(2) · U1 (7.6)

2.3. The conditional distribution of a grandfather’s fertility F1 given Y1 follows

a Poisson distribution with the mean of the fertility satisfies the equation below.

E(F1|Y1) = exp(β0 + β1 · (Y1 − Ȳ1)) = exp
(
log(1.1) + 0.6 · (Y1 − Ȳ1)

)
(7.7)

We generate a dichotomous variable D1 based on F1, where D1 = 1 if F1 > 0

and D1 = 0 if F1 = 0.

2.4. The conditional distribution of a father’s variable U2 given U1 and D1

follows a normal distribution, where the standard deviation is fixed at 1 and the

mean satisfies the equation below.

E(U2|U1, D1 = 1) = γ1 · (U1 − Ū1) = 0.8 · (U1 − Ū1) (7.8)

2.5. The conditional distribution of a father’s position Y2 given U2, F1, D1 and

Y1 follows a Bernoulli distribution.

logit(P [Y2 = 2|U2, Y1, D1 = 1]) = δ0 + δ1 · U2 + δ2 · Y1 + δ3 · F1 (7.9)

= log

(
0.2

0.8

)
+ log(2) · U2 + log(2.5) · Y1 + log(1.1) · F1
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2.6. The conditional distribution of a father’s fertility F2 given Y2, Y1, F1

and D1 follows a Poisson distribution with the mean of the fertility satisfies the

equation below.

E(F2|Y2, Y1, F1, D1 = 1) = exp
(
θ0 + θ1 · (Y2 − Ȳ2) + θ2 · (Y1 − Ȳ1) + θ3 · (F1 − F̄1)

)
(7.10)

= exp
(
log(1.1) + 0.4 · (Y2 − Ȳ2) + 0.2 · (Y1 − Ȳ1) + 0.1 · (F1 − F̄1)

)
We generate a dichotomous variable D2 based on F2, where D2 = 1 if F2 > 0

and D2 = 0 if F2 = 0.

2.7. The conditional distribution of a son’s variable U3 given U2, U1 and D2

follows a normal distribution, where the standard deviation is fixed at 1 and the

mean satisfies the equation below.

E(U3|U2, U1, D2 = 1) = π1 · (U2 − Ū2) + π2 · (U1 − Ū1) (7.11)

= 0.6 · (U2 − Ū2) + 0.2 · (U1 − Ū1)

Note that when D2 = 1, we must have D1 = 1.

2.8. The conditional distribution of a son’s position Y3 given U3, Y2, U2, F2, Y1, U1,

and D2 follows a Bernoulli distribution.

logit(P [Y3 = 2|U3, Y2, U2, F2, Y1, U1, D2 = 1]) = λ0 + λ1 · U3+

λ2 · Y2 + λ3 · U2 + λ4 · F2 + λ5 · Y1 + λ6 · U1 (7.12)

= log

(
0.15

0.85

)
+ log(1.8) · U3 + log(2.0) · Y2 + log(1.3) · U2+

log(1.1) · F2 + log(1.5) · Y1 + log(1.1) · U1
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2.9. The conditional distribution of a son’s fertility F3 given Y3, Y2, Y1, F2, F1

and D2 follows a Poisson distribution with the mean of the fertility satisfies the

equation below.

E(F3|Y3, Y2, Y1, F2, F1, D1 = 1) = exp(ζ0 + ζ1 · (Y3 − Ȳ3) + ζ2 · (Y2 − Ȳ2)+

ζ3 · (Y1 − Ȳ1) + ζ4 · (F2 − F̄2) + ζ5 · (F1 − F̄1)) (7.13)

= exp(log(1.1) + 0.36 · (Y3 − Ȳ3) + 0.20 · (Y2 − Ȳ2) + 0.10 · (Y1 − Ȳ1)+

0.10 · (F2 − F̄2) + 0.03 · (F1 − F̄1))
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