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ABSTRACT
This dissertation develops and applies innovative causal inference methods to investigate the
causes, mechanisms, and consequences of intergenerational mobility within the United States.
Chapter 1 redefines the concept of mobility effects, a traditional focus of social stratification
research, by shifting attention from the individual to the societal level. It establishes a
methodological framework for assessing the impact of macro-level social mobility, specifically
examining how changes in social mobility influence societal outcome distributions. This
approach is demonstrated through two analyses exploring the effects of social mobility on
average fertility rates and income inequality in the United States. Chapter 2 explores the
influence of labor market transformations on the mechanisms underlying intergenerational
income transmission. Utilizing data from diverse sources and employing a novel causal
decomposition technique, this chapter reveals a shift in intergenerational income transmission
away from cognitive factors towards non-cognitive ones in recent decades in the United States.
Chapter 3 evaluates the impact of parental college education on intergenerational mobility. While
previous discussions have primarily centered on the college attainment of children, this study
redirects attention to the educational backgrounds of parents. The research demonstrates that
children of college-educated parents experience significantly greater mobility compared to those
with non-college-educated parents. I assess the robustness of this pattern to confounding factors
by evaluating a novel causal estimand. Collectively, this dissertation addresses longstanding
puzzles in social mobility studies through the application of cutting-edge causal inference
methodologies. These methodological advancements offer new insights on traditional research

questions and theoretical perspectives.
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INTRODUCTION

The question of what drives social stratification, characterized by the uneven distribution
of positions and resources based on socioeconomic or demographic factors, has long been central
to sociology. While we have developed a comprehensive understanding of the descriptive
landscape of social mobility—knowing the extent of mobility across different periods, countries,
and measures—our grasp of the causes of intergenerational immobility and its consequences
remains less clear.

Existing research faces methodological limitations that hinder a satisfactory explanation.
Primarily, most quantitative studies fail to directly address social stratification, which entails the
association between multiple variables. Instead, they often utilize regression models to explain
individual outcomes, focusing on a single dependent variable. For instance, a regression model
might analyze income as the dependent variable, with parental income and education as
independent variables, revealing how parental income, given children's education levels,
influences children's income. However, such models do not fully capture the factors contributing
to income persistence—the association between parent and children’s incomes. Consequently,
contemporary social stratification research offers limited insight into the potential impacts of
policy interventions. Questions regarding effective policies to reduce racial income disparities or
enhance intergenerational mobility remain largely unanswered. What data, assumptions, and
methodologies are necessary to credibly assess these policy effects? These critical inquiries
remain largely unaddressed.

This dissertation is largely motivated by these methodological shortcomings. Drawing on
tools from causal inference, each of its three articles aims to provide a clear definition of the

estimand, elucidate identification assumptions, and employ flexible estimators to derive



estimates. This approach aligns with recent calls to enhance research practices in sociology
(Lundberg et al., 2021). In contrast to earlier studies focusing on individual outcomes, these
papers prioritize social mobility itself—the relationship between parental and children status—as
the primary statistical objective of explanation. The three articles respectively tackle the
consequences, mechanisms, and causes of intergenerational mobility.

Chapter 1 studies the consequence of intergenerational mobility. While researchers have
long been intrigued by the implications of mobility, commonly referred to as the "mobility
effect," earlier formulations of this problem encountered significant identification challenges.
This arises from the difficulty in envisioning a counterfactual scenario at the individual level
where one's mobility status changes while the origin and destination remain constant. In
collaboration with Yu Xie, we redefine the mobility effect at the societal level, focusing on the
potential consequences of altering the shape of social mobility—the association between parent
and child status. By doing so, we establish a clear causal understanding of the issue. Leveraging
this methodology, we examine the potential impact of enhancing social mobility on average
fertility and income inequality in the United States. Our analysis reveals that while improving
social mobility is unlikely to affect fertility rates significantly, it holds considerable potential for
mitigating income inequality within society.

Chapter 2 studies the mechanism of intergenerational mobility. In recent decades,
intergenerational income mobility in the United States has exhibited a stable trend. The US labor
market, on the other hand, has undergone a notable transformation in skill requirements over
recent decades, with cognitive skills diminishing in importance while non-cognitive skills have
gained prominence. This shift suggests a corresponding alteration in the channel through which

income is transmitted between generations. To assess the evolving mechanisms of



intergenerational income persistence, I developed a novel sequential decomposition method that
extends the conventional Kitagawa-Blinder-Oaxaca decomposition and has clear causal
interpretations as interventional effects. Utilizing data from diverse sources, including the
National Longitudinal Survey of Youth '79 and '97, multiple waves of the US census, the
American Community Surveys, the Occupational Information Network (O*NET), and
information extracted from newspaper job advertisements, I discovered that the stability in the
income mobility rate results from the interplay of two opposing forces. Specifically,
intergenerational persistence through the cognitive channel has diminished, while persistence
through the non-cognitive channel has increased.

Chapter 3 studies the causes of intergenerational mobility. Extensive research has
explored the relationship between college education and intergenerational mobility in the United
States. One prominent theory that has emerged from this literature is the "great equalizer"
hypothesis, which suggests that college education serves as a pathway to higher social mobility
for individuals. However, a gap in the literature exists regarding whether the children of college-
educated parents experience higher or lower social mobility compared to those with non-college-
educated parents. This study addresses this gap by evaluating the intergenerational mobility of
children based on their parents' educational attainment. Specifically, it focuses on a novel causal
estimand that approximates the counterfactual mobility if college-educated parents had not
completed college and if non-college-educated parents had completed college. The findings
indicate that children of college-educated parents indeed experience higher mobility, and this
result remains robust to potential confounding factors. Further analyses reveal that factors such
as educational expectations, parenting style, and educational expenditure all play a role in the

"cross-generation" equalizing power of college education.
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CHAPTER 1. SOCIAL MOBILITY AS CAUSAL INTERVENTION

Abstract!

The study of mobility effects is an important subject of study for sociologists. Empirical
investigations of individual mobility effects, however, have been hindered by one fundamental
limitation, the unidentifiability of mobility effects when origin and destination are held constant.
Given this fundamental limitation, we propose to reconceptualize mobility effects from the micro
to the macro level. Instead of micro-level mobility effects, the primary focus of the past
literature, we ask alternative research questions about macro-level mobility effects: what happens
to the population distribution of an outcome if we manipulate the mobility regime, that is, if we
alter the observed association between social origin and social destination? The proposed method
bridges the macro and micro agendas in social stratification research and has wider applications
in social stratification beyond the study of mobility effects. We illustrate the method with two
analyses that evaluate the impact of social mobility on average fertility and income inequality in

the United States respectively.

1 This research paper is coauthored with Yu Xie (Department of Sociology, Princeton University).
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INTRODUCTION

Intergenerational mobility has been a core subject of sociological and demographic
research since the middle of the last century (Lipset and Bendix, 1962; Blau and Duncan, 1967).
One longstanding strand of this research is concerned with mobility effects. Tracing back to
Sorokin (1927), social scientists have long hypothesized that individuals of different social
mobility statuses display different social behaviors. For instance, the dissociative hypothesis
states that social mobility incurs a penalty on the subjective well-being of socially mobile
individuals because they are dissociated from their original families (Ellis and Lane, 1967; Houle
and Martin, 2011; Hadjar and Samuel, 2015; Chan, 2018).

Despite their theoretical appeal, the empirical evaluations of hypotheses about individual-
level mobility effects are hindered by one fundamental limitation relating to identification:
mathematical dependence among family origin, individual destination, and mobility. Since
mobility is defined by origin and destination, any model that tries to incorporate all three
variables is inherently indeterminate, because there is no variation in mobility holding origin and
destination constant. With no logical way of manipulating mobility with origin and destination
fixed, there is no logical identification of causal effects (Holland, 1986). Earlier methods
attempted to solve the unidentifiability issue (Duncan, 1966; Hope, 1975; Sobel, 1981, 1985;
Luo, 2021), but they all require statistical and substantive assumptions which are sometimes
implicit and untestable.

In this research, we reconceptualize the study of mobility effects by changing the level of
analysis from the individual to the society. At the individual level, there is no mobility effect with
origin and destination fixed. At the society level, however, mobility is still manipulable with the

marginal distributions of origin and destination fixed. Using a counterfactual mobility table as a
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causal intervention, and the population distribution of the dependent variable as an outcome, we
ask an alternative research question about mobility effects: what happens to the distribution of an
outcome if we manipulate the mobility regime of a society? One example of this type of question
would be: if the social fluidity of the US were the same as that of Sweden, how would the
average subjective well-being of US citizens change?

To answer research questions conceptualized in this way, we develop in this paper a new
quantity of interest, the social mobility effect (SME). In the past decades, the dominant direction
of social mobility research has been comparative descriptive studies of social mobility tables.
SME not only asks whether mobility patterns differ, but also whether and to what extent such
differences matter. As a conceptual tool, SME serves to bridge two disjointed agendas in social
stratification research, the macro approach and the micro approach.

This article proceeds as follows. The second section describes the identification issue of
the individual-level mobility effect. The third section reviews and situates SME in the literature
of social stratification and describes why SME has the potential to advance the field of social
stratification research. The fourth section describes the definition, identification, and estimation
of SME. The fifth section illustrates the use of SME by studying the mobility effect on fertility

and income inequality in the US. The sixth section concludes.

UNIDENTIFIABILITY OF INDIVIDUAL MOBILITY EFFECTS

Prior research has focused exclusively on the effect of mobility at the individual level. It
asks the research question: net of the influence of social origin and social destination, what is the
influence of individual mobility status on the individual’s outcomes. However, it is well-known

that the individual mobility effect has identifiability issues, as there is a functional dependence
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among origin, destination, and mobility, akin to the Age-Period- Cohort (APC) problem (for a
recent review of the APC problem see Fosse and Winship (2019)). Additional assumptions are
required to make the statistical model identifiable. Let O, D, and Y denote respectively social
origin or parental characteristics, social destination or own characteristics, and an outcome?. O
and D can be continuous or categorical in this setting®. M is a mobility indicator that can be
either the interaction of O and D when they are categorical or the difference between O and D
when they are continuous. The earlier literature estimated the mobility effect with a generalized

linear model where g is a link function, by the following model:

E[Y|0,D,M] = g(a + 10 + [,D + [3M)

One apparent problem with this model is that not all coefficients are estimable due to the
functional dependence of O, D, and M. For example, if O and D are continuous so that mobility
is specified as a difference, M = O — D, then the model would have perfectly collinear
independent variables and only two of the three f s would be identifiable. If O and D are
categorical, so that M is the interaction of the two, M is identifiable only with a scale
normalization.

Three approaches have been adopted to address the issue of statistical unidentifiability:
identification via constraint/assumption, identification via normalization/coding scheme, and
partial identification. To make the model identifiable, some prior researchers impose constraints

on the coefficients, essentially bringing in extra information. The most straightforward constraint

2 In the case of the Diagonal Mobility Model, origin and destination are specified as mean outcomes of the
corresponding diagonal cells in the mobility table, which are essentially scaled categorical variables.

3In the illustration here O and D can be continuous but our methodological proposal discussed in this article only
deals with categorical origin or destination.
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1s to assume that one of the three factors, O, D, or M, has no influence on the outcome so that its
B s are zero; on this basis the model becomes identifiable. An alternative is to estimate a non-
linear model where the independent variables are trans- formed to avoid functional dependence.
The substantive assumption under this constraint is that the independent variables affect the
outcome in a specified non-linear, instead of linear, way.

The second approach to identifying the mobility effect, especially when origin and
destination are specified as categorical variables, is to rely on normalizations that do not contain
inherent meanings (Duncan, 1966; Hope, 1975; Luo, 2021). They use coefficients derived from a
model where social origin and social destination are interacted to measure mobility effects. The
coefficients in these regressions, however, are intrinsically undetermined and are subject to
normalization. Because the coefficient is undetermined, the estimated mobility effect is also
undetermined. Identification via normalization differs from identification via assumption as the
former contains no assumption with inherent meaning. There is no scientifically correct way to
choose a normalization choice over another, and the normalization choice does not change the
model in any way, only how the results are presented.

Finally, a recent article has shown that the mobility effect can be partially identified with
mild assumptions, despite that the point identification can only be achieved with very strong
assumptions (Fosse and Pfeffer, 2019). With reasonable assumptions on the direction and
magnitude of the effects of origin, destination, and mobility, one can roughly identify the interval
in which the effect may lie.

We can understand the issue better if we define mobility as a cause in the counterfactual
causal inference literature. The unidentifiability arises from the unmanipulability of the

independent variables at the same time. Holding origin and destination constant, it is impossible
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to manipulate one’s mobility status. An analogous example is the interpretation of high-order
terms in polynomial models. Imagine that an outcome Y is generated by the model Y = a +
B1X + B,X2. People would not interpret the coefficient for the quadratic term 32 as the effect
of X? net of X, because whenever X changes, X? changes accordingly, so the effect of X2 net of
X is ill-defined.

This particular unmanipulability issue is known as the “cross-world” problem in the
causal mediation literature (Naimi et al., 2014). Suppose that we denote a person’s origin,
destination, and mobility status with (o, d, m), and define the person’s potential outcome with m
as Y;(m) = Y,;. A typical causal inference question is as follows. To learn the unconditional
mobility effect of m versus m ’for the individual we imagine a potential outcome where the
person has a counterfactual mobility status Y;(m ). The problem is that in our world we cannot
observe the counterfactual outcome Y;(m”), so we try to learn it from the observed outcome of
other individuals. Now suppose that we want to learn the mobility effect conditional on origin
and destination instead, so we imagine a counterfactual outcome of this individual Y; (o, d, m).
Now the problem is not just that in our world we cannot observe Y; (o, d, m’), it is that in no

possible world can we observe Y; (o, d, m’), since there is not a single world among the infinite
worlds where we can observe the individual with m' but also with (o, d)*. To be more concrete,
suppose we observe an individual, A, who graduated from college and whose parents also

graduated from college. Then A is immobile. Individual mobility effect tries to answer the

question: what would happen to A if he/she had experienced a downward (or upward) mobility

4 Though we borrow the concept "cross-world" from causal mediation to illustrate the logical dilemma of individual
mobility effect, we do not think causal mediation is illogical. The reason is that though a potential outcome in
causal mediation may not be observable in a certain world, it is still imaginable that a person may receive a
treatment but a different version of mediator.
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versus immobility given that he/she and his/her parents all graduated from college? The question
is ill-posed because in no logical world can we observe counterfactually different mobility

experiences of A.

THEORETICAL MOTIVATION OF SME

Given the unidentifiability of the individual mobility effect, in this article, we
reconceptualize mobility effects at the society level, aggregated from the individual level. Still
suppose an immobile person A who graduated from college and whose parents all graduated
from college. We ask an alternative question to individual mobility effect: what will happen to A
if we intervene to assign him/her to a destination according to a new mobility scheme — that is
the rule for allocating people to destinations based on origin? Instead of asking what happens to
an individual if we change the mobility status of that individual, we ask what happens to the
population if we change the mobility regime of a society. At the individual level, mobility M is
fixed after controlling for origin O and destination D. At the society level, there is a large range
of permissible mobility regimes P (0, D) when the origin and destination marginal distributions
P(0) and P(D) are fixed, hence creating space for manipulation. There are large potential
theoretical and substantive payoffs from a reorientation toward macro-level mobility effects.

Theorists of social mobility have long been concerned with the consequences of macro
mobility patterns. For example, Blau and Duncan (1967: 392) stated in their landmark study that
“The viewpoint governing the discussion in this chapter...has been concerned with the question
of what possible demographic consequences follow from the volume of mobility observed in an
economically advanced society.” More recently, there has been a debate about the effect of social

mobility on health inequality, where some hold that mobility reduces health inequality while
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others believe that it increases health inequality (Bartley and Plewis, 1997; Blane et al., 1999;
Claussen et al., 2005; Bartley and Plewis, 2007; Boyle et al., 2009). Due to a lack of proper
tools, earlier studies conducted individual-level analyses about mobility effects and then made
inferences about macro-level consequences by aggregating up individual-level estimates.
However, as argued above, the individual-level mobility effect is fundamentally unidentifiable,
and the macro-level aggregates de- rived from micro-level effects are therefore flawed. By
contrast, our method estimates macro-level mobility effects without identifying individual-level
mobility effects, thereby circumventing the problem of individual-level unidentifiability.

A methodological tool for understanding the consequences of mobility patterns has been
called for by a revived academic interest in intergenerational mobility in recent years. Social
mobility has been found to be stalled or declining in developed countries (Erikson et al., 1992;
Chetty et al., 2017; Hout, 2018; Bukodi and Goldthorpe, 2021), against the optimistic prediction
of the liberal theory that industrial societies will become more open over time (Treiman, 1970).
Scholars have associated this stalled mobility with a wide range of social problems, including
political polarization, anti-immigrant and xenophobic sentiments, and the deterioration of
physical and mental health (Jackson and Grusky, 2018; Case and Deaton, 2020). Prior studies
have employed ad hoc methods to test the effect of “desegregating” educational background by
family origin (Chetty et al., 2020). Whether mobility pattern is indeed a cause of these social
problems, however, remains to be tested formally.

From a broader theoretical perspective, SME bridges the macro and the micro traditions
of research in social stratification and mobility. The macro-structural tradition investigates social
relations across different social positions (Blau, 1977). Though the unit of data analysis may be

the individual, the analytical focus is on the individual’s position in a social structure. One of the
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most fruitful branches of the macrostructural tradition is the analysis of social mobility tables
(Duncan, 1979; Hauser, 1980; Erikson et al., 1992). Mobility table studies make use of
categorical data analysis to model the linkages between parents’ social positions and those of
their children. The macro tradition is descriptive in nature, as its research goal is to generate
proper descriptions of social stratification systems within historical and comparative contexts.

The micro tradition of stratification research, on the other hand, is more oriented to- ward
individual-level analyses. Instead of asking the descriptive question of how social positions are
interrelated, the micro approach asks the causal question of what would happen to an individual
if he/she were placed in a different social position. The status attainment model that attempts to
estimate the effects of parental as well as an individual’s own early- life factors on one’s adult
outcomes through structural equation modelling was perhaps the first causal approach to study
stratification at the individual level (Blau and Duncan, 1967). More recent examples include
research on the effect of college education on income using observational data (Brand and Xie,
2010), the effect of parental education on children’s education using twin design (Holmlund et
al., 2011), and the effect of parental income on children’s education using instrumental variables
(Chevalier et al., 2013).

SME bridges the two research agendas by applying counterfactual causal reasoning found
in the micro-level tradition to understanding societal consequences of mobility in the macro
tradition. Decades of accumulative scientific efforts in the macro tradition have established many
important descriptive regularities about social mobility in many national contexts. However, we
know little about the influence of mobility patterns on other aspects of a society. The micro
tradition of social stratification research has accumulated evidence about the causal effect of

social achievements, but the macro implications of the micro estimates have not been
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investigated systematically. For example, Brand and Xie (2010) showed that students from
disadvantaged family origins have higher gains from college education compared with students
from advantaged origins, indicating that a reform of the college system to recruit more
disadvantaged students would increase overall social welfare. Micro-level causal inference,
though, is not equipped to evaluate the exact magnitude of welfare change induced by different

types of reforms, a task SME is designed to accomplish.

SME: DEFINITION, IDENTIFICATION, AND ESTIMATION

Definition of a Mobility Intervention

SME is the effect of a mobility intervention on the population distribution of an out-
come. In this section, we discuss the definition, identification, and estimation of SME, followed
by a brief discussion of the relevance of SME to the causal inference literature. Here, we will
introduce all the main notations before the discussions. We denote Y and Y (D) as the outcome
and the potential outcome given treatment D. X denotes covariates (or confounders in the
identification of potential outcome) other than social origin O, and L denotes all covariates,
which is the union of O and X. v is a superscript denoting post-intervention for variables or
functions of interest. For example, Y¥ denotes the post-intervention outcome.

In the context of this paper, a “mobility intervention” refers to a hypothetical
manipulation of the mobility regime so that individual destinations are redistributed based on
origin-specific quotas. A mobility intervention is defined by two components, a macro one and a
micro one. The macro component is a hypothetical mobility table whose effect is the objective of
research: we want to know what would happen to the outcome at the population level if this

social mobility intervention were realized. The micro component concerns the calculation of the
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individual propensity scores of receiving treatments after the intervention. Intuitively, the macro
component specifies a counterfactual society that we wish to make an inference about, and the
micro component refers to what happens to specific individuals in that counterfactual society.
Note that for our analysis “intervention” is a different causal concept from “treatment.” Whereas
a “treatment” happens at the individual level, an “intervention” occurs only at the society level.

A hypothetical mobility table is an externally imposed joint distribution between social
origin and social destination P¥ (0, D), whose potential consequence is our primary interest.
Here, social origin and social destination refer to important parental and own social
characteristics, like educational level or social class. In this proposal, we only consider
categorical social characteristics but not continuous ones, like wealth or income.

We focus on mobility interventions that only change relative mobility, i.e., that preserve
the marginal distributions of origin and destination. Social mobility scholars separate mobility
into two parts, the absolute part and the relative part. Absolute mobility measures the departure
of the overall distribution of children’s social positions from that of parents’ social positions, and
it is predominantly driven by changes in social structure. Relative mobility, on the other hand,
measures the inequality of opportunity by the association be- tween origin and destination net of
changes in social structure. Because relative mobility has been the main focus for social mobility
analysts in recent decades (Erikson et al., 1992), we focus our discussion on mobility
interventions that only change relative mobility. Our framework, however, can also be used to
analyze mobility interventions when structural changes are taken into account.

It has been well established that relative mobility is fully captured by the odds ratios in a
mobility table, so a counterfactual mobility table that only changes relative mobility should only

change the odds ratios in the observed table but not the marginal origin and destination
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distribution. In other words, P¥ (0) = P(0) and P¥(D) = P(D). Once the marginal
distributions are fixed, we manipulate the (O — 1)(D — 1) odds ratios. For illustration, we
generate the hypothetical mobility table in one of two ways, either through a “theoretical model”
or through a “comparison case.” Both ways of generating the table require the use of a log-linear
model.

With cell-frequencies in a two-way frequency table as the data input, the log-linear
models are used to describe the association between the row variable and the column variable.

The general form of a log-linear model is as follows:

n(Foq) = A+ A + 44 + 4,4(1)

where F, ; denotes the frequency of cell (o, d) in a mobility table, 4 is the intercept
capturing the frequency of the excluded category, A, are the marginal origin effects, 1, are the
marginal destination effects, and 4, 4 represent the origin-destination associations. As a standard
practice, the marginal terms in the log-linear model are saturated because we are uninterested in
the marginal distributions, and the researcher chooses ways to specify the association term A, 4
depending on substantive understandings about social mobility, where popular methods include
the levels model, association model, and crossings model (Goodman and Kruskal, 1979; Hauser,
1980; Xie, 1992; Erikson et al., 1992). If the model is saturated, the (O — 1)(D — 1)
association terms A, 4 correspond exactly to the (O — 1)(D — 1) odds ratios. In general, log-
linear model can be used to express more parsimonious representations of the odds ratios.

The first way of generating a hypothetical mobility table is to specify a theoretical model

of the association terms 4, 4, and use the predicted frequencies of the model to form a
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counterfactual mobility table. The simplest theoretical model is total fluidity, when origin and
destination are not associated. To estimate the effect of total social fluidity, we specify a log-
linear model with the association terms A, sjremoved and obtain the predicted frequency table
from the model; we use this as the intervention 1 in our analysis. More complicated models for
the association term 4, 4 have been developed that link log-linear model results to theoretical
conjunctures about social mobility such as homogeneity, hierarchy, affinity, inheritance, and
symmetry (Hout, 1984; Hout and Hauser, 1992; Erikson et al., 1992; Bukodi et al., 2017; Zhou
and Xie, 2019b). Previous mobility scholars have developed models to facilitate understandings
of the landscape of mobility in a society. Using these models as counterfactual interventions, we
can analyze the implications of aspects of social mobility on other social outcomes.

Our approach can also be used to make inferences if we hypothetically transport relative
mobility from a comparison regime to another, observed regime. Since relative mobility is fully
captured by odds ratios in a mobility table, we can extract odds ratios from the reference regime
and insert them into the observed mobility table being compared while holding the observed
marginal distributions. There are two algorithms to achieve this “extract-and-fit” procedure. The
first is to fit a main-effect-only log-linear model with the outcome being the frequencies of the
observed data under independence divided by the frequencies of the comparison case. The table
formed by the predicted frequencies from this model will have marginal distribution of observed
data and associations of comparison case data (Little and Wu, 1991). The second is to use the
iterative proportional fitting (IPF) algorithm (Fienberg, 1970). The IPF algorithm takes the
comparison case mobility table as the initial point and iteratively adjusts the row and column

marginal distributions to approach the marginals of the observed data.
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To evaluate the interventional effect, it is necessary to go beyond the knowledge of the
counterfactual mobility table P¥ (0, D) and know what happens to treatments of specific
individuals. To be more concrete, suppose that a mobility intervention redistributes education
opportunities by parental education background. For simplicity also suppose that education is a
binary variable, college versus non-college. Then, we may define an intervention that distributes
more college opportunities to potential first-generation collegegoers. However, we need to ask:
who would be affected by this redistribution policy, i.e., who would now go to college but did
not go to college under the old regime, and who would now not go to college but did go to
college under the old regime? Among those whose parents did not go to college, it could be that
these new opportunities are randomly distributed, or it could be that the opportunities go to
students with the highest SAT scores or students satisfying some other criteria. Different
selection criteria reflect different hypothetical reforms and likely lead to different inferences
about the effect of the intervention.

We propose a simple and reasonable redistribution rule: conditional on origin, the as-
sociation between the treatment and the covariates is unaffected by the intervention. While we
change the opportunity structure by origin through the intervention (i.e., OD association), the
mechanisms through which other individual features affect destination are pre- served. Denote
X as all other determinants of college attainment beyond parental college attainment O, such as
SAT score, or latent ability. Our specification states that the existing mechanisms leading to
college attainment, the association between X and D, are preserved after the intervention, and
only the percentage of collegegoers by parental college attainment is manipulated. The
specification echoes the well-known maximally maintained inequality (MMI) hypothesis: new

resources are normally first distributed among those who are already close to getting the
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resources (Raftery and Hout, 1993). Of course, this specification is not the only way of assigning
individual-level treatments. Depending on research setting, other scholars may well choose
alternative forms of intervention, such as total randomization of resources.

We formally define the specification that maintains the association between X and D in

the following way:

Specification (Conditional Odds-Ratio Preservation): for all covariate x, the odds-ratio

P¥(d|x,0) , P¥(d]x'.0) _ p(d|x,0)
(@, 0) P, 0) ~ r(d]x,0)

between x and d conditional on o is unchanged

P(d|x', 0)
p(d'|x", 0)

Since the association between two variables is captured by the odds-ratio, an intervention
with this specification preserves the association between covariates and destination conditional
on origin. With the conditional odds-ratio preservation specification, the interventional effect can

C o Y(d|x, o dlx, o
be expressed as a multiplicative effect on treatment odds, M = §dd'lo M, where
P¢(d X, o) P(d X, 0)

sdd'lo — p¥(d|o) / p(d|o)

the multiplier = Pw(d,|0) P(d'|0)

is defined by the pre- and the post-intervention

mobility table.

The multiplier § dd'lo captures intervention-induced changes in odds of d versus d /, that
is, the probability of receiving d divided by the probability of receiving d . When & dd'lo 1, the
odds of d versus d ' for a person from origin o is increased by the intervention, meaning that

people are more likely to end up in d rather than d "because of the intervention; when & dd'lo <

1, the odds of d versus d “is decreased, and the person is more likely to end up in d "than d.
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There are two advantages deriving from the interventional effect being in the scale of
odds instead of probability. The first is that it conveniently preserves the marginal probabilities.
Take the simple case when D is a binary variable as an example. The intervention only affects the
odds (P(d /0))/(P(d’ /0)), but not its marginal distribution. The second is that a shift in odds
naturally captures the non-linear effect of intervention on individual probability. Intuitively, those
who are very likely and very unlikely to receive a treatment will be less affected by the
intervention in the probability scale than who are close to the 50 percent likelihood of treatment.
Figure 1 illustrates such non-linear relationship between pre-intervention and post-intervention
propensity scores implied by the specification in the setup of a binary treatment. Those whose
pre-intervention propensity scores are around 0.5 are most influenced by the intervention,

whereas those who are closer to the extremes are less affected.

[Figure 1 about here.]

From the specification, a closed-form solution for the post-intervention propensity

score (PIPS) can be derived:

§%4"1°p(d|x, 0)
X7 6441°P(dlx, 0)

P¥(dlx,0) = (2)

PIPS reflects how a mobility intervention affects the treatment assignment mechanism
and 1s a building block for the identification of SME. Once we know PIPS, the specified mobility
intervention will provide no further information that would help us learn about SME. The next

subsection discusses how SME can be identified once we know PIPS.
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Identification of SME

In the broadest sense, SME is defined as the effect of a mobility regime intervention on
the population distribution of an outcome. In this section, we discuss the identification of SME
on the mean and dispersion measures. We show that SME is identifiable with two classic
assumptions in causal inference with observational data: ignorability and SUTVA. The empirical
estimation of SME beyond the mean, however, may require more stringent assumptions, which
we will discuss in the next subsection.

The first assumption, ignorability, states that the potential outcomes are independent of
treatment conditional on pre-treatment covariates. The ignorability assumption helps link the

observed conditional expectations to unobserved expected conditional potential outcomes.

Assumption 1 (Ignorability): Y (d) L D|L foralld € D.

This assumption is also called the “no unmeasured-confounder” by some researchers,
because it is equivalent to stating that the covariate set L contains all confounders, where a
confounder is defined as a covariate variable that is not only associated with the treatment but
also causes the outcome. In the empirical setting of SME, D is education or occupation, and Y is
an important life outcome like income, happiness, or health. L should include all relevant pre-
treatment covariates, which can be roughly classified into three types. The first type includes
important demographic information, like gender or race. The second type is early-life situation
and achievement. If education is the treatment, then confounders could include standardized test

scores, ability test scores, or early-life coresidence with parents. The third type is family
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background, which can include any parental feature that is attained before treatment. When we
try to identify SME on other distributional statistics beyond the mean, the ignorability
assumption required is slightly stronger than is usually needed. The ignorability assumption
needed is the conditional independence of the entire distribution, that is, conditional on
covariates, the different treatment groups have the same distribution, rather than just the same

mean, of potential outcomes.

Assumption 2 (Stable Unit Treatment Value): Y;(d) = Y;(d") for all d and d’ such that
d; = d';, where d and d' denote vector of treatments of all units and d; and d; denote individual

i’s treatment.

Another assumption needed to identify SME is the Stable Unit Treatment Value
Assumption, or SUTVA. The conventional form of SUTVA is written in Assumption 2, which
essentially states that one’s potential outcome is defined only by one’s own treatment, so that the
treatment statuses of other people would not affect one’s own potential outcome. For instance, if
the treatment is college and outcome is income, SUT VA states that one’s potential outcome of
going to college is unaffected by the education attainment of any other person, and naturally is
unaffected by the proportion of people in the society that go to college. A corollary from SUTVA
suitable to our setup is that one’s potential outcome is defined only by one’s own treatment status
but not the treatment assignment regime since the assigned treatment of others does not affect
one’s own potential outcome. This means that the post-intervention potential outcome is the

same as the pre-intervention potential outcome because the intervention only affects treatment
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assignments. Formally, this alternative expression of SUTVA states that Yiw (d)=Y,(d) = Y, if
D; = dforalld € D.

We first introduce the identification of SME on the mean (SMEM). As in the case of
average treatment effect (ATE), we start from the identification of SMEM conditional on
covariates. The covariate-specific SMEM is defined as SMEM for a specific covariate stratum,
SMEM(l) = E[Y¥ —Y]|l]. For expositional ease, suppose a setting where the treatment is
binary, and the individual potential outcomes when the treatment is 1 or 0 are Y (1) and Y (0).
The individual treatment effect is then defined as 7 = Y (1) — Y (0). Denote conditional average
treatment effect given x as t(l) = E[Y (1) —Y (0)]|l]. Assuming SUTVA and ignorability,
SMEM (1) = w(D)t(l), where the conditional ATEs are weighted by w(l) = P(D¥ = 1|l) —
P(D = 1])).

To see why, we start from the following equations that relate potential outcomes to

observed outcomes. The equations are derived from SUTVA.

Y =Y(©) +Dxrt

Y¥ =Y (0)+ DY x1

Based on these two equations, SMEM at the individual level is Y¥ —Y = (D¥ — D)t
The conditional SME can therefore be written as SMEM(l) = E[Y¥Y —Y|l] = E[(D¥Y —
D)t|l]. The ignorability assumption means that D and 7 are independent conditional on L.

Therefore SMEM (1) = E[(D¥ — D)|I] x E[z|l] = (P(D¥ = 1|I) — P(D = 1|D))t(1)s.

S P(D¥ = d) and P¥(d) denote the same quantity and will be used interchangeably.
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This relationship between SMEM and CATE can be extended to the general situation where there
are multiple treatment conditions, handled as the “multinomial treatment” for simplicity. Let

Tq1 = Y (d) —Y (1) denote the treatment effect of category d versus a baseline group (d =

1) (d = 1,...d+). SMEM(]) with a multinomial treatment can be expressed as follows. Within
each covariate stratum, the conditional SMEM is a weighted sum of effects of treatments versus
a common reference group (d = 1), weighted by the propensity score shifts induced by the

intervention.
D
SMEM@) = E[y¥ —v|i] = ) (P(D* = d|i) = P(D = dID)74a(D) (3)
1

The treatment effect 74 ; (1) is identified by SUTVA and the ignorability assumption as
141(1) = E[Y|d, ] — E[Y|1,1]. Therefore, SMEM(]) is identified, meaning all its components
are estimable from empirical data.

It is important to discuss the interpretation of SMEM before proceeding. PIPS determines
how the mobility intervention, which is a stochastic intervention, would affect individuals.
Stochastic interventions are interventions which assign treatments in a presubscribed
probabilistic way based on some pre-treatment variables (Mun~oz and Van Der Laan, 2012; Diaz
and van der Laan, 2013; Young et al., 2011; Haneuse and Rotnitzky, 2013; Kennedy, 2019). In
contrast to a deterministic intervention, a stochastic intervention does not assign a priori
individuals to treatment conditions with certainty, but merely the proportion of people that

receive the treatment, conditional on covariates.
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In our particular setup, the source of stochasticity is twofold. The first is the
indeterminacy from the hypothetical mobility table to the fully specified PIPS. We addressed this
indeterminacy with our conditional odds-ratio preservation specification. The second is from
PIPS to specific individual treatment. As is true in general, even for deterministic interventions,
we are interested only in aggregate quantities of interest for a population or subpopulation
resulting from an intervention. Therefore, the correct interpretation of SME is the following:
given the specification and the assumptions, SME estimates the expected result of the
hypothetical stochastic intervention, where the expectation is taken over the specific realized
treatment assignments.

So far we have only considered SMEM, that is, how the intervention might affect the
mean of the observed outcome. However, we may not only be interested in the interventional
effect on the mean, but also the effect on other distributional features of the outcome. For
instance, we may be interested in whether increasing social mobility could decrease income
inequality, which can be measured by variance, the Gini coefficient, or the Theil index. More

generally, we consider a broader set of distributional effects:

SME* = v( fyu (Y*)) =v(fr (1)) @)

The probability density functions of the observed and post-intervention outcomes are
written as fy (V') and f,v (Y”’ ), and v() is just a summary measure of the distribution v :

F — R. For instance, when v is the expectation function, SMEx* is simply SMEM as

defined earlier.
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The assumptions we have made are sufficient for the identification of SME* with an
infinite sample size. To see why, note that the post-intervention outcome distribution is a

mixture of conditional distributions of potential outcomes, f Yq,(Y‘“) =
>y P(l)P‘I’(dll)fqu(d)“(Y‘l’ (d)ll). By Assumptions 1 and 2, fyq,(d)”(Y‘l’(d) |l) =
fria (Y'|d, ). Therefore, all quantities in the definition of SME# are non-parametrically
identifiable.

The empirical estimation of SME* beyond the mean, however, is challenging without
imposing additional strict assumptions. The reason for the difficulty is twofold. The first is that
because that the law of conditional expectations does not apply to more general distributional
statistics, we cannot simply aggregate covariate-specific estimands to population-level
estimands. The second is that we often need to estimate not just the conditional mean, but other
higher moments. We discuss the identification of the interventional effect on variance to illustrate
these two points, and in the next section discuss possible assumptions to impose to make the
estimation feasible.

The interventional effect on the variance can be written as SMEV = Var(Y¥) —
Var(Y). Given the law of total variance, the effect can be decomposed into two parts, i.e., the

effect on within-group variance and the effect on between-group variance,

SMEV = (E[Var(YV|L)] —E[Var(Y|L)]) + (Var(E[YV|L]) —Var(E[YIL])) (5)

As mentioned above, the first difficulty of identifying SMEx is that it cannot be
aggregated from conditional SMEx*s. Comparing SMEV with SMEM, it is clear that the effect on

variance is not simply the aggregate of conditional effects, which is the case in the effect on the
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mean, SMEM = E[E[YY¥|L]] — E[E[Y|L]]. Rather, an extra term, Var(E[Y¥|L]) —
Var(E[Y|L]), needs to be considered. This is generally the case for distributional statistics v
beyond the mean: that the marginal effect cannot be directly aggregated from the conditional
effects. This adds to the complication of the identification of SMEx*.

The second difficulty lies in the estimation of higher moments of the distribution. In the

case of SMEYV, the full identification of Equation 5 is given by the following formula®.

SMEV =y 5 {P"(d|))=P(d|}{Var(Y\d, )+ E’[Y |d, []}P(])

— SEY —E[Y [P (6)

+ (Var(E[YY|L]) —Var(ETY|L]))

To estimate SMEV , we need to estimate not only conditional probability and mean,
P(D|L) and E[Y|L], but also conditional variance, Var(Y|L). It is generally true that, in order to
estimate SME beyond the mean, we need to have knowledge about the conditional distribution
fri (Y |L) beyond its mean. If we have an estimator for the full conditional distribution, we
would be able to estimate all forms of SMEx*. The next section will discuss one possible

assumption that enables such estimation.

Estimation of SME
The estimation of SME conforms to the common standard in the mainstream causal

inference literature. Inspecting Equation 3, we note that the two quantities to be estimated for

6 Full proof in appendix.
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SMEM are the observed propensity score, P(D|L), based on which we can calculate PIPS
P¥(D|L), and the observed conditional expectation E[Y|D, L].

The most straightforward estimation is to run two regressions with D and Y as outcomes
separately and plug the estimates in to P(D|l) and E[Y|D, ] to estimate SMEM(1). Denote the
estimates from the two regressions as P(D|l) and E[Y|D, I]. Then SMEM(]) is simply estimated

sad'lop(d|l)

as SMEM(1) = 2 saamo p(dl)

— P(dID)(EIYId, 1] - E[Y|d’,1]).

The regressions can be in the form of common parametric models. For instance, P(D|l)
can be generated by a multinomial logistic regression, and E[Y|D, []. can be generated by an OLS.
However, estimation via parametric models has been increasingly criticized because it imposes
functional constraints that cannot be justified (Van der Laan and Rose, 2011; Chernozhukov et al.,
2018; Hines et al., 2021). When a model is misspecified, the expectation and probability estimates
are potentially biased, and so is SME. What appears to be a better solution is to estimate the
conditional expectation and probability using data-adaptive/machine learning algorithms, such as
Lasso or random forest. The apparent advantage of using machine learning algorithms for
estimation is that they often impose little to no a priori parametric assumptions about data
distribution and are designed to produce the best data fit. Since they produce more accurate
estimates of the conditional probability and expectation than parametric models, the causal
estimates are also more accurate, as shown in a recent data competition (Dorie et al., 2019). One
cost of the non- parametric approach, however, is the requirement that the data set being analyzed
be very large with good support over the data space.

The estimation of SMEV and the generally defined SME is more complicated. As the
previous section illustrates, a plug-in estimator for SMEV requires an estimator for E[Y|L], an

estimator for P(D|L), and an estimator for Var(Y|L). We discussed above the estimators for the
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conditional mean and probability, so the only task remaining is the estimation of conditional
variance. The most straightforward approach for estimating conditional variance is to employ the
fact that Var(Y|L) = E[Y?|L] — (E[Y|L])?. Apart from an estimator for E[Y|L], we train
another estimator of the conditional expectation of Y squared. Then, a conditional variance
estimator can be constructed as Var(Y|L) = E[Y?|L] — (E [YIL])2 (Yao and Tong, 1994).
Otherwise, we can implement the “residual-based estimator” (Fan and Yao, 1998). Using the
conditional expectation estimator, we first calculate all individual residuals Y; — E[Y|l;]. Then,
we train another model with squared residuals as the out- come, and the mean of predicted
squared residuals would be the estimator for conditional variance Var(Y|L) = E [(Y —
ElYIL1)*|L].

If we wish to estimate the generally defined SME*, that is the SME on any arbitrary
distributional characteristics of the outcome, we need an empirical estimator for the entire
conditional distribution of Y on L. Several approaches have been developed by earlier
statisticians to accomplish such a task. Among them, we introduce the “regression imputation”
approach, as it is intuitive and highly flexible (Juhn et al., 1993). In the regression- imputation
approach, after invoking one additional assumption, we are able to impute the exact
counterfactual outcomes for all individuals. The one additional assumption invoked is

“Conditional Percentile Preservation™:
Assumption 3 (Conditional Percentile Preservation): For all units i € [ and all pos-

sibled € D, p;(Y;(d)) = p;(Y;(d;)), where pi(Yi(d)) = Fy(ay;(Yi(d)|L = ;) is the percentile

of the individual i's potential outcome given i among those with the same covariates [;.
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The assumption states that, for all individuals, conditional on their respective covariates,
their percentile of potential outcome given any treatment is the same as their per- centile of the
observed outcome. Given Assumptions 1 and 2, it follows immediately from Assumption 3 that
the conditional percentile of individual potential outcomes is identified as p;(¥;(d)) =
Fy;p=q;(Y|L = 1;, D = d;) . The individual potential outcome can then be imputed by reversing
the conditional cumulative distribution function Y;(d) = Fﬂip:czi(/)i(yi(d))n =1;,D =d).

The imputed potential outcomes can be used to derive the full distribution of the post-
intervention outcome, which is then used to calculate SMEx.

To put the assumption in substantive terms, suppose that D is education and Y is income.
The assumption means that if a collegegoer ranks at the 75th percentile in income among their
comparable peers with the same covariates (family background, ability, etc.), then the person
would also have the income at the 75th percentile among the comparable peers if they did not go
to college.

With this assumption, to impute this person’s counterfactual income if he/she did not go
to college, we simply place the person at the 75th percentile income among all persons who did
not go to college with the same covariates. This assumption is plausible in settings where the
influences of the covariates are similar (say, monotonic) across different treatment conditions.
For instance, in the case of the college-income effect, if the covariate is ability, Assumption 3
would imply that ability has similar effects on income for both high school and college
graduates, therefore the collegegoers who have high income would still have relatively high
income if they went to high school. If, however, the abilities required in high school are different
from those required in college (Willis and Rosen, 1979), then the assumption is likely to be

violated.
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To estimate the broadly defined SME* under the Conditional Percentile Preservation
Assumption (Assumption 3), we need to further estimate the conditional percentiles and the

inverse of the conditional cumulative distribution function, p;(¥;(d;)) and FY_|ll,d (-],,d). To

estimate them non-parametrically would require us to rank every individual’s outcome within
people with the same covariates. Empirically, such a task is normally impossible because there
would not be a sufficient number of data points within each covariate stratum 1. To circumvent
the sparsity problem, the simplest solution is to further assume that residuals are independent

from the covariates, Y —pu(d, 1) L L. This way, the individual residuals can be ranked not within

the same covariate stratum but within the same treatment group. If this is the case, to impute the
individual i’s potential outcome Y;(d), we simply get the percentile of individual i’s residual
among the entire population t;, identify the individual j with treatment d who has the same
residual percentile, and impute ¥;(d) = Y.

Without imposing extra assumptions beyond Assumption 3, we can also choose to
coarsen the covariate space. For instance, we can find a way to discretize all covariates into a
few categories and estimate the percentiles within each category. One way to achieve this is to
use the propensity score. We can split all units into five groups based on propensity score values,
calculate within-categories percentiles, and do imputation. Another option is to extract the first
component of the covariates using principal component analysis, and then divide the data based

on the principal component.

Relevant Literature and Estimands in Causal Inference
The motivating ideas behind SME are relevant to some earlier strands of literature in

causal inference. First, SME is a type of interventional effect. In causal inference, an intervention
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is defined as a counterfactual way to assign treatments. Conventional causal estimands, like
average treatment effect (ATE), assess the consequence of deterministic interventions. For
instance, ATE is the contrast of the consequence of two hypothetical deterministic interventions,
one assigning everyone to treatment and the other assigning everyone to control. The
deterministic intervention setup has some well-known shortcomings. The first is that such target
intervention is often unrealistic (Munoz and Van Der Laan, 2012). In the case of the estimation
of ATE, sending everyone to the same treatment group is often impractical if not also
undesirable. Related to the first point, the second shortcoming is that it requires the positivity
assumption. If certain individuals have zero probability of receiving a treatment, the effect of an
intervention that assigns these individuals to the impossible group is unidentified. The third
shortcoming is that it does not address the uncertainty in the assignment process of treatment.
Social reforms are often carried out by changing the likelihood of targeted social groups to
receive the treatment rather than directly assigning treatments to individuals (Angrist et al.,
1996). Contrasting the deterministic intervention case, a stochastic interventional effect evaluates
the consequence of a hypothetical intervention that assigns individual treatments randomly by a
mechanism that is specified by the researcher (Munoz and Van Der Laan, 2012; Diaz and van der
Laan, 2013; Young et al., 2011; Haneuse and Rotnitzky, 2013; Kennedy, 2019). In SME, the
treatment assignment mechanism is given by the mobility intervention, whose main component
is the mobility table.

Second, the setup of SMEM resembles the widely known local average treatment effect
(LATE), as they both deal with population heterogeneity of responses to an external shock.
Following Angrist et al. (1996), we can split a population into four strata based on their

differences in responses to an intervention: the “always-taker,” whose treatment is always 1;
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the “never-taker,” whose treatment is always 0; the complier,” whose treatment is 0 if assigned
no intervention but 1 if assigned intervention; and the “’defier,” whose treatment is 1 if assigned
no intervention but will be 0 if assigned intervention. Assuming away defiers, the instrumental
variable estimator recovers the LATE, the average treatment effect only among the compliers.

SMEM, on the other hand, is the normalized difference between LATE among the
compliers and LATE among the defiers. By intervention specification, we know a priori whether
respondents from covariate stratum 1 are compliers or defiers. By rearranging the

covariate stratum order so that the compliers are those from the covariate strata L € (1,1’
), and the defiers be those from the other covariates strata, we have SMEM =
YYP(pY =1|1) = P(D = 11D)T(DPV) — Xj,1(P(D = 1|11) — P(D¥ = 1|1))c(DP (D). In
general, SMEM is the difference between the weighted conditional LATEs between the
compliers and the defiers. In the case where the propensity score shift is constant within-stratum,
the difference is weighted by the propensity score shift.

The comparison between SMEM and LATE illuminates that SMEM reflects the
population consequence of treatment effect heterogeneity. Since the total number of treatments is
fixed in our setup, whether there is an interventional effect depends on whether the average
treatment effect among compliers is different from the average effect among the defiers. In the
case where the units who already receive treatment have larger treatment eftects than those who
would receive treatment under the intervention on average, the intervention effect would be
negative. Whereas when the units who might be induced by the intervention into treatment have

a larger average treatment effect, the intervention effect would be positive (Brand and Xie,

2010).
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The final two strands of the literature that are relevant to our approach are policy-
relevant treatment effect (PRTE) and causal decomposition. PRTE is the potential effect of
hypothetical policies that take into account of self-selection into policies (Heckman and Vytlacil,
2001, 2005; Carneiro et al., 2010; Zhou and Xie, 2019a). SME can be understood as one type of
policy-relevant treatment effect where the policy is to redistribute social destination based on
social origin. We contribute to the PRTE literature by discussing the consequence of a new type
of policy unconsidered in earlier literature. Causal decomposition evaluates the disparity-
reduction power of hypothetical interventions (Jackson and VanderWeele, 2018; Jackson, 2020;
Lundberg, 2020, 2021; Zhou and Pan, 2021; Yu and Elwert, 2021). The decomposition
framework usually only considers simple interventions like the total randomization of treatments.
Our framework allows for much more complicated and theoretically grounded specifications of

interventions.

APPLICATIONS: SME ON AVERAGE FERTILITY AND INCOME INEQUALITY

Application 1: SME on Average Fertility

We present two examples to illustrate respectively SME on the mean and on dispersion
measures. First, we illustrate SME by analyzing the effect of social mobility on aver- age fertility
using data from the General Social Survey. The mobility-fertility hypothesis, positing a
relationship between individual fertility and mobility status, has been extensively discussed in
the literature on mobility effects (Blau and Duncan, 1967; Sobel, 1985; Luo, 2021). We
reexamine this hypothesis not by asking whether mobility status affects fertility at the individual
level, but by asking whether social mobility affects average fertility. To preview our results,

using data from GSS, we find a small and insignificant negative macro mobility effect on
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fertility. More specifically, our results show that if the society is completely fluid, the average
fertility would decrease by about 0.01. The net effect is negative because the fertility increases
by those who are pushed downward is counterbalanced by the fertility decrease by those who are
pushed upward in a hypothetical mobility intervention.

Earlier studies hypothesized that mobility status, net of the influence of origin and
destination, has an impact on individual fertility. The stress hypothesis predicts that mo- bile
individuals have lower fertility because they are detached from their social origin. The
detachment from social origin means lower social support, higher life pressure, and worse
subjective well-being, which all cause low fertility (Sorokin, 1927; Duncan, 1966). The
economic hypothesis also predicts a negative mobility effect on fertility for a similar reason. It
posits that mobile individuals are under not only greater psychological but also greater economic
stress compared with non-mobile people. An upwardly mobile individual needs to maintain
status, whereas a downwardly mobile individual needs to regain status, so they have less
resources and energy to raise children (Westoff, 1953). Finally, the isolation hypothesis predicts
that mobility has a positive effect on fertility (Ellis and Lane, 1963). Scholars holding this
opinion agree with the observation that mobile individuals are under greater stress, but they think
that as a response to stress, mobile people tend to raise more rather than fewer children for
emotional support.

Hypotheses about individual mobility effects cannot be directly tested, but the theoretical
considerations behind these hypotheses can be viewed from the perspective of treatment effect
heterogeneity, which is testable. For instance, assuming that the treatment is education, which
has been widely shown to have a negative effect on fertility, stress and economic hypotheses

imply that this negative treatment effect is larger for people from lower-SES backgrounds
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because they are under more psychological and economic pressure than peers from more
advantaged origins.

As described in Section 4.4, SME reflects treatment effect heterogeneity, so hypotheses
about treatment effect heterogeneity by family origin are naturally hypotheses about macro-level
mobility effects. For instance, if the stress/economic hypotheses are true, giving more education
opportunities to lower-SES background people, which is equivalent to increasing mobility, would
decrease fertility. On the other hand, if the isolation hypothesis is true, increasing mobility by
giving better education to lower-SES background people would increase total fertility.

To test these hypotheses, we use data from the General Social Survey (GSS) between
1972 and 2018. To facilitate comparison with results from earlier studies, we only included white
males over 40 years old in our sample. Our social destination or treatment measure is education,
which is coded into three categories, less than a high school diploma, a high school diploma, and
a college diploma. Our origin measure is also education, following the same categories for
destination. The control variables, which we assume to include the full set of confounders of the
relationship between own education and fertility, include age, number of siblings, ethnicity, type
of residence at the age of 16, region of residence at 16, self-rated family income at 16, religion in
which raised, religious environment in which raised, coresidence with parents at 16, parental
employment status, whether parents are immigrants, father’s education, and mother’s education.
After excluding missing values in all variables reported above, there is a total of 5,152
respondents. Since most control variables are categorical, we use a random forest to estimate the
conditional expectation. Random forest is a tree-based prediction algorithm. Intuitively, what it

achieves is similar to a regression where the independent variables are fully interacted, but the
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interactions are regularized, meaning that uninformative interactions are automatically dropped.
There are 5,152 observations in our analysis. All standard errors are bootstrapped.

Figure 2 shows estimates of individual-level treatment effects of education on fertility.
Both high school completion and college completion have negative effects on fertility, but the
effect of college is smaller. However, the effects reported are insignificant, suggesting that the
association between education and fertility is driven mostly by selection. Moreover, there is no
detectable treatment effect heterogeneity by family background. The results suggest that
marginal educational expansion, particularly a further expansion of opportunities to attain high
school education, is likely to reduce fertility. The effect of redistributing education opportunities
based on family origin, on the other hand, is likely to be small, because the effect of education is

similar for people with different father’s education.

[Figure 2 about here.]

The lack of treatment effect heterogeneity implies that there is no interventional effect.
We report the SME of the intervention imposing complete independence of father’s education
and children’s education. This is the most extreme type of intervention, in that the association
between father’s and children’s education is set to zero. Figure 3 shows the effects of this
intervention. The population is divided into two halves, those who have better education
opportunities under the intervention (gainers), and those who have worse opportunities (givers).
Among the gainers, their average fertility is decreased by about 0.13. Among the givers, the
positive effect is about 0.11. As implied by results from Figure 2, the treatment effects among the

gainers and among the givers are similar in magnitude, albeit in opposing directions. The total
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effect is the weighted difference of the two separate effects, which is slightly negative and
insignificant. The results suggest that the intervention is likely to cause a negligible average

effect on fertility in the population.

[Figure 3 about here.]

We may be interested not only in the interventional effect on average fertility, but also
fertility difference between social groups, the “gap-closing estimand” (Lundberg, 2021). Figure 4
reports the expected fertility by father’s education and own education before and after the
intervention. The left panel shows that the fertility gap by father’s education is de- creased by the
intervention. Before the intervention, people whose father did not graduate from high school
have significantly higher fertility than others. After the intervention, the gap becomes much
smaller. The right panel demonstrates the interventional effect on the observed gradient of own
education on fertility. Similar to the gradient of father’s education, those who attain less than a
high school diploma have a significantly higher fertility than others. After the intervention, the

gap is largely closed.

[Figure 4 about here.]

Application 2: SME on Income Inequality

Researchers may be interested in the mobility effect on inequality. For example, the

empirical negative association between income inequality and intergenerational mobility, a

conjecture commonly known as the “Great Gatsby Curve” (Krueger, 2012), has piqued much
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scholarly and public interest in recent years. Prior theoretical and empirical evaluations of the
phenomenon have tried to unpack the causation in one direction, that is, how inequality causes
mobility (see DiPrete (2020) for a recent review). An alternative theoretical possibility, that
social immobility is a cause of income inequality, has received scant attention.

We hypothesize social immobility to be a cause of inequality because of the additive and
interactive origin and destination effects on income. First, when origin effect and destination
effect are additive, social immobility creates a polarized income distribution. Immobility means
that family origin and social destination are highly associated so that both high-origin/high-
destination and low-origin/low-destination individuals are common. Numerous studies in
sociology have reported that family origin has a “long-arm” on children’s outcomes, net of its
influence on children’s education or occupation. Since family origin has a direct effect on
personal outcome, those who come from a high-origin/high- destination background enjoy a
“double status advantage,” whereas the low-origin/low-destination population face a “double
status penalty”. Therefore, social immobility has a potential polarizing effect that increases the
gap between the disadvantaged subpopulation and the advantaged subpopulation.

Second, when origin effect and destination effect are interactive, increasing social
mobility may decrease inequality by allocating opportunities to those who benefit the most.
Increasing social mobility means more people from disadvantaged social origins end up in high-
status destinations, like getting a college degree. The benefit of a college degree may differ for
different population groups. In some cases, people who come from a disadvantaged background
benefit more from college (Brand and Xie, 2010). When there is such “negative selection” into
college, increasing mobility can reduce inequality, because the disadvantage of lower-origin

students can to a large extent be compensated by their college degree.
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We use data from the Panel Study of Income Dynamics (PSID) to estimate the impact of
social mobility on income inequality. PSID is a nationally representative survey of more than
5,000 families in the United States since the 1960s. It has been widely used in studies of income
because of its comprehensive collection of relatively reliable income information. We use
samples of individuals that were active in the workforce in any wave of PSID between 2009 and
2019. Family origin and destination are measured by education in three categories: less than a
high school diploma, a high school diploma, and a college diploma. The outcome variable is the
average full-time labor income between 2009 and 2019. There are 12,238 observations in our
analysis.

There are two groups of control variables. The first group includes demographic
characteristics such as race and gender. The second group indicates childhood conditions
including childhood mental health, juvenile substance abuse, childhood mental health, childhood
emotion, childhood residential region, childhood economic situation, and co- residence status
with parents. Missing values in the control variables are imputed. Both men and women are
included in the analysis.

Again, we report the effect of a mobility intervention that sets family origin and
destination to be independent. This estimate provides an upper bound of what a mobility
intervention can possibly achieve. We report the mobility effect on three types of dispersion
measures, the variance of logged income, the percentile ratios, and the Gini coefficient. For the
estimation of the effect on all four measures, Assumption 3 is invoked to make the empirical
estimation tractable. The estimator for all conditional expectations is linear regression.

Figure 5 reports the treatment effect of education by family origin. The issue of the

treatment effect heterogeneity of college on income by family origin has long been de- bated.
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While many find that children from disadvantaged backgrounds benefit more from college than
peers from advantaged backgrounds (Brand and Xie, 2010; Bowen and Bok, 2016; Attewell et
al., 2007; Dale and Krueger, 2002), another group of studies report that it is advantaged children
who benefit more from college (Willis and Rosen, 1979; Carneiro et al., 2001, 2003; Heckman et
al., 2006). A more recent article reported a curvilinear relationship between family origin and
college effect (Cheng et al., 2021). According to our results, for respondents from all family
origins, the effect of a high school diploma versus having less than a high school diploma is
slightly larger than the effect of a college diploma versus a high school diploma. There is no
significant treatment effect heterogeneity of a high school diploma among respondents of
different origins. The effect of a college diploma, however, is largest for people whose fathers
have a college diploma. This interaction between origin and destination effect potentially
undermines the inequality-reduction power of a mobility intervention, because people from less

advantaged backgrounds do not benefit as much from education opportunities.

[Figure 5 about here.]

Figure 6 presents the social mobility effect on the distribution of logged income. The
imputation of specific income values is enabled by invoking Assumption 3 as described above.
The first graph of Figure 6 shows that the average logged income for the whole population is
barely affected by the intervention. Since SME is only present when there is treatment effect
heterogeneity by family origin, the limited treatment effect heterogeneity reported earlier means
a negligibly small SME on average income. The following three panels show SME for people

from three family origins respectively. For people whose fathers did not graduate from high
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school, their income is significantly increased by the mobility intervention. SME on those whose
fathers have a high school diploma is insignificant, and on those whose fathers have a college
diploma it is negative and significant’. As far as dispersion, it is clear that both the overall and

the conditional income distributions are more concentrated near the center after the intervention.

[Figure 6 about here.]

Figure 7 reports the statistical test results of the interventional effect on the dispersion of
income. Both the variance of logged income and the Gini coefficient are decreased by the
intervention, but the effects are not statistically significant. The 90/10 ratio of income is also not
significantly affected. By contrast, the 80/20 ratio is significantly decreased by the intervention,
from 5.6 to 4.8. In general, the effect of the mobility intervention on income dispersion is

inconclusive.

[Figure 7 about here.]

Figure 7 reports the effect of an extreme intervention that sets father-children association
to zero. A researcher might be curious about the effect of less radical interventions and how the
effect varies with the strength of the intervention. Figure 8 shows that intervention effect
increases roughly linearly with intervention strength. To define intervention strength, we borrow
the traditional “unidiff” model (Xie, 1992): In(F,4) = A + A, + 44 + @A, 4, Where @

describes the extent of regime-specific departure of observed association between O and D from

7 The significance tests of the difference-in-means are not shown in the Figure.
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the independence model, normalized between 0 and 1. We define intervention strength as (1 —
@ ). Thus, intervention strength varies between 0 (no intervention) and 1 (complete

independence). When intervention strength is 1, all post-intervention log odds ratios are zero.

[Figure 8 about here.]

DISCUSSION AND CONCLUSION

Students of social stratification have long been interested in the consequences of social
mobility. However, substantive research on the topic has been hindered by methodological
obstacles. Acknowledging the unidentifiability of individual-level mobility effects, this paper
proposes to shift the focus from assessing consequences of individual-level mobility to
consequences of social mobility at the societal level. We discussed the definition, identification,
and estimation of the consequences of social mobility on both the average and the dispersion of
the population distribution of an outcome. We illustrated the method by analyzing the mobility
effect on average fertility and income inequality in the United States. We find little effect on
fertility and an inconclusive effect on different measures of income inequality, but between-
group disparities of both fertility and income are significantly reduced by the intervention.

Our proposal, SME, bridges the macro and the micro traditions of social stratification
research. Substantively, the macro tradition investigates the associations of social positions in a
stratification system, and the micro tradition studies the linkages between social position and key
social outcomes. Methodologically, the macro tradition employs categorical data analysis
techniques, especially log-linear models, and the micro tradition usually conducts research under

a causal inference framework. SME links the two traditions substantively by asking the question
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of what would happen to key social outcomes if we change the association of social positions. It
also links the two traditions methodologically because it investigates the causal effect of
interventions that are specified by log-linear models.

Our macro-level solution to the unidentifiability issue of the mobility effect may also be
borrowed in methodological settings that share a similar problem. For instance, status
inconsistency theory predicts that the inconsistency of social statuses along different dimensions
has an independent influence on an individual social behavior net of the influence of social
statuses (Lenski, 1954, 1956; Stryker and Macke, 1978). The assessment of this theoretical
hypothesis is hindered by the same unidentifiability issue that we reviewed in the context of
mobility effects. Though the individual-level consequence of status inconsistency is
unidentifiable, the society-level consequence is identifiable. One can specify an intervention that
reflects a hypothetical level of status inconsistency in a society and evaluates its consequence on
social outcomes. However, the macro interventional approach may be inappropriate for some
other settings, like the APC problem. The reason is that APC is an inherently descriptive task,
and it is hard to imagine how to manipulate any of the three APC dimensions. Also, the
dimensions of APC are logically simultaneous so it is unclear which association should we
manipulate, unlike the mobility effect, where mobility is the logical byproduct of origin and
destination, or status inconsistency, where the inconsistency is the byproduct.

Though our article has only discussed interventions relating to social mobility, i.e.,
redistributing resources by family origin, it is obvious that the framework is also applicable to
hypothetical redistributions based on other characteristics. For instance, we may be interested in
the social consequence of reducing occupational segregation by gender or by race (Lundberg,

2021). One important form of knowledge accumulation in social stratification and demographic
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research is the association between important demographic features. Under the SME framework,
we can reach one step further and evaluate the consequences of hypothetical interventions that
change such associations.

The intervention effect approach also poses new methodological challenges. Unobserved
confounders, the biggest problem that causal researchers of observational data face, are still an
issue for intervention-based causal inference. Failure to control for all confounders compromises
the accuracy of treatment effect estimation and therefore intervention effect estimation, because
the latter is a weighted version of the former. The often-overlooked identification assumption
SUTVA also needs to be handled with caution in the intervention effect setup. SUTVA essentially
assumes an insensitivity of potential outcomes to the environment, but a large-scale social
intervention is likely to change the environment. For instance, SUTVA implies that individual
college returns are unaffected by how many and what kind of people enroll in college, which is
unrealistic. The methodological work on the correction and sensitivity analysis of SUTVA
violation is lacking, and we see this as a potential next step of research that contributes not only
to our approach but also the causal inference literature in general.

Asking causal questions about the effect of macro interventions instead of micro
treatments opens up new, exciting opportunities for both the substantive and theoretical
development of social stratification research. Heterogeneity in causal effects is ubiquitous in
social science (Xie et al., 2012). The mainstream causal estimand, average treatment effect by
subgroup, can be informative in revealing such heterogeneity but is oftentimes not theoretically
interesting because it calculates the contrast of impractical interventions. More theoretically- and
policy-relevant quantities of interest can be attained with a reweighting of heterogeneous

individual treatment effects with different macro-level interventions on individual treatment
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probability. This approach allows the researcher to evaluate the consequences of hypothetical
interventions that are flexible and realistic.

The consequences of mobility have been a perennial topic in the field of social
stratification. Echoing earlier concerns over the individual-level mobility effect approach, we
explicated the unidentifiability of the individual-level mobility effect. Consequently, we call for
further attention from methodological and mobility scholars on the societal mobility effect,
which is well defined and also closely aligned with classical sociological theories about social
mobility. In this paper, we provide a preliminary framework as well as its illustration for
studying the effect of social mobility at the societal level. We encourage future works to expand

and apply this framework to study the mobility effect on social outcomes in different contexts.
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APPENDICES

A. PROOF FOR THE IDENTIFICATION OF SOCIAL MOBILITY EFFECT ON
VARIANCE

The identification of SMEV is derived most using the law of mixture distributions and
Assumptions 1 and 2. SME on variance is defined as: SMEV = Var(Y¥) — Var(Y ). The first
step is to decompose the two components with the law of total variance, which leads us to
Equation 5, SMEV = (E[Var(Y¥|L)] — E[Var(Y|L)]) + (Var(E[Y¥|L]) — Var(E[Y]|L])).
The second part of the equation is identifiable as we have already talked about the identification
of the post-intervention conditional mean. What remains unidentifiable is the post-intervention

conditional variance, that is in the first part.

First, by definition of variance, Var(Y¥|l) = E[Y¥?|l] — (E [Y¢|l])2. Given the law
of the moment of mixture distributions , we have that Var(Y¥|l) = XPY(d|DE[Y¥2(d)|l] —
(E [Y’p | l])z. Now, we focus on the term E[Y¥?(d)|l]. Using the definition of variance again,

we have E[Y¥2(d)|]] = Var(Y¥(d)|) + (E [Y”’ (d)|l])2. Organize these results a bit we have

that:

Var(Y¥[l) = XPY (d|D{Var(Y¥ (@)} + (E[YY (D)%}

Among the terms, P¥ (d|l) is known by specification. The identification E [Y”’ (d)|l] =

E[Y]|d,1] is done with ignorability and SUTVA, and the identification Var(Y¥@®|l) =
Var(Y|d,1) is done with ignorability and SUTVA. Organize the equation yields the result as in

the main text.
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B. RELATION OF CONSTANT CONDITIONAL EFFECT ON ODDS

SPECIFICATION WITH DISCRETE CHOICE THEORY

The specification of Constant Conditional Effect on Odds can also be interpreted from
discrete choice theory. Discrete choice theory is a set of theories that tries to connect math-
ematical and statistical models for discrete outcomes and theories about rational human behavior
(Luce, 1959; Mcfadden, 1973; McFadden, 2001). Under discrete choice theory, the linear
predictor of a GLM for discrete outcome B7 X is interpreted as the structural part of a latent
utility function that determines individual choice. The conventional latent individual utility of
choosing an alternative d is denoted as U; = n, + €4 where 7, is the structural utility described
by a linear term and ¢ is the stochastic unobserved heterogeneity.

Following Heckman and Vytlacil (2005), we modify the latent utility into latent tendency
by adding a resistance or constraint term vd to the function U; = 14 — v4 + &4. Intuitively, the
latent tendency function means that the tendency of choosing an alternative d is affected by the
utility of choice d that can be explained by observed features, constraint that prevents one from
obtaining choice d, and latent individual heterogeneities. Individual probability of choosing an
alternative d over d “equals the probability that U; > Uy, , thatis, P(d|D = d,d) = P(U; >

Ug, ). Assuming that the error terms ed both before and after the intervention follow a Gumbel

distribution, the probabilities have the IIA property % = eMava)=(y=va) Algso, assuming

that the utility functions are unaffected by the intervention, n,; = nf, Assumption 1 leads to
sdd'lo = e(vd'lo_vd"’)_(vd'_vd"’). Arranging the equation slightly renders that v, — vg,, =

dd'lo
Vajo — Va'jo — l0g6 lo,
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In other words, under Assumption 1 and associated assumptions about latent tendency,
the intervention induces a common constrant structural constraint to people from the same family
origin. The intervention does not affect the extent to which people desire certain choices but
imposes structural constraint on people’s ability to pick those choices. Conditional on origin,
such constraint induced by intervention is the same constant for individuals. When & dd'lo 1,
then the structural distance between d and d’ is smaller, and it becomes easier to choose d

compared to choose d'.
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C. MULTIVARIATE INTERVENTION SPECIFICATION

The setup can be generalized to scenarios where we wish to redistribute our treatments D
based not only on one variable but by a set of variables. For instance, in the case of education
mobility, SME sets quota of educational opportunities based on parental education background,
but we may also want to have more detailed redistribution rules that also takes into account
gender or race. One special case of extra condition is observed treatments, that is we may want to
redistribute treatment based on both family origin and observed treatment in some cases. To see
why setting observed treatment as a condition can be desirable, note that there are two possible
ways of understanding an intervention. The first is that we take back all resources that people
have already obtained, and then redistribute them. The second is that we achieve the
redistribution goal only by switching the resources of some units, leaving the attainment of other
units unaffected. The setup where only origin is set as a condition simulates the first scenario,
whereas to simulate the second scenario we need to set observed treatment as a condition as well.
That is, we need to specify how we wish to distribute treatment considering both family origin
and observed treatment. See the appendix for details about how an intervention that considers
observed treatment is specified.

The notational change is modest if we wish to redistribute based on more than one
conditions. Denote O as a set of variables based on which we wish to redistribute treatment. The

observed treatment D can be a part of O as well. Then the specification is generalized as:

P
sad'lo - PU(dlo) , p(dlo) _ Fie0i=0)D | Pic(o=0)@
pi(d'|o)” p(d'|o) — p¥ @) " Piefo,=0)(d"

ie{0;=0}

Generalized Specification:

Correspondingly, the solution for PIPS is:
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§410P o —oy(d)
de'd,lOPiE{Ch':O} (d)

" _
PiE{0i=0} (d) -

The difficulty, however, lies in the specification of the intervention even when O only
contains a small number of variables, because now the researcher needs to supply the
multivariate probability distribution P¥ (D, 0). Recall that in the case where O is unidimensional,
to construct an intervention, we need to supply the marginal distributions of O and D, which are
assumed to be constant, and the joint distribution of O and D. If O is n-dimensional, we need to
supply all the two-way, three-way, and up to n-way interactions, which is a total of Zi(:.i) tables,
most of them high-dimensional. One realistic solution is to give up all high-dimensional tables
and instead supply a set of two-way tables, that is there is no interaction in the distributional rule.
If O includes parental education and gender, no interaction implies that we redistribute resources
based on parental education in the same way for male and female. The two-way tables can be
generated based on theory or empirical data as described in Section 4.1, and once the tables are
generated, the joint distribution P¥ (D, 0) can be generated using the log-linear model following

the “extract-and-fit” procedures laid out in Section 4.1.
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Figure 1: Pre-Intervention Propensity Score and Post-Intervention Propensity Score in Equalized

Reform and Realistic Reform with Conditional Odds-Ratio Preservation Specification
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Figure 2: Treatment Effects of Own Education on Fertility by Father Education
Note: GSS 1972-2018. Bars represent bootstrapped 95 percent confidence intervals. Education

effect estimated as expected group difference predicted by a random forest.
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Figure 3: Social Mobility Effect of Total Equalization on Fertility by Population

Note: GSS 1972-2018. Bars represent bootstrapped 95 percent confidence intervals. The
estimates reflect the mobility intervention where children and father education are set to be
independent. “Gainer” refers to the population group whose education would be in- creased by
the intervention; “giver” refers to the population group whose education would be decreased by

the intervention.
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Figure 4: Post-Intervention Education and Father’s Education Gradient in Fertility
Note: GSS 1972-2018. Bars represent 95 percent confidence intervals. The “observed” column
shows observed group-specific average fertility. The “independence” column shows

counterfactual group average fertilities under the intervention that sets father-child education

association to be independent.
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Figure 5: Education Effect on Logged Income by Father’s Education
Note: Panel Studies of Income Dynamics 2009-2019. Bars represent 95 percent confidence

intervals. Education effect estimated as expected group difference predicted by the OLS model.
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values are imputed after invoking Assumption 3 as described above.
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Figure 8: The Relation Between Post-Intervention Dispersion Measures of Income Distribution
and Strength of Intervention

Note: Panel Studies of Income Dynamics 2009-2019. Bars represent 95 percent confidence
intervals. To define intervention strength, we borrow the traditional “unidift” model (Xie,1992):
In(Foq) = A + A, + Aq + @4, 4, where ¢ describes the extent of regime-specific departure of
observed association between O and D from the independence model, normalized between 0 and
1. We define intervention strength as (1 — ¢ ). Thus, intervention strength varies between 0 (no
intervention) and 1 (complete independence). When intervention strength is 1, all post-

intervention log odds ratios are zero.
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CHAPTER 2. LABOR MARKET TRANSFORMATION AND EFFECTIVELY

MAINTAINED IMMOBILITY IN THE UNITED STATES

Abstract

Intergenerational income mobility in the US has remained stable in recent decades. Seeing
education as the primary mechanism of intergenerational persistence, earlier literature in social
stratification tried to explain the stability by exploring the various forms of continuing SES-
based inequality in the education arena. Since education is their main focus, these earlier theories
overlook how changes in labor market conditions help maintain immobility. The US labor
market has experienced a transformation in skill requirements in the recent decades, with
cognitive skill becoming less and non-cognitive skill becoming more important, which suggests
a corresponding switch of the channel of income transmission. To evaluate the changing
mechanisms of intergenerational income persistence, I developed a novel sequential
decomposition that extends the canonical Kitagawa-Blinder-Oaxaca decomposition. Using data
from various sources, including the National Longitudinal Survey of Youth 79 and 97, multiple
waves of the US census, the American Community Surveys, the Occupational Information
Network (O*NET), and information from newspaper job ads, I find that the constancy in the
income mobility rate is the result of two opposing forces: intergenerational persistence through
the cognitive channel has decreased, while that through the non-cognitive channel has increased.

I report these trends in the intergenerational transfer of both skills and occupational skill content.
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INTRODUCTION

Intergenerational transmission of status, or intergenerational mobility, is one of the most
active and fruitful research areas in sociology. Over the past couple of decades, scholars have
accumulated ample evidence about social mobility along a number of different dimensions and
across many different temporal and national contexts. The canonical theoretical lens through
which these empirical studies are evaluated is the modernization theory, also known as the
industrialization, functionalism, or liberal theory (Becker, 2010; Bell, 1976; Blau and Duncan,
1967; Treiman, 1970; Hout, 1988). This theory, which adopts children’s education as the central
mediating mechanism of intergenerational status transmission, envisions an increasingly mobile
society as the equalization of education opportunities constrains the total impact of family origin
on children’s outcomes. Such an optimistic belief in the “meritocratization” process echoes the
classical economics theory that poses human capital (ability, or skill) as the fundamental
determinant of labor market success (Goldin and Katz, 2010).

However, against the predictions of the canonical perspective, income mobility has
remained almost constant in the United States in the recent decades (Chetty et al., 2014; Bloome
et al., 2018). This is a noteworthy and somewhat surprising phenomenon that has prompted
numerous explanations, some of which continue to be hotly debated. The prevailing explanations
for this phenomenon in sociology are still largely based on the canonical perspective, which is
represented by the “OED” (origin-education- destination) triangle. One line of thought suggests
that family-based educational in- equality, represented by the “OE” association, has not declined
despite the expansion of educational opportunities. For instance, children from advantaged
backgrounds are more likely to benefit from the expanded opportunities and are more likely to

secure positions in higher-quality institutions within the same educational level (Raftery and
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Hout, 1993; Lucas, 2001). This line of scholarly inquiry offers a more nuanced understanding of
the intricate ways in which parental factors shape their children’s educational attainment, but
they still regard education as the sole mechanism in the intergenerational transmission of status.

While education remains perhaps the most significant predictor of individual
achievement, the one-dimensional approach to status transmission may have lost its analytical
efficacy as both class advantage and labor market requirements become increasingly
multidimensional. Family background can influence children’s outcomes through channels that
might have overlap with but cannot be fully accounted for by education. For example, the
Wisconsin model of status attainment considers the influence of psycho- logical variables like
aspiration, expectation, and intelligence on personal achievement (Sewell et al., 1969, 1970;
Woelfel and Haller, 1971; Haller and Portes, 1973; Hauser et al., 1983). More recently, a series
of empirical studies pointed out the cultural mechanisms of elite reproduction through the
transmission of cultural capital, leadership and social skills, and habitus suited for high-status
jobs (Jackson et al., 2005; Jackson, 2009; Rivera, 2012; Armstrong and Hamilton, 2013; Rivera,
2016; Laurison and Fried- man, 2016; Lareau, 2015; Friedman, 2016). In economics, there is
also a burgeoning literature on the economic returns to non-cognitive skills, challenging and
extending the traditional perspective which views cognitive skills and educational credentials as
the core elements of human capital (Heckman et al. (2006) as a pioneer example).

Earlier scholars who focused primarily on education as the central mechanism of
intergenerational transmission may have overlooked an alternative explanation for the stability of
immobility rates. It is possible that immobility is maintained not just in the educational realm,
but rather emerges as a combined result of various interconnected changes occurring in the labor

market. While income mobility stays stable over time, labor market conditions in the US have
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experienced a transformation, known as “the great reversal of skill demand” (Beaudry et al.,
2016). Starting in the 2000s, the return to cognitive skills has gradually declined, whereas the
return to non-cognitive skills has increased (Castex and Kogan Dechter, 2014; Deming, 2017,
Edin et al., 2022).

In light of this labor market transformation, I propose an alternative explanation for the
persistence of immobility that focuses on the role of skills and occupational content. To account
for the multidimensional nature of persistence, I split the labor market paths into a “cognitive”
path and a ’non-cognitive” path. Within each path, I distinguish two types of inequality
maintenance: “primary maintenance,” that is, through parental influence on children’s skills; and
“secondary maintenance,” that is, through direct parental influence on children’s occupational
content, independent of their skills. Given the “great reversal of skill demand”, I hypothesize that
immobility is “effectively maintained” in the changing labor market: whereas family
transmission happens less through the cognitive path, the decline is counterbalanced by an
increase in transmission through the non-cognitive path.

To evaluate this perspective, I developed a novel sequential decomposition of
intergenerational income transmission that provides better-defined estimands and more
interpretable results compared with earlier ad-hoc approaches. Treated as a purely descriptive
summary, it can be understood as an extension of the Kitagawa-Blinder- Oaxaca decomposition,
one that is non-parametric, sequential, and custom-tailored for a scenario involving a continuous
group indicator. In the Appendix, I discuss the causal interpretation of the decomposition, which
makes the decomposition a novel contribution to a nascent literature within causal inference
(VanderWeele and Robinson, 2014; Jackson and VanderWeele, 2018; Jackson, 2018, 2021;

Lundberg, 2021; Wei and Xie, 2022; Zhou and Pan, 2023). This approach can be viewed as a
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generalization of the recently proposed “gap-closing estimand” to a context with continuous and
sequential mediators (Lundberg, 2021).

Using data from a variety of sources, including the National Longitudinal Survey of
Youth 79 and 97 (NLSY79 and NLSY97), multiple waves of the US census, the Ameri- can
Community Surveys (ACS), the Occupational Information Network (O*NET), and information
from newspaper job ads, I find that constancy in the income mobility rate in the US is the
product of two countervailing forces: whereas intergenerational persistence through cognitive
channels is declining, that through non-cognitive channels is rising. The result is a product of the
shifting importance of skills in the labor market and the shifting skill advantage of children from
higher-income families. The trends are observed in parental transfer of skills (primary
maintenance), but not in direct parental influence on occupational content (secondary
maintenance). A closer look reveals that the trends in transmission mechanism are driven mostly
by the changing skill portfolio of children from the richest families in the top 10 percentile rank.
For the older 1979 cohort of the NLSY, there is a significant return to the top level of cognitive
but not non-cognitive skill, which favors children from top-income families because they have
better cognitive but not non-cognitive skill. However, for the more recent 1997 cohort of the
NLSY, the situation is reversed. There is a return to the top level of non-cognitive skill, which
the richest children are better equipped with, but no clear return to top cognitive skill, in which
children from wealthy families have no apparent advantage.

This article contributes to multiple related strands of research. First, it expands the well-
documented impact of labor market changes on economic inequality, which has mainly been
studied in a cross-sectional context, by investigating their implications for intergenerational

inequality. Second, though it is well known in the area of child development that differential
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parental practices between socioeconomic groups reinforce achievement gaps among children,
the long-term labor market outcomes associated with these gaps and their connection to macro-
level changes is less understood, which this research helps illuminate. Third, this research
documents a trend in intergenerational mobility that goes beyond the traditional focus on
transmission through education by examining the roles of skill formation and job market
dynamics. Lastly, it provides a methodological alternative to studying channels of
intergenerational transmission, a once-illustrious research agenda exemplified by the status-
attainment model that has lost popularity partly due to methodological limitations.

The article is organized as follows. Section 2.1 reviews the canonical theory of
intergenerational mobility that centers on the role of education. Section 2.2 discusses the recent
empirical observation of the changing economic return to skills and occupational skill content,
which poses challenge to the education-centric view of intergenerational transmission. Section
2.3 and Section 2.4 review the literature around the evolving relationship between parental
income, children’s skills (2.3), and children’s occupational content (2.4). Section 3 discusses the
main research hypothesis (3.1), defines the estimands (3.2), and introduces the estimation
procedure (3.3). Section 4 introduces the data, Section 5 presents results, and Section 6

concludes.

MOTIVATION

The Puzzling Persistence of Intergenerational Immobility and the Canonical
Account

Intergenerational mobility, measured as the association between the social statuses of

parents and children, is an important indicator of the openness of a society and has long been an
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important subject of sociological research. A central theoretical perspective behind the
voluminous literature studying intergenerational mobility is what I refer to as the canonical
theory, which mainly originated within sociology but was also influenced by labor economics
(Becker, 2010; Bell, 1976; Blau and Duncan, 1967; Treiman, 1970; Hout, 1988). The theory
holds, though sometimes only implicitly, that one’s achieved social status results from one’s
human capital, and human capital is best represented by educational qualifications. High-status
parents are more likely to have high-status children because their children have better educations.
Since education is the core mediating mechanism of intergenerational transmission, the canonical
model predicts an increase in mobility in the long-term because education opportunities have
generally become more available to children from all social origins. The influence of family
origin on children’s achievement is believed to be limited, beyond the mechanism of children’s
education. The framework is often summarized as the “OED (origin-education-destination)
triangle”. Though the main parts of the theory are developed in the context of class mobility, the
perspective has also been employed in the analyses of other mobility indicators, including
income mobility, the focus of this research.

The picture drawn by the canonical theory of social mobility echoes the widely held
narrative of “the American Dream” or “the land of opportunity” in the United States, which
pictures the US as a place with equality of opportunity, where one’s chances of success are
determined only by one’s own effort but not one’s family origin. Empirical evidence, however, in
general rejects such a picture. Occupation-based mobility has been shown to be stable or even

declining over time if the horizon is expanded to the 19th century (Erikson and Goldthorpe,
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1992; Song et al., 2020). In terms of income mobility, based on large-scale administrative data
and survey data, scholars have also shown a trend of stability over time (Chetty et al., 2014)8,

The persistence of intergenerational immobility invites explanations that diverge from the
canonical theory. The first and principal observation that goes against the prediction of the
canonical theory is that education is not becoming more equalized: the expansion of education
opportunities benefits children from advantaged backgrounds disproportionately (Raftery and
Hout, 1993).A more recent line of empirical research shows that the education gap by family
wealth and income has widened in recent years (Reardon, 2011; Pfeffer, 2018; Chmielewski,
2019), even as the education gap by family class appears to be stable or weakening over time
(Shavit and Blossfeld, 1993; Breen and Mu’ller, 2020). In the mean time, consistent with the
prediction of the canonical theory, economic returns to education have increased in the recent
decades (Goldin and Katz, 2010), so the persistent immobility may be a joint product of both
persisting OE and ED associations.

Another important and related line of literature acknowledges the expansion and
equalization of nominal education opportunities, but points out that such equalization is
insufficient to reduce immobility, because education is a positional good — the value of one’s
educational credentials depends on the amount of education held by others (Thurow, 1972;
Jencks et al., 1972; Boudon, 1974; Raftery and Hout, 1993; Lucas, 2001). EEducation is not just
a proxy for human capital, but also a credential whose value hinges on institutional arrangements
and social approval. Proponents of the relative education thesis like to use the metaphor wherein
status attainment is described as a “queuing” process with a fixed number of high-income or

high-status positions. Competitors are ranked and admitted to these positions based on their

8 Throughout the article we focus on relative mobility. The trend of absolute mobility is different as shown in
Chetty et al. (2017).
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education credentials. In this process, it is one’s rank, not level, of educational attainment that
determines class destination. Education expansion only equalizes the nominal level but not the
rank of education among children from different class backgrounds, because the quality, though
not the level, of the schools that high-SES children attend is still higher than that of children
from disadvantaged backgrounds (Lucas, 2001). The relative nature of education attainment has
led some scholars to famously contend that expanding education will not reduce class-based
inequality (Jencks et al., 1972; Boudon, 1974).

A recent article, Bloome et al. (2018), serves as an exceptional example of efforts geared
towards elucidating how the rate of income immobility has been sustained within the educational
sector over the past several decades. Utilizing a decomposition technique, Bloome et al. (2018)
systematically articulates both the equalizing and unequalizing roles of education. The expansion
of education has mitigated income persistence, generating a greater number of high-income
adults from low-income back- grounds and also diminishing the direct impact of parental income
on adult earnings. However, this equalizing effect is offset by an escalating educational
inequality driven by parental income, as well as an increasing returns to education.

The canonical theory and the following explanations discussed above treat education as
the main mechanism of status transmission, relegating other channels of parental influence to
residual status. This theoretical approach yields a powerful account of how inequality is
maintained in the educational realm, but is almost totally agnostic to the labor market aspect of
inequality persistence. Parents pass down their advantages by providing their children with the
skills and knowledge necessary to excel in the job market and by securing them high-status
occupational positions. While the skillsets that lead to better occupations and the occupations

themselves are undeniably linked to education, the education-centric model only reflects the
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complex dynamics of the labor market implicitly, potentially overlooking crucial empirical
trends in the labor market that are of interest to researchers.

The need for an explicit multidimensional labor market account of income trans- mission
is emphasized by recent empirical observations which suggest that the persistence of
intergenerational immobility may be related to changing labor market demands and parenting

styles. The next sections discuss these empirical trends.

The Great Reversal of Skill Demand

“The 20th century is the century of human capital”, triumphantly declared in the
influential book Race between Education and Technology (Goldin and Katz, 2010). The theory
represented by the book, skill-biased technological change (SBTC), states that human capital, as
conceptualized as the ability to perform job tasks and as measured by educational qualifications,
is the most important indicator for the success of both individuals and nations. The theory shows
its strong predictive power by explaining most of wage inequality trends in the 20th century.

SBTC’s emphasis on human capital as the primary determinant of success in the labor
market is consistent with the canonical theory of mobility, which posits that education is the
primary means of achieving intergenerational mobility. However, this perspective overlooks the
fact that abilities and human capital are multidimensional, and the skills that are most valued in
the labor market can change depending on various social and economic factors. Factors such as
technological advancements, globalization, and shifts in industries can alter the occupational
structure and favor certain skills over others (Acemoglu and Autor, 2011). Even within
occupations, the nature of work may change as a response to technological development, such as

automation, which can result in changes in skill demands. Thus, the relationship between human
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capital and labor market success is more complex than the “meritocratization” narrative suggests
(Deming and Noray, 2020; Atalay et al., 2020).

Recent empirical studies documented a reversal of skill demand in the US labor market
(Beaudry et al., 2016). Castex and Kogan Dechter (2014) shows that, though returns to college
education have increased in the recent decades in the US, as predicted by the canonical theory
and SBTC, the return to specific skills shows different trends. The return to cognitive ability
declined dramatically in the early 2000s compared with the 1980s. On the other hand, returns to
non-cognitive abilities have been shown to have increased during the same time period (Deming,

2017).

[Figure 1 about here.]

I replicate, update, and extend the finding of “the great reversal of skill demand” as
reported by previous studies. First, high-skill jobs are constituting a bigger proportion of the
labor market. Figure 1 shows the changing employment shares of occupations with different skill
levels since the 1980s. The share of high-skill occupations, those whose skill requirements are in
the first quartile, has increased substantially. Occupations with a high cognitive component
increased from about 10 percent to the 20 percent, whereas non-cognitively demanding jobs
experienced an even bigger increase, that is from about 18 percent to over 30 percent. The third
column shows that the two trends are concurrent. The occupations with only a high cognitive or
non-cognitive com- ponent are not taking a higher share of the labor market. By contrast, the
occupations with both high cognitive and non-cognitive requirements have expanded

substantially.
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[Figure 2 about here.]

Second, as Figure 2 shows, after 2003, the importance of cognitive skill has been
declining whereas the importance of non-cognitive skills keeps increasing. Though across-
occupation both high-cognitive and high-non-cognitive skill jobs are taking a bigger proportion,
the within-occupation trend of cognitive skills and non-cognitive skills diverge as one is

declining in importance and the other is increasing.

[Figure 3 about here.]

The labor market reversal is characterized not only by the changing importance of skills
but also their changing economic returns. Figure 3 reports the trend in wage returns to skills as
measured by the interaction between skill importance and time with wage as the outcome. After
2003, the return to cognitive skills is decreasing whereas the return to non-cognitive skills is
increasing. Figure 3 conveys a similar message to Figure 2: the returns to and prevalence of non-
cognitive skills are increasing, while those of cognitive skills are decreasing.

Various explanations for the decline of the return to cognitive ability have been proposed,
with many focusing on the content and pace of technological advancements. One straightforward
explanation is that the pace of the development of the IT industry has slowed down significantly,
which was a main source of the increase in cognitive skill demand in the 1980s (Bound and
Johnson, 1989; Gordon, 2012). Since there is not as many new job positions in high-tech

industries, the demand for cognitive skills has shrunk. Furthermore, the reduced rate of
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technological advancement lowers worker’s need to constantly update their skills, therefore
lowering the demand for cognitive ability which is consequential in commanding new tools
(Castex and Kogan Dechter, 2014). Finally, though technological advancement like automation is
traditionally believed to have the biggest impact on low-skilled workers who perform routine
tasks, scholars have begun to realize that high-skilled workers with cognitively intensive tasks
are also at the risk of being replaced by computers and artificial intelligence (Brynjolfsson and
McAfee, 2014; Susskind and Susskind, 2015; Grace et al., 2018). The recent rise in machine
learning enables computers for the first time to accomplish complicated tasks that used to be
completed only by human beings with professional training, like medical diagnosis, tax
processing, or driving. The replacement of high-skill jobs by Al is one possible explanation for
the decline in the economic return to high cognitive ability.

Technological development has curbed the need for cognitive skills but spurred the
demand for other skill sets (Autor, 2015; Acemoglu and Restrepo, 2019). As machines replace
labor in a lot of tasks, new tasks where people still have a comparative advantage to are created.
Human interaction is one task that machines still have difficulty performing. Deming (2017)
found that, comparing the 2000s and 1980s, there are more jobs that require high social skills,
and economic returns to social skills have increased. By contrast, jobs that require math skills but
low social skills have shrunk in the same period. This phenomenon of technologically increase in
social skill demand is best illustrated in the case study of bank tellers in Bessen (2015). After the
invention of ATM, the need to interact with a human bank teller in order to withdraw money be-
came almost non-existent. A natural prediction was that the bank teller as a job would become
extinct. However, Bessen (2015) found just the opposite, that the employment of bank tellers

increased modestly after the invention of the ATM. The reason is that the tasks of bank tellers
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completely transformed after the invention of the ATM, from a technical job to a socially
intensive job whose main task is to respond to customer questions and promote financial

products.

Class-Based Inequality in Non-Cognitive Skills

As non-cognitive skills have emerged as a crucial predictor of success in the labor
market, researchers have increasingly recognized the role of parents in facilitating their
children’s development of these skills. In sociology, there is a long tradition of studying non-
cognitive determinants of achievement and the non-cognitive dimension of intergenerational
status persistence. The Wisconsin model of social stratification poses psychological variables
such as aspiration and expectation as important components of the process of status attainment
(Sewell et al., 1969, 1970; Woelfel and Haller, 1971; Haller and Portes, 1973; Hauser et al.,
1983). More recently, in economics, there is a burgeoning literature that studies the development
of and returns to personality traits (Heckman et al., 2006; Cunha and Heckman, 2007; Heckman
and Mosso, 2014). Inspired by the Wisconsin model and the ’non-cognitive” turn of labor
economics, a recent line of empirical studies in sociology assesses the importance of
psychological measures in many life outcomes ranging from school performance to labor market
success (Mood et al., 2012; Blanden, Gregg, and Macmillan, Blanden et al.; Blanden et al., 2014;
Doren and Grodsky, 2016; Hsin and Xie, 2017; Bourne et al., 2018; Esping-Andersen and
Cimentada, 2018; Liu, 2020; Holtmann et al., 2021; Huang et al., 2022).

Another literature provides a more detailed examination of the role of parenting in
children’s non-cognitive development and how that contributes to their success in the labor

market. Lareau (2011) describes a style of parenting, “concerted cultivation”, that is typically
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associated with middle-class families in the United States, and it involves parents actively and
intentionally cultivating their children’s talents, interests, and skills by organizing and
supervising structured activities such as sports teams, music lessons, and tutoring sessions. The
goal of concerted cultivation is to develop children’s social and cultural capital, which can be
used to gain advantages in school and in later life. This parenting style emphasizes the
development of communication skills, negotiation abilities, and comfort with authority figures,
among other things.

As class-based differences in parenting culture gains scholarly attention, a growing line
of literature has pointed out the important roles of cultural and personality characteristics in labor
market stratification processes and intergenerational inequality maintenance (Jackson et al.,
2005; Jackson, 2009; Rivera, 2012; Armstrong and Hamilton, 2013; Rivera, 2016; Laurison and
Friedman, 2016; Lareau, 2015; Friedman, 2016). Employers in elite industries often prioritize
cultural compatibility when selecting candidates for their organization. This is because
employees who share similar interests, hobbies, and values are better able to form strong social
bonds with their colleagues, leading to a greater sense of solidarity and a more positive work
environment. Further- more, culturally savvy employees can help to signal the company’s status
to clients and customers, which is important in maintaining the company’s reputation and
attracting new business.

Although to my knowledge, there is no definitive evidence on whether the class gap in
non-cognitive skills is widening in the United States or if such a shift, should it exist, is in
response to changes in labor market demand, recent studies indicate a growing class divide in the
non-cognitive development of children. Indicative evidence comes from changes in parenting

styles over time. The engagement of parents in their children’s development, especially through
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extracurricular activities, is a good indicator of non-cognitive development (Covay and
Carbonaro, 2010), and it appears that parents with higher socioeconomic status (SES) are
spending more time with their children in leisure and cultural activities and becoming more
involved in their education (Bassok et al., 2016; Kalil et al., 2016). Ryan et al. (2020) reported
changes in parenting style over time, which they linked to a changing labor market context. The
class gap in mother’s engagement in their children’s education has widened, with the difference
in time spent with children for leisure and studying activities growing significantly between
college-educated and non-college-educated mothers since the early 1990s (Ramey and Ramey,

2009).

Intergenerational Income Persistence through Occupational Content

Intergenerational inequality can persist not only through the transfer of skills or abilities
but also through the more direct transfer of occupational content. Sociologists have long been
interested in the occupational aspect of intergenerational status persistence and have examined
extensively the association between parental occupation and children’s occupation. The
association suggests that children often end up in occupations similar to their parents, regardless
of how ”similarity” is defined - be it at the macro-level (Erikson and Goldthorpe, 1992; Xie,
1992), micro-level (Grusky and Sorensen, 1998; Grusky and Weeden, 2001; Weeden and Grusky,
2005), or by continuous characteristics (Blau and Duncan, 1967; Sewell et al., 1969, 1970; Hout,
1984).

Another more recent strand of literature tackles a related but distinct question: how
children’s occupation serves as a mediator for the transfer of intergenerational economic

advantage (Breen et al., 2016; Mood, 2017). They find that, high-income parents have high-
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income children because their children have “better” occupations, as defined by higher average
income.

The extant findings on the mediating role of occupation for income persistence and the
correlation between occupational and income mobility provide valuable insights. However, the
current discussion is focused on the mediating role of “class”, or clusters of occupation
categories. As a result, it is also subject to the well-known limitations associated with the class
approach to inequality, particularly the macro-class approach. These limitations have been
highlighted by advocates of “the death of class” (Clark et al., 1993; Pakulski and Waters, 1996)
and “’the decomposition of class” perspectives over the years (Grusky and Sorensen, 1998;
Grusky and Weeden, 2001; Weeden and Grusky, 2005).

In an increasingly “upgraded” class structure, the occupation of children from advantaged
economic backgrounds have been more and more homogeneous in the sense of macro-class
(Pakulski and Waters, 1996). Meanwhile, there has been a significant growth in within-class
differentiation along a series of occupation characteristics (Jonsson et al., 2009). If these trends
are overlooked, the macro-class approach may underestimate or misreport the extent of income
persistence through occupational achievement. To address these issues, researchers can also
choose to analyze the mediating role of occupation with a more detailed occupational scheme.
The micro-class school of occupational mobility emphasizes “local” mechanisms of social
reproduction and highlights that many channels of status transmission occur specifically at the
occupation level, which cannot be simply aggregated to classes. These mechanisms include

occupational association, cultural habits, unions, and more (Grusky and Sorensen, 1998; Grusky

and Weeden, 2001; Weeden and Grusky, 2005).
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The categorization of occupations on macro, meso, or micro scales confronts a common
limitation: the compartmentalization of occupations easily disregard the underlying similarities
and existing interconnections between various occupations across a range of dimensions. This
gap is especially salient in the analysis of income mobility mediated by occupation, more so than
in the study of occupational mobility.

In the context of occupational mobility, mechanisms such as familial social net- works
and micro-level interactions could predispose children to landing in the same professions as their
parents. In these instances, parents’ occupational influence is “incommensurable,” as its impact
specifically unfolds when children venture into the same professional fields, reducing its
applicability when children enter a different occupational context from their parents.

Regarding income persistence mediated by occupation, parental income assumes a
“commensurable” role. This implies that parental resources, in this case financial, can be flexibly
employed in diverse scenarios associated with guiding their children into varying occupations.
Parents might not necessarily wish to steer their children exclusively towards certain professions.
A more plausible assumption draws upon the tendency for parents to encourage their offspring
towards career paths characterized by attractive features - these may include prospects for high
income, advanced skill requirements, or carrying a high-status (Irwin and Elley, 2013).
Essentially, it is the characteristics of the profession, rather than the profession itself, that often
become the focal point of parental guidance and are heavily affected by parental economic
resources.

Therefore, this research attempts to expand earlier studies that investigate income
persistence through children occupation by changing the measure of occupation from categorical

to continuous. In the tradition of occupational mobility this is referred to as the “gradationalism”,
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contrasting the “cateogicalism”, approach (Weeden and Grusky, 2012). In indexing occupational
features, common dimensions of choices include prestige (Duncan, 1961; Hauser and Warren,
1997), status (Chan and Goldthorpe, 2007), income (Nam and Powers, 1983), and desirability
(Jencks et al., 1988).

I focus specifically on another continuous measure of occupational feature, that is
occupational content, as defined by the activities, knowledge, and skills employed in the
occupation’s daily work. The pivotal role of occupational content has been extensively
demonstrated in several directions of economic and sociological studies. It serves as a significant
determinant of economic return (Heckman et al., 2006; Deming, 2017; Acemoglu and Autor,
2011), a predictor of worker’s career trajectory (Deming and Noray, 2020), and also an anchor of
the position of the occupation within a network (Lin and Hung, 2022). It is a strong shaping
force of cross-sectional inequality (Cobb- Clark and Tan, 2011), and also a strong predictor of
the flow of occupational mobility among workers (Alabdulkareem et al., 2018; Cheng and Park,
2020).

The necessity for focusing on occupational content to comprehend the role of occupations
in income mobility is reinforced by the increasingly variable condition of the labor market, as
discussed in an earlier section. Given the dynamically changing re- turns associated with distinct
occupations and varying skill sets, parents’ perceptions of the ideal occupations for their children
might also be experiencing concurrent shifts. These shifts in the focus of intergenerational status

transmission can only be detected using the gradational, but not class-based, analytical approach.

THEORETICAL AND ANALYTICAL FRAMEWORK

Hypothesis: Effectively Maintained Immobility in a Dynamic Labor Market
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The earlier sections reviewed the changing requirements for and returns to skills in the
labor market on the one hand, and parental transfer of status via children’s skill formation and
children’s occupational skill content on the other. A natural question thus emerges, that is,
whether the persistence in income immobility over the recent decades can be attributed to the
intergenerational transfer of skills and occupational skill contents, and whether and how the
transformation of the labor market has facilitated the process of intergenerational inequality
preservation. This section outlines the main research hypothesis in detail.

Given that shifts in the labor market can be characterized by changes in the relative value
of cognitive and non-cognitive skills—with cognitive skills diminishing and non-cognitive skills
increasing in importance-I split the process of income transmission within the labor market into
two main conduits: the cognitive pathway and the non-cognitive pathway. For each of the
cognitive and non-cognitive aspects of inter- generational persistence, I classify the transmission
process into a “primary” and a “secondary” component, using concepts borrowed from (Boudon,
1974). The primary maintenance of intergenerational inequality occurs via the following
channel: children with high-income parents have higher cognitive or non-cognitive skills due to
factors such as parental financial investment, parenting style, cultural environment, and con-
textual factors like neighborhood differences. These skill advantages are then signaled to
employers through educational credentials, interview performance, or other aspects of their job
application. As a result, children with high cognitive or non-cognitive skills are more likely to be
placed in occupations that require these skills. Since jobs with high skill requirements offer high
economic returns, children who are employed in these occupations have higher incomes. The
transmission process depicted here is in many ways in the same spirit as the classic Blau-Duncan

model of status attainment (Blau and Duncan, 1967: p 170) where parental status affects
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children’s current occupational status through children’s education and then the status of
children’s first occupation. The main difference in our approach is that we take both skills and
occupational contents as multidimensional.

In addition to the primary channels of transmission, there is also a “secondary”
maintenance process, whereby parents directly influence their children’s occupational positions
independent of their skills. Parents can have a significant impact on their children’s career
development and decision-making. High-SES parents may have a greater awareness of the status
and economic hierarchy of the current occupational structure and may encourage their children
to pursue occupations with better prospects in the current labor market (Middleton and
Loughead, 1993; Nucci et al., 1996). In contrast, disadvantaged parents may be less equipped to
help their children explore good occupational opportunities due to their informational
disadvantage. High-income parents, who themselves are likely to be in high-status and skill-
intensive occupations, may use personal and social networks developed during their own careers
to help their children secure similar high-end jobs Jonsson et al. (2009). Finally, high-income
parents may provide direct financial assistance, such as bridge funds, to support their children
during their early career and job search process, thereby reducing their financial and
psychological burden by covering their living expenses and providing them with more time to
consider and better resources to secure desired occupational positions (Mitnik et al., 2016;

Bukodi and Goldthorpe, 2022).

[Figure 4 about here.]
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Figure 4 provides an illustration of the primary and secondary channels of maintenance
given a certain skill, whether it is cognitive or non-cognitive. Each of these channels corresponds
to a source of inequality. Primary maintenance occurs because of the inequality of skill by
parental income. This layer of inequality can be further separated into two sources. First, parents
with higher incomes often have better resources in other regards. For instance, they may have a
better education, live in better neighborhoods, or themselves may have inherited more wealth, all
of which may contribute to the economic success of their children. I label this channel as primary
maintenance through environment, as it does not reflect the real effect of parental income but the
“confounding” force of other factors. The other channel is more direct transmission through
economic means, that is the inequality of skill by parental income even after controlling for other
family background factors. Secondary maintenance arises due to the unequal skill intensity of
occupations by parental background after controlling for children’s skill level. Finally, there are
channels of intergenerational transmission that are irrelevant to the labor market path and are not
captured by the measures of skill and occupation.

The multidimensional nature of intergenerational income transmission, encompassing
cognitive and non-cognitive skills, as well as primary and secondary channels, predicts the
effective maintenance of immobility in a changing labor market environment, which constitutes
the core hypothesis of the research. More specifically, intergenerational transmission shifts its
mechanism as labor market demand changes, and the decline of transmission through cognitive
channels is offset by the rise of transmission through non-cognitive channels, creating the
stability in intergenerational mobility rate.

There are two theoretical rationales that lead to the “offsetting” hypothesis. First, children

from advantaged backgrounds are typically more skilled in a wide range of areas that are
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considered valuable in the labor market. Not only are they better at cognitive tasks such as
reading, writing, and math (Heckman and Carneiro, 2003; Cunha and Heckman, 2007), but they
also excel in communication, socialization, and emotional stability, among many other non-
cognitive abilities (Heckman and Mosso, 2014; Fletcher and Wolfe, 2016; Calarco, 2011, 2014).
This overall advantage in skills among children from high-SES backgrounds means that they will
generally have better performance in the labor market, regardless of which skill sets are in
demand at any given time. As the market demand for skills shifts, a decreasing pathway of
intergenerational transmission is automatically or mechanically compensated by an increasing
pathway.

Second, parents may adjust their parenting strategies and investments to focus on skills
that are more valuable in the current job market. Parents from privileged back- grounds are
typically better informed, better equipped, and have stronger incentives to make such
adjustments. They may have more access to labor market information through their individual
social networks or through professional or industry associations (Lin, 1999; Perna, 2006). With
more resources at their disposal, they also have greater flexibility in terms of parenting priorities,
such as selecting extracurricular activities, social activities, or choosing a college and major.
They also have the strongest incentive to maintain their children’s status according to the
rational-action theory of social mobility (Boudon, 1974; Breen and Goldthorpe, 1997). In order
to avoid relative status loss and downward mobility, wealthy parents need to continually update
their strategies for child development to ensure that their children remain competitive (Lipset and
Bendix, 1991; Kahneman and Tversky, 1979).

Theoretical perspectives that evaluate how intergenerational inequality is sustained in

dynamic environments echo some of the well-established insights in the literature of social
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stratification. As old channels of inequality close, new ones may emerge. “Effectively maintained
inequality”, a perspective developed mostly as a response to the rise of horizontal stratification in
the education system (Lucas, 2001), is one such example. The proponents of EMI noted how
high-SES parents make flexible use of their resources to ensure an advantaged position of their
children in the education system. Similarly, in the area of health inequality, the “fundamental
cause theory” (FCT) has highlighted the idea of “pervasiveness” by pointing out that high-SES
individuals always benefit first from advancements in health technology because of their

cultural, economic, and social resources (Link and Phelan, 1995). Our theoretical perspective
builds on these key insights to investigate how intergenerational inequality is sustained in a

dynamic labor market environment.

Quantifying the Channels of Maintenance: Defining the Estimands

Testing the core hypothesis of the research requires quantification of these channels of
transmission. Epitomized by the “status attainment model”, path analysis, or structural equation
models, has been the most frequently used tool to study the mechanism of intergenerational
transmission in sociology (Duncan, 1966; Sewell et al., 1969, 1970; Alwin and Hauser, 1975;
Woelfel and Haller, 1971; Haller and Portes, 1973; Hauser et al., 1983). Some more ad-hoc
analyses simply use intergenerational income regressions with control variables to evaluate the
mechanism through those control variables. The explanandum in regression analyses, however, is
individual children income, but not income immobility. Whereas a regression may tell us to what
extent parental in- come, skill, and occupation explains or causes individual income, it does not
tell us how skill and occupational inequality by parental income contributes to intergenerational

income immobility (see Lundberg (2021) for a careful discussion of the difference between
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regression analysis and disparity analysis). Furthermore, when relying on estimates derived from
linear regressions, the findings are affected by inaccuracies stemming from parametric
assumptions and the absence of a clearly defined estimand (Lundberg et al., 2021). Regression
analysis is therefore ill-equipped to study the mechanism of intergenerational income
transmission.

Decomposition analysis, like Kitagawa-Blinder-Oaxaca (KBO) decomposition, on the
other hand, is tailored to study the determinants of between-group inequality. However, the group
indicator in KBO decomposition is binary, whereas in this case we try to explain the inequality in
income by a continuous group indicator, that is parental income. Moreover, KBO decomposition
does not take the sequential order of explanatory factors into account, whereas in our setup we
wish to test whether occupational content, after accounting for personal skill, still contributes to
income immobility.

I develop a non-parametric sequential decomposition that estimates the contribution of
skill inequality (primary maintenance) and occupational skill content inequality net of skill
(secondary maintenance) to income immobility. Let A denotes parental income, M denotes skill,
S denotes the occupational skill level, Y as income, and X a series of family environment
associated with income, skill, and family income. First, we consider parental income A as a
binary variable, A = 1 stands for rich and A = 0 stands for poor, for illustration purposes.

Simply put, I simulate interventions that sequentially remove the inequality
P(m|x,A =1)# P(m|x,A = 0),P(m|A = 1) #P (m|A = 0),and P (slm,A = 1) #
P (s|m,A = 0), and estimate post-intervention income mobility. These interventions take
specific parental income groups as reference groups and equalize so that all children’s

distribution of skills/occupational skill content follows the distribution within this parental
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income group. The incremental immobility reduction achieved by these interventions reflects the
magnitudes of the channels of maintenance, which are primary maintenance through economic
means, primary maintenance through environment, and secondary maintenance respectively. The
method can be viewed as an extension of KBO-decomposition to a non-parametric, sequential,
and continuous setting. Though I interpret the results as purely descriptive summaries, they can
also be interpreted as causal effects under certain assumptions. I derive identification formulas
and clarify assumptions that warrant the results causal interpretations in Appendix B.1.

First, we define the estimands, the descriptive counterfactuals with which we quantify the
strength of transmission mechanisms. Taking children with rich parents as a reference group, to
evaluate primary maintenance through economic means, we define a counterfactual children
income where the skill levels of children with rich parents are the same as the skill levels of
children with poor parents, conditional on X. I denote this counterfactual as 8(1,0). Here, the
first number in the parentheses means that the reference group is A = 1, and the second number

means the skill of the reference group is as if from A = 0.

6(1,0) = [ [E[Y |m,x,A = 1]P (m|x,A = 0)P (x|A = 1)dmdx(1)

Then, to evaluate the full effect of primary maintenance, either through X or not, we
define a descriptive counterfactual where the skill levels of children with poor parents are the
same as the skill levels of children with rich parents, this time not conditional on X. I denote this
counterfactual as 6(1,0"), where the symbol * denotes a marginal instead of conditional

equalization.
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6(1,0") = [ [E[Y |m,x,A = 1]P (m|A = 0)P (x]A = 1)dmdx(2)

Note that 8(a,a) = E[Y |A = a]. Compare these estimands with the observed expected

outcome of children with rich parents:

6(1,1) = [ [ E[Y |m,x,A = 1]P (m|x,A = 1)P (x|]A = 1)dmdx(3)

It is clear that compared with the observed conditional expectation, (1, 0) reweighs the
conditional expectation so that variable m is as if from the counterfactual conditional distribution
where A = 0, P (m|x,A = 0).On the other hand, 8(1, 0*) is a reweighed version of the
observed expectation where variable m is as if from the coun- terfactual marginal distribution
where A = 0, P (m|A = 0).

The above two counterfactual estimands help evaluate the transmission through M. To
evaluate the further transmission through S, we define a counterfactual where, after skill

disparity is already removed, the occupational contents of children with poor parents are the

same as those of children with rich parents. This counterfactual is defined as 6(1,0%; 0%)°.

6(1,0509 = [ [ [E[Y |m,s,x,A = 1]P (sl/m,A = 0)P (m|A = 0)P (x|A = 1)dsdmdx

(4)
Provided with these moving parts, we can decompose the observed income gap between

children from rich families and children from poor families into transmission channels that can

%1n a similar vein, 8(1,0%;0) = E[Y|m,s,x,A = 1]P(s|m,x, A = 0)p(m|A = 0)p(x|A = 1)dsdmdx. Also notice
that 6(1,0") = 6(1,0%;0).
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be attributed to skills and occupational skill contents:

E[Y|A=1] - E[Y|A=0] = 6(1,1) — 6(0,0)

= 0(1,1) — 6(1,0) + 6(1,0) — 6(1,0%)

Primary E]g]conomic) Primary (Ewr;vironment) (5)
+6(1,0%) — 6(1,0%;0%) +6(1,0%; 0*) — 6(0,0)
Seco?lrdary Una.cr:;unted

The economic component of primary maintenance is characterized by the contrast
between the observed income of children from rich families and their income that would be
achieved when their conditional advantage in skill is removed. The environment component of
primary maintenance is quantified by the additive income disparity reduced when furthering
intervening so that the skill between children from different backgrounds is completely
equalized. Based on that, secondary maintenance reflects the income loss that would be achieved
if the occupational skill level for children from rich families is the same as children from poor
families. Finally, there may still be a class-gap in children income even after the total
equalization of both children skill and occupational skill level. The decomposition takes a similar
structure to the Kitagawa- Blinder-Oaxaca descriptive decomposition and the causal mediation
decomposition. The relationship between descriptive, interventional, and mediational
decomposition is discussed in detail in Appendix B.2.

Parental income, A, however, is only assumed to be binary for illustrative ease. In
empirical analysis there is no good theoretical rationale to conceptualize parental income as a
binary variable. We therefore have to transfer the decomposition to the case of a continuous A.
Throughout our analyses we measure A as percentile rank from 0 to 1. We use those A = aasa

reference group or a target of intervention, and substitute 1 to a in the above decomposition and
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iterate over the value of a sufficiently many times to get a series of decomposition results. For

each value of a, we have a decomposition in the form similar to the one outlined above:

ElY|A=a] — E[Y|A=0| =60(a,a) —6(0,0)
= 0(a,a) — 6(a,0) + 0(a,0) — 6(a,0%)

Primary -(Economic) Primary (E:vironment) (6)
+ 60(a,0*) — 6(a,0*;0%) 4+ 6(a, 0%;0%) — 6(0,0)
Seco:lrdary Una.cr:;unted

Suppose, for instance, that A = 0.5, then the decomposition tries to decompose the
income difference between children with median-income parents and children with bottom-
income parents.

Since now the decomposition is a function of a, how should we summarise over the
many different values of a? First, consider the total disparity 6(a,a) — 6(0,0). We normally
summarise the relation between the disparity and a with the coefficient from a linear regression,
O(a,a) — 6(0,0) = L0 + PBa + e.This is equivalent to the rank- rank regression, though the
intercept is different, and £ is the rank-rank slope. For all the components in the decomposition,

we can also summarise that component over a with the coefficient from such a regression. For
instance, I run a linear regression 8(a,a) — 6(a,0) = BETHeco™ 4 grritecon)y 4 ¢
BPriecon) g a linear approximation of the relation between 6 (0, @) and a, and is a summary of
total immobility caused by the conditional inequality in M. Similarly, we can run the same
regression for the other three components in the decomposition with a as the independent

variable and get the other three £s. We would in the end observe that the total rank-rank slope
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can be approximately decomposed into exactly the same components in the decomposition
outlined above, that is § ~ gPri(econ) 4 gprilenvir) | psec 4 pgunaccounted

The interpretation of the components is similar to the interpretation of the rank- rank
slope, . The interpretation of f is that as parental income increases one percentile, children
income on average increases f percentile. Take SP7H(¢°™ for example, the interpretation is that
as children’s ability increases as if their parents’ income were one percentile higher, children’s
income on average increases by SP71(€€°™) percentile. If fPTH(€°™) = (), children’s income is not
associated with ability, and ability does not play a role in transmission. On the other hand, if
pPritecon) — B the intergeneratioanl income persistence can be fully explained by the ability
advantage children with rich parents enjoy.

Though I interpret the results in a strictly descriptive way, the findings can be regarded as
causal under certain assumptions (see Appendix for details). Treated as a causal decomposition,
the method I propose is an extension of “the gap-closing estimand” to a setting of continuous

and sequential mediators (Lundberg, 2021).

Estimation of the Decomposition

Next I discuss the specific estimation procedure of the statistical estimands, 8(a, 0),
0(a,0%), and 8(a, 0*; 0"). A weighting estimator, a regression-imputation estimator, and a double
machine learning estimator can be established combining the generalized mediation functional
with semi-parametric theory of continuous treatments (Kennedy et al., 2017; Zhou, 2020). This
article used a “hybrid estimator” of regression-imputation and weighting estimators in sequential

implementation (Zhou, 2020).
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The first step is to estimate 6(a, 0). Observe the non-parametric definition of the
estimand, it is noteworthy that the integral can be alternatively written as an iterative

expectation:

0(a,0) = E[E[E[Y |[M,X,A = a]|X,A = 0]|A = a](7)

Here, the innermost is a conditional expectation of Y given a fixed value of A = a and
two random variables M and X. The middle layer is an expectation with regard to the random
variable M. It describes the expected innermost expectation when M is from the distribution
given A = 0 and random variable X. Finally, the outermost expectation is with regard to X. It
captures the expected middle layer expectation when the random variable X follows the
conditional distribution given A = a.

The formula indicates an iterative regression estimator. Before staring, I sliced A, a
continuous variable, into 11 bins by rounding to the first digit to avoid data sparsity, so now A
consists values of 0, 0.1 ,0.2 ... 1. First, I estimate a flexible machine learning estimator of the
conditional expectation, a random forest, with Y being the outcome and M ,X, and A as
independent variables, E[Y |M, X, A]. Second, I set everyone’s A to be equal a, and get the
predicted values for everyone. Third, I run another flexible machine learning estimator — another
random forest — with the predicted values obtained in the second step as outcome and X and A as
independent variables and get predicted values setting everyone’s A to be equal 0. Fourth, I
average the predicted values for those A = a. This gets us the estimated 8(a, 0).

As the interventional decomposition is conducted in a sequential manner, the estimation

of the next two components relies on the previously estimated ones. Denote the predicted values
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for individual i after the third step in the estimation of 8(a, 0) as y;’, which is the imputed

individual income after the conditional equalization intervention. In other words, y; =

PPN M|X,A=0
E[E[Y M, X = x;,A = a]|X = x;,A = 0].Also, because E[W Y] =
E[E[Y |IM,X,A = a]|X,A = 0], the predicted values can be alternatively expressed as an

p(M =m;|X;, A = 0) Y]
(M =m|X;,A=a) ~

estimate for reweighed observed outcome: 9; = E|

p(M|A = 0)

Notice that 6(a, 0) = E[ “qmr—7— o5

YIA=a]] =

p(MIA=0) pM|X,A=0)

Eoomx,a=0GMx, 4= a)

Y )|A = a], which suggests the following weighting

estimator;

8(a,0%) =

1 (M =mlA=0) _
Z p(M = m| ) ®

Maca Lu DM = m;|X;, A =0)"

i:Aj=a

Since M is a continuous variable, I slice M into five equal-length groups to facilitate the
estimation of the conditional probability. The reweighting requires estimation of two probability
models, for which I use a multinomial logistics regression, gaining the predicted probabilities of
each individual’s own categories, constructing the weights and using them to reweigh y;*, and
average among those A = a.

For the estimation of 8 (a, 0%; 0%), the procedure is similar. Notice that 8(a, 0*; 0*) =

pSIA=0,M) p(MA=0) »MXA=0)

A =a, M, X)s(MX,4=0) GMX,A=a)

Y)|A = a], which suggests the

following weighting estimator:
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8(a,0%0%) =

1 Z ﬁ(M = mllA = 0) ﬁ(s = SilA = O,Mi) — (9)

nA=ai:A,=aﬁ(M =mlX, A=0)p(S = 5|4 = a,M;, X;) ‘’

Compared with the estimator of 8(a, 0%), a further reweighing factor

5(S = 5il4 = 0,M;)
ﬁ(S = SilA =aq, MiJXl')

is added to capture the effect of equalizing occupational skill content. I

also slice S into five equal-length groups, run two additional multinomial logistic models,
construct corresponding weights, and reweigh the values obtained in the last step again among

those whose 4 = a.

DATA

The empirical analysis relies on two main types of data: longitudinal information on
occupation-level skill requirements and income, and longitudinal individual-level survey data
with income information and ability measures. The first type of data is used to demonstrate the
labor market transformation, while the second type of data is used to illustrate the changing
mechanism of mobility and to relate it to the transformation of labor market requirements, in
conjunction with the first type of data.

Information about labor market skill demands comes from longitudinal O*NET data.
O*NET is a detailed taxonomy of skills constructed based on surveys of workers from different
occupations about activities and requirements of their jobs. The O*NET worker survey began in
2002 and has been updated progressively since then. The O*NET employed a similar but slightly
more detailed occupational code than census. From the year 2002 to 2019, the time span I used,

there are a total of 834 occupations surveyed and each occupation has been on average surveyed
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3.5 times. Though still limited in some ways, O*NET is widely considered to be the best
available data source for studying occupation-level skill requirements (Frank et al., 2019).

For the year before 2000, I used a longitudinal dataset constructed from newspaper job
ads that follow the same occupation categorization and skill taxonomy as O*NET (Atalay et al.,
2020) (henceforth referred to as APST). The APST data used the text content of about 7.8 million
job ads from 1950 to 2000 in three newspapers: the Boston Globe, the New York Times, and the
Wall Street Journal. The words used in the ads are then mapped to occupation titles and skill
names in O*NET data using Bag of Words models that search extensively for similar words and
phrases that appeared in both the ads and the O*NET. Despite best effort, APST and O*NET are
not directly comparable. To validate the comparability, I compare APST 1998 and O*NET 1998,
the only overlap between the two data sources. I find that the correlation (of rank) between
cognitive measures between APST and O*NET is 0.38, and the correlation between two non-
cognitive measures is 0.41. I employ a simple calibration procedure, assuming classical
measurement error, in which the correlation between APST cognitive/non- cognitive measure
and income is multiplied by 0.38/0.41. Results under alternative data choice for occupational
content information before 2000 is presented in Appendix C.3.

The O*NET has several modules that ask workers detailed questions about the im-
portance of skills, activities, and knowledge requirements in their occupations. I aggregated this
granular information from O*NET to form more comprehensive measures of cognitive and non-
cognitive skill contents of occupations. Cognitive skill is measured as the average importance of
the following skills: reading comprehension (2A1a), writing (2A1c), mathematics (2A le, 2C4a),
science (2A1f), complex problem solving (2b21), and creative thinking (4A2b2). Non-cognitive

skill is measured as the average importance of the following skills: social perceptiveness (2B1a),
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coordination (2B1b), persuasion (2B1c), negotiation (2B1d), service orientation (2B1f), assisting
and caring for others (4A4a5), coordinating activities (4A4bl), developing teams (4A4b2), inter-
preting others (4A4al), and communication inside and outside organizations (4A4a2, 4A4a3).
These occupation-level characteristics are normalized as percentile ranks in the main analysis.
Details about the wordings of these requirements can be found in Appendix A.1. A detailed
discussion about the comparability and robustness of occupational skill content is in Appendix
C3.

Occupational skill requirement data need to be combined with occupation-specific trends
in employment and wages to demonstrate labor market transformation. This part of the data
comes from the 1980 5-percent sample, 1990 5-percent sample, and 20002019 ACS 1-percent
samples, all extracted from the Integrated Public Use Micro-data Series (IPUMS). The
occupations are classified under the Standard Occupational Classification (SOC) system, which
is the one used by O*NET. When SOC codes are unavailable, I used a fuzzy match from the
census code to SOC code to maximize matching between census data and occupation skill data
(details in Appendix A.2).

Detailed micro-level data that contains information about personal income, parental
income, and specific individual characteristics are used to carry out the study of the mechanisms
of intergenerational status transmission. High-quality parental and personal income information
are required for calculation of intergenerational income mobility, and detailed personal
characteristics need to be controlled for in the causal analysis of intergenerational status
transmission as potential confounders.

[ use National Longitudinal Survey of Youth data from the 1979 cohort (NLSY79) and

1997 cohort (NLSY97) for this part. The NLSY79 and NLSY97 began with nationally
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representative samples of young people aged 14-22 in 1979 and aged 12—-18 in 1997
respectively. For parental income, we draw information from the first three years of NLSY79 and
NLSY97 respectively. Personal income is measured as the average income between the age of 25
and 34, and those who do not have income for the whole period are excluded. Cognitive ability is
measured by the reading and math components of AFQT score derived from Armed Services
Vocational Aptitude Battery (ASVAB), a widely used measure of cognitive ability since
(Heckman et al., 2006), and is normalized as within-birth-year percentile ranks. NLSY79
administered the ASVAB to respondents in paper form, whereas NLSY97 administered the test
on computers, but an earlier evaluation shows that results from the two forms of the test have
very high consistency (Moreno and Segall, 1997). A detailed discussion about the comparability
of cognitive skill measures can be found in Appendix C.1. The robustness check of alternative
income and ability operationalizations can be found in Appendix C.4.

For non-cognitive skill, I use four out of five personality scores in Big-Five personality as
measured by Ten Item Personality Measure (TIPI), which are conscientiousness, agreeableness,
neuroticism, and extraversion. These personality measures are among the most popular
measurements of non-cognitive skills for studies of labor market outcomes (Humphries and
Kosse, 2017). The remaining personality of the big- five, openness to new things, is more
indicative of creativity and inventiveness and is conceptually closer to cognitive ability, hence
not used as a measure of non-cognitive skill. With the four personality scores, I extracted the first
component from a factor analysis which is then normalized as within-birth-year percentile rank.
This rank is used as a measure of non-cognitive ability for the main analysis. A detailed
discussion about the comparability and robustness of the choice of non-cognitive skill measures

is in Appendix C.2.
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I built a parallel pair of controls between NLSY79 and NLSY97 that include race, sex,
number of siblings, education level, type of residence in childhood, cohabitation with parents in
childhood, father’s education level, father being alive at time of baseline survey, and region of
residence. More details about the construction of the variables can be found in Appendix A.1.

The descriptive statistics are reported in Appendix A.3.

RESULTS

[Table 1 about here.]

Before moving on to the mechanism of intergenerational transmission, I first present
descriptive results about income and skills. Table 1 presents descriptive summaries of the
bivariate correlations between family income/income and skills/occupational skill contents. The
correlations between cognitive skill/content and both parental in- come and own income are
higher compared to the correlations between non-cognitive skill/content and these income
measures, especially for NLSY97. This suggests that the cognitive channel is more important
than the non-cognitive channel especially for the later cohort. However, the imbalance between
the correlations between the two skills and incomes is shrinking when comparing the two
cohorts. NLSY97 exhibits smaller correlations between cognitive skill and both parental and
own income compared to NLSY79. Conversely, NLSY97 displays larger correlations between
non-cognitive skill and both parental and own income compared to NLSY79. On the other hand,
the correlations between incomes and both occupational contents have increased, though the

increases are larger for cognitive content. From NLSY79 to NLSY97, the correlation between

102



parental income and non-cognitive occupational content roughly doubled, and the correlation
between non-cognitive content and income roughly tripled.

These individual-level findings align with the occupational-level results, indicating a
decline in the economic return to cognitive skill and an increase in the economic re- turn to non-
cognitive skill. Furthermore, the association between parental income and cognitive skill shows a
decline, while the association between parental income and non- cognitive skill shows an
increase. This suggests a potential adaptive parenting focus among parents; however, this
interpretation should be approached with caution. Additionally, the correlations between

cognitive and non-cognitive skills are more similar between the two cohorts.

[Figure 5 about here.]

Despite providing valuable insights, the raw correlations overlook two important points.
First, it is uncertain to what degree the relationship between income and skills is confounded.
Second, the full non-linear relationship between skills and income is not depicted. These
limitations are addressed in Figure 5. Figure 5 shows the observed association (solid line) and
estimated causal effect of skills on income (dashed line) in both cohorts of NLSY. In accordance
with standard practice in causal inference with continuous treatment, the causal relationship is
visualized using a dose-response function (DRF). The DREF illustrates the relationship between
the treatment (skills) and the expected potential income that would be observed if everyone were
assigned to that particular skill level. The first column of Figure 5 shows that both the observed
association and the deconfounded effect of cognitive skill are smaller in NLSY97 than NLSY79,

and the observed association and the DRF take a similar shape, though the slope is smaller for
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DREF since it is deconfounded. By examining the non-linear relation- ship between skill and
income, it becomes evident that the between-cohort difference in return to cognitive skill exists
mostly at the top skill level. Unlike the NLSY79 dataset, there is no further increase in income
for individuals with the highest levels of cognitive skill in the NLSY97 dataset. This is indicated
by the plateau observed in the DRF after approximately the 75th percentile rank.

On the other hand, the effect of non-cognitive skill is larger in NLSY97 than in NLSY 79,
also most notably at the highest skill level. In NLSY 79, there is a negative association between
non-cognitive skill and income at the top skill level. After adjusting for confounding, the
negative association diminishes substantially but does not reverse. By contrast, in NLSY97, the
positive relationship between non-cognitive skill and income is the most pronounced at top skill

level.

[Figure 6 about here.]

The last figure reported that the association between income and skills is non- linear, and
the between-cohort difference in this association occurs only in a specific part of the skill
distribution. Is it possible that the association between parental income and skills is also non-
linear, and that the between-cohort difference in skill disparity by parental income is driven by
specific income groups of parents? Figure 6 illustrates the observed relationship between
parental income and two skills. In NLSY 79, there is a higher disparity in cognitive skill based on
parental income, particularly among children from the top 20 percent income group who display
exceptionally high cognitive skills. However, in NLSY97, this advantage is less pronounced.

Conversely, for non-cognitive skill, the disparity by parental income is lower in the older cohort
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due to the lack of association between non-cognitive skill and parental income among top-
income families. In summary, the between-cohort difference in skill disparity by parental income
appears to be driven by parents from the top income group. In the older cohort, where the return
to top cognitive skill is significant and the return to top non-cognitive skill is not, children from
high-income families possess high cognitive but not non-cognitive skill. In the newer cohort, this
pattern is reversed, indicating that children from high- income families have higher non-
cognitive skill but not as much advantage in cognitive skill. Again, further research is needed to

determine whether these concurrent trends are coincidental or driven by reactive factors.

[Figure 7 about here.]

The between-cohort comparison of causal effects of different skills on income and
disparities in different skill levels by parental income provides strongly indicates a shift of
transmission channel between the two cohorts. However, it does not directly address that
theoretical goal. Figure 7 presents the changes in the mechanisms through which skills influence
income over time. For cognitive skill, primary maintenance through eco- nomic means accounts
for approximately 14 percent (0.06/0.42) of the intergenerational income association. This means
that if we equalize cognitive skill by parental income within population subgroups defined by
confounders, about 14 percent of income immobility could be reduced. Since there is still a net
association between parental income and cognitive skill even after accounting for confounders,
further equalization of cognitive skill by parental income could lead to a greater reduction in
immobility, as indicated by the magnitude of primary maintenance, which accounts for about 31

percent (0.13/0.42) of total immobility. Additionally, intergenerational income transmission
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occurs through the transmission of occupational skill level net of personal skill development.
Therefore, secondary maintenance contributes to approximately 14 percent of immobility
(0.06/0.42). Overall, the cognitive channel accounts for about 45 percent of total
intergenerational income transmission. When comparing the two cohorts, the cognitive channel
is larger in the older cohort than in the new cohort, primarily due to differences in primary
maintenance, whereas secondary maintenance between the two cohorts is similar. Therefore, the
decline in the cognitive channel is attributed to growing disparity in cognitive skill rather than an
increase in direct parental influence on occupational attainment.

Similar to the case of the cognitive channel, the non-cognitive channel also substantially
contributes to intergenerational income persistence. The channel is composed of both primary
and secondary maintenance, and it is primary rather than secondary maintenance that drives the
between-cohort change. However, there are a few notable differences between the non-cognitive
and cognitive channels. Firstly, the transmission through the non-cognitive channel is generally
smaller in magnitude. For example, in NLSY97, the primary maintenance and total maintenance
in the non-cognitive channel are 0.11 and 0.16, respectively, whereas in the cognitive channel,
they are 0.12 and 0.17 respectively. Second, unlike that through cognitive skill, the maintenance
through non-cognitive skill is increasing in magnitude. In fact, the increase in primary
maintenance through non-cognitive skill almost exactly offsets the decrease in primary
maintenance through cognitive skill. Overall, Figure 7 provides evidence supporting the
effectively maintained immobility hypothesis, that the intergenerational transmission channel
through cognitive skill is decreasing and is offset by the increasing importance of the non-

cognitive channel.
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DISCUSSION

What accounts for the consistent intergenerational income immobility over time? To
address this question, this paper examines the transformations within the labor market that
influence income outcomes for workers across different skill levels, and it assesses how these
skill levels are linked with parental income over time. Findings indicate that changes within the
labor market have played a role in perpetuating intergenerational inequality. Although the
cognitive ability gap between children from diverse socio-economic backgrounds has lessened,
the economic returns to cognitive ability have witnessed a simultaneous decline. This suggests
that while the convergence of cognitive ability potentially engenders an enhancement in income
mobility, the impact of this convergence is diminished due to the diminishing relevance of
cognitive ability in the labor market.

However, the equalization of cognitive ability could still contribute to improving income
mobility, albeit to a lesser extent, if not for another parallel trend in the labor market that has
counteracted this potential improvement. Non-cognitive skills have become increasingly valued
and sought after in the labor market, yet parental influence on the development of non-cognitive
skills has not weakened as it has for cognitive skills. In fact, the association between parental
income and children’s non-cognitive skills has strengthened, reinforcing the intergenerational
transmission of income through non- cognitive skills. This counterbalancing effect offsets the
weakening mechanism through cognitive skills, ultimately resulting in the well-recognized stable
rate of income mobility over time.

The persistence of inequality is a puzzle that has captivated scholars across generations.
This research contributes to the understanding of this persistence by adopting a labor market

perspective to explore the maintenance of immobility. This perspective reiterates two important
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points which have not received sufficient attention by the majority of existing studies. First, it
emphasizes the need to consider multiple mechanisms of intergenerational status transmission
simultaneously. Recognizing the complexity of intergenerational association, focusing solely on
one factor can lead to an oversimplified and incomplete understanding of intergenerational
mobility. Second, the specific conditions of the labor market play a crucial role in shaping
income inequality. Though the labor market has been accepted as a key channel of
intergenerational inequality reproduction since the advent of “status attainment model”, little is
known about how changes in labor market skill demand affect income transmission.

These ideas have been underexplored as they have been overshadowed by the dominant
approach that primarily focuses on education and cognitive ability as the main mediator of
intergenerational transmission. Indeed, for many social observes both within sociology and
beyond, meritocracy is almost equated with a distribution system based on cognitive ability, and
intergenerational transmission is equated with the transmission of cognition. Bukodi and
Goldthorpe (2021) describes the current status of intergenerational inequality as a “virtual
cognitive caste”, where highly educated parents cultivate their children to possess high cognitive
abilities in order to preserve their privileged position. Similarly, Goodhart (2020) argues that
mobility level is low because “smart produces smart”. This research does not seek to undermine
or replace the education- centered perspective, which undoubtedly provides significant
explanatory power. How- ever, it underscores the necessity to consider the non-cognitive channel
of transmission, which has become increasingly important in the recent labor market climate.
This call resonates with a growing body of recent research that reflects a “cultural turn” in the

study of intergenerational mobility (Jackson et al., 2005; Jackson, 2009; Rivera, 2012;
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Armstrong and Hamilton, 2013; Rivera, 2016; Laurison and Friedman, 2016; Lareau, 2015;
Friedman, 2016).

The analytical framework developed in this research offers a principled approach for
studying the mechanism of intergenerational transmission. While the mechanism of
intergenerational immobility has long been of interest to scholars in the field of stratification,
previous analyses often relied on linear regression models, which are better suited for examining
individual income determinants rather than assessing the channels of income transmission. The
proposed framework in this research takes a different approach by decomposing total immobility
into specific channels. This decomposition can be viewed as an extension of the Kitagawa-
Blinder-Oaxaca decomposition, which is typically used to decompose inequality by a binary
group indicator. In this case, how- ever, the focus is on decomposing inequality by a continuous
variable, namely parental income. Furthermore, it is possible to interpret this decomposition as
causal under certain assumptions, a point discussed in detail in the Appendix. In this regard, it
can be seen as an extension of “the gap-closing estimand” to the context of continuous treatment.

This research can be improved on in several ways by future studies. First, there is no
sufficient evidence to examine whether the changes in the skill advantage of children with high-
income parents are coincidental or are a result of active reorientation of parental focus. It is
possible that parents may have anticipated the changing labor market conditions and thus opted
to invest more in their children’s non-cognitive skills and less on cognitive ones. However,
testing this hypothesis is beyond the scope of this research. Future studies can take on this task
with more comprehensive information about parenting practices.

Second, though the results can be interpreted as causal effects under certain assumptions,

I do not intend to make such a claim due to the lack of experimental evidence. Future research
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may benefit from employing this decomposition method alongside quasi-experimental evidence
to yield more credible causal estimates. By doing so, we can aspire to attain not only a
descriptive summary of the magnitude of differing transmission channels but also gain insight as
to how mobility might improve if the mediators within these transmission channels are equalized
by parental income through targeted policy intervention.

We find ourselves at a crucial juncture for examining the ramifications of labor market
transformations on social inequality. Regrettably, current data constraints limit our capacity to
fully grasp the extent of these changes. While my dataset effectively captures the fallout from the
early 2000s bursting of the “dot-com bubble” as well as the prevalent patterns of automation and
computerization from the 2000s to the 2010s, the recent rise in machine learning and artificial
intelligence (Al) introduces a fresh technological shock to the labor market, the full impact of
which is yet to be entirely discerned. With a plethora of routine analytic jobs being replaced by
computers, and the advent of advanced Al models like ChatGPT blurring the lines between
“routine” and “creative” work—thus threatening even non-routine analytical positions—a deeper
understanding of how this latest surge in Al will shape the labor market and influence

intergenerational inequality constitutes a worthwhile direction for future exploration.
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APPENDICES

A. DATA APPENDIX
A.1 Variable Construction

Cognitive Skill:

The measures of cognitive skill, AFQT, are constructed following similar procedures in
NLSY79 and NLSY97. First, a standardized achievement test that contains multiple subjects,
ASVAB (Armed Services Vocational Aptitude Battery), was administered among respondents of
both NLSY79 and NLSY97 in the baseline wave, when most of the respondents were in high
school. Note that the tests were delivered in different forms, whereas in NLSY79 it was done in
paper and pencile, in NLSY97 it was done on computer using Item Response Theory (IRT). The
comparability of the two measures will be discussed in Appendix C6. Second, respondents are
grouped into three-month age groups. Third, within each three-month age group and using
sampling weight, NLS staff assigned percentiles for the scores for the tests on Mathematical
Knowledge (MK), Arithmetic Reasoning (AR), Word Knowledge (WK), and Paragraph
Comprehension (PC) based on the weighted number of respondents scoring below each score.
Here, for NLSY79, percentiles are assigned to raw scores, and for NLSY97, percentiles are
assigned to IRT theta scores. Percentile scores for WK and PC were added to get an aggregate
Verbal score (V) for which an aggregated intra-group, internally normed percentile was then
computed. The percentile scores for MK, AR and two times the aggregated percentile for V were
then summed. Finally, within each group NLS staff computed a percentile score, using the
weights, on this aggregate score, yielding a final value between zero and 0.99.

Non-cognitive Skill:
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Non-cognitive skill in the main analyses is operationalized as the rank of the first
principle component of four of the big five personalities, conscientiousness, agreeable- ness,
extroversion, and (low) neuroticism. Each personality dimension is measured with two questions,
which are listed as follows:

Please indicate how much you agree or disagree about the following statements (1-7).
You should indicate how much the traits apply to you, even if one part of the pair is more like
you than the other.

- 1. Extraverted, enthusiastic

- 2. Critical, quarrelsome

- 3. Dependable, self-disciplined

- 4. Anxious, easily upset

- 5. Open to new experiences, complex

- 6. Reserved, quiet

- 7. Sympathetic, warm

- 8. Disorganized, careless

- 9. Calm, emotionally stable

- 10. Conventional, uncreative

Here, item 1 and 6 measure extroversion. Item 2 and 7 measure agreeableness. Item 3 and
8 measure conscientiousness. Item 4 and 9 measure neuroticism. Item 5 and 10 measure
openness to new experience. To construct the measure used in analysis, I 1) sum first four pairs
of items with item 6, 2, 8, 4 reversely ordered, so that the higher the sore the more favorable the

personality; 2) extracted the first principal component of the four personalities; 3) created the
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within-birth-group percentile rank to be consistent with other key measures. The robustness of

results to alternative measures of non-cognitive skill is discussed in Appendix C4.

Years of Coverage for Occupations
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Figure A1: Coverage of Occupations for All Waves of O*NET (2003 - 2022)

Occupational skill content:

The Occupational Information Network (O*NET) is a comprehensive database of worker
attributes and job characteristics. As the replacement for the Dictionary of Occupational Titles
(DOT), O*NET information is the nation’s primary source of occupational information. O*NET
randomly surveys workers across occupations during which they are asked batteries of questions
on the contents of their jobs. Initiated in 2001, and as of May 2023, O*NET has experienced a
total of 27 major releases, and longitudinal information about many of the occupations have been

collected. Figure A1 shows the coverage of occupations across waves of O*NET.
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The cognitive and non-cognitive requirements are extracted from three modules from the
worker survey: skills, activities, and knowledge requirements. In these modules workers are
required to evaluate the importance of items in their work environment. The questions are
worded in the following way: “How important is XXX to the performance of your current job?
(on a scale of 1 to 5)”. The occupational cognitive and non- cognitive variables are calculated in
the following way. First, for cognitive skill, I average the importance of the following skills:
reading comprehension (2A1a), writing (2A1¢), mathematics (2Ale, 2C4a), science (2A1f),
complex problem solving (2b21), and creative thinking (4A2b2). For non-cognitive skill, I
average the importance of the following skills: social perceptiveness (2B1a), coordination
(2B1b), persuasion (2B1c), negotiation (2B1d), service orientation (2B1f), assisting and caring
for others (4A4a5), coordinating activities (4A4b1), developing teams (4A4b2), interpreting
others (4A4al), and communication inside and outside organizations (4A4a2, 4A4a3). These
represent occupation-year-level cognitive and non-cognitive content.

For individual-level analyses, occupation-year level work contents from O*NET are
merged with NLSY97. An individual’s cognitive and non-cognitive occupational con- tent is
calculated first as the average of the contents of his/her jobs from the age 25 to 34. Then, a
within-birth-year percentile rank of occupational cognitive/non-cognitive content is generated for
all respondents to reflect the relative position of one’s job skill requirement compared with peers.
The within-cohort percentile rank operationalization is also consistent with personal skill,
income, and parental income measures. For NLSY 79 respondents, because O*NET information
is unavailable, occupational content information is extrapolated from NLSY97. Specifically, an
individual’s cognitive/non- cognitive occupational content is constructed as the cognitive/non-

cognitive content of the individual with the same occupation in NLSY97.
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A.2 Match of Occupations across Data Sources

NLSY79 uses 1970 occupation code (OCC1970). NLSY97 uses 2002 occupation code
(OCC2002). O*NET uses multiple versions of Standard Occupational Classifica- tion (SOC).

Analyses of occupational content require cross-walking between NLSY79/97 and
O*NET. First, occupation codes of all O*NET waves are transformed to SOC2010 using
crosswalks provided by O*NET.

For NLSY79, OCC1970 is first cross-walked to OCC2010 (using crosswalking files
supplied by Deming (2017)), and OCC2010 is cross-walked to SOC2010 (using R pack- age
“occupationcross”). For NLSY97, OCC2002 is first cross-walked to OCC2010 using a crosswalk
supplied by the census bureau, and OCC2010 is cross-walked to SOC2010 (using R package
“occupationcross’).

Occupational under- or over-match between data sources in this research is less harmful
than other settings where precise occupational crosswalk is required, because in the eventual
analysis occupation is scaled as continuous variables (cognitive/non- cognitive content), and the

exact occupation variable is not used.

A.3 Descriptives
This section presents the descriptives of control variables, non-cognitive skill mea- sures,
and occupational skill contents. Cognitive skill measure is in percentile rank in its raw form as
acquired from NLSY. Income measures are operationalized as per- centile ranks in the analyses.

Descriptive statistics about cognitive skill and income are omitted as they are percentile ranks.
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NLSY79 NLSY97

Variable N Mean Std. Dev. N Mean Std. Dev.
Race 12686 8984

-Black 2002 16% 2335 26%
-Hispanic 3174 25% 1901 21%
-White 7510 59% 4748 53%

Sex 12686 1.5 0.5 8984 1.5 0.5
Siblings 12668 39 2.6 7406 2.8 24
Residence 12646 6711

-Urban 9970 79% 5227 78%

-Rural 2676 21% 1484 22%

Father alive 8179 0.6 0.49 8750 0.043 0.2
Father years of education 10880 11 3.9 7120 13 3.2
Live with both Parents 10465 0.6 0.49 8984 0.49 0.5
Region 12447 8984

-Northeast 2550 20% 1585 18%
-Northcentral 2934 24% 2050 23%

-South 4568 37% 3359 37%

-West 2395 19% 1990 22%

Table Al: Descriptive Statistics of Control Variables for NLSY79 and NLSY97

The non-cognitive skills are measured with Ten-Item-Personality-Inventory (TIPI). For
each of the five dimensions (conscientiousness, openness, agreeableness, extraver- sion,
neuroticism), two questions are asked. In the analyses these variables are op- erationalized as a
percentile rank. For details about questions wordings and how the variables are used in the

analyses, refer to Appendix B1, Appendix C4, and main text.

NLSY79
Variable N Mean Std. Dev. Min Pctl. 25 Pctl. 75 Max
Conscientiousness 1 6985 6 15 1 6 7 7
Conscientiousness 2 6989 5.5 1.8 1 4 7 7
Openness 1 6942 4.7 1.9 1 3 6 7
Openness 2 6970 5.2 1.6 1 4 7 7
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Agreeableness 1 6849 4.8 1.9 1 3 7 7
Agreeableness 2 6977 5.6 1.6 1 5 7 7
Extroversion 1 6883 5 1.8 1 4 7 7
Extroversion 2 6989 3.8 2.1 1 2 6 7
Neuroticism 1 6991 4.8 1.9 1 3 6 7
Neuroticism 2 6980 5.4 1.6 1 5 7 7
NLSY97
Conscientiousness 1~ 7434 6.1 1.1 1 6 7 7
Conscientiousness 2 7454 53 1.7 1 4 7 7
Openness 1 7404 5.2 1.6 1 4 7 7
Openness 2 7410 5.7 13 1 5 7 7
Agreeableness 1 7195 4.4 1.7 1 3 6 7
Agreeableness 2 7395 5.5 1.3 1 5 7 7
Extroversion 1 7445 4 2 1 3 6 7
Extroversion 2 7363 53 14 1 5 6 7
Neuroticism 1 7457 4.4 1.8 1 3 6 7
Neuroticism 2 7427 5.5 14 1 5 6 7

Table A2: Descriptive Statistics of Non-Cognitive Skills in NLSY79 and NLSY97

Finally, Table A3 reports descriptive statistics of occupational work contents. It reports
the summaries of the detailed items used to build the cognitive and the non-cognitive measure, as
well as the average cognitive and non-cognitive content. The units are occupation-year. Be noted
that in the individual-level analyses the cognitive and non-cognitive contents are further

transformed into within-cohort percentile ranks.

Cognitive Skill Content

Variable N Mean Std. Dev. Min  Pctl. 25 Pctl. 75 Max
reading comprehension 2827 3.6 06 1.7 31 4 5
writing 2827 3.2 066 1.2 2.8 3.8 5
mathematics 2827 2.7 0.68 1 21 31 5
science 2827 21 0.93 1 14 2.6 5
complex problem solving 2827 3.2 054 14 2.9 36 4.8
mathematic skill 2296 31 0.7 11 2.5 3.5 5
creative thinking 2296 33 0.7 11 2.8 3.8 5
Average 2933 3 052 15 2.6 3.4 4.8
Non-Cognitive Skill Content
social perceptiveness 2827 3.2 0.53 1 2.9 3.6 49
coordination 2827 3.2 045 14 3 3.6 4.7
persuasion 2827 2.8 0.55 1 24 3.1 4.7
negotiation 2827 2.7 0.54 1 23 3 4.8
assisting and caring for others 2296 2.9 0.87 1 2.2 33 5
service orientation 2827 3 0.57 1 2.6 34 4.7
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coordinating activities

developing teams

interpreting others
communication inside organizations
communication outside of organizations
Average

2296
2296
2296
2296
2296
2933

3.1

3
33
3.9
33
3.1

0.58
0.61
0.67
0.48
0.75
0.46

11
1
1
14
1
1.2

2.7
25
2.8
3.7
2.8
2.8

35
3.4
3.8
4.3
3.8
3.4

4.9
4.7

4.9

4.4

Table A3: Summary Statistics of Occupational Work Contents from O*NET

2003-2022
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B. METHODOLOGY APPENDIX
B.1 Causal Identification

To begin with, let M* denotes the post-intervention value of M. The first-step of
intervention is to remove primary maintenance through economic means, that is the conditional
inequality of skill by parental income. Take children from poor parents, A = 0, as targets of
intervention, the formal expression of the intervention is P (m*|x,A = 0) = P (m|x,A = 1),
where we equalize the skill level of poor children to be the same as rich children, conditional on
X. I denote Y (M7) as the potential outcome after this conditional intervention where the
distribution of M is intervened to follow those from A = 1 (hence the 1 in subscript)
conditionally, and the post-intervention income of poor children is expressed as E[Y(M7)|A =
0].

The next step of the intervention is to marginally equalize skill levels between children
with different parental income. The intervention takes the next formal form P (m*|A = 0) =
P (m|A = 1). Notice that I use the double asterisk to denote the marginal intervention and use
the single asterisk to denote the conditional intervention. This intervention completely removes
primary maintenance. After the intervention, the expected income of poor children is expressed
as E[Y (M{")]|A = 0].

The two causal quantities are identified with the following assumptions:

Assumption 1. System invariance: Y*(m) = Y(m) for all m.

Assumption 2. SUTVA:Y =Y(M) andY* = Y(M").

Assumption 3. Ignorability : Y(m) L M|A, X andY*(m) L M*|A, X for all m.

Assumption 4. Positivity: 0 <P (m|X = x,R = r) <1 forallm, x, and r.
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E[Y (M)A =0 = ]/E[Y(M;}m =0, M* = m,z]P*(m|z, A = 0)P(z|A = 0)dmdz

= fE:Y’{mHA =0,M" = m,z]P"(m|z, A = 0)P(z|A = 0)dmdz
A2

?jf E[Y*(m)|A = 0,z]P*(m|z, A = 0)P(z|A = 0)dmdz

?ff EY(m)|A=0,z]P*(m|z, A = 0)P(z|A = 0)dmdz

H:/_}f‘/ EY(m)|A=0,2, M = m]P*(m|z, A = 0)P(z|A = 0)dmdzx
A3

= f] EY|A=0,2, M = m|P"(m|z, A = 0)P(z|A = 0)dmdzx

=
b

= EY|A=0,2, M = m]P(m|z, A = a) P(z|A = 0)dmdz

Specification

The same identification result applies for E[Y(M;*|A = 0)], except for the final step
where the intervention would be P*(m|x,A = 0) = P (m|A = a). The identification
essentially shows the causal interpretation of the descripitive decomposition this research
applied.

On the basis of the marginal equalization of M, a further step of the intervention is to
equalize S, the occupational skill content, by family income. Therefore, the in- tervention

contains not only P (m*|A = 0) = P (m|A = 1), but also the intervention on occupations,

P(s™mA = 0) = P(sjm,A 1). The post-intervention expected income of poor children

is expressed as E[Y(M;",S;")|A = 0]10. For the identification of the sequential estimand,

E[Y(M;",S;7)|A = 0], sequential ignorability is required.

Assumption 1%. System invariance: Y*(m,s(m)) = Y(m,s(m)) for all m,s.

10 Note that a more rigorous notation for the potential outcome would be Y (M;*, S;*(M;)) since the value of M
carries over like the conventional causal mediation setting. The notation is suppressed for readability.

120



Assumption 2*. SUTVA:Y =Y(M,S(M)) and Y* = Y(M*,S*M(")).

Assumption 3*. Ignorability of M : Y(m,s) L M|A, X and Y*(m,s) L M*|A, X for all
m,s.

Assumption 4*. Ignorability of S : Y(m,s) L S|M,A, X and Y*(m,s) L S*|M*, A, X for
allm,s.

Assumption 5*. Positivity: 0 <P (m|X = x,R = r)<l1forallm,x,andr; 0 <

P(m|X = x,R = r)<l1forall s,m,x,and .

Here Assumption 3* and Assumption 4* are jointly referred to as sequential ignorability.
Notice that because the value of M always carries over to S and we are uninterested in estimating
cross-world counterfactuals like Y (1,5(0)), the assumptions are less strict than the estimation of
natural direct/indirect effects. With the above assumptions, the sequential decomposition

estimand is estimated as follows:

E[Y(Mg',Sa")|A = 0]

= fffE[Y(M;*,S;*)IA =0,M"=m,S* =s,x]P*(m|~)P*(s|~)P(X|A = 0)dmdsdx

For exposition ease I focus on the identification of

E[lY(M;",S;")|A = 0,M* =m,S" = s,x], as the rest is simply intervention specification.
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ElY(M!*, 5*)A=0,M*"=m,5" = s,z ElY*(m,s)|A=0,M*"=m,5" = s,z

—
A2
H_:_JE_Y (r,8)|A=0,M" =m,z
Ad*
H_:_JE_Y (m,s)|A =0,z
Ad®
éﬁ_Ytna, §)|A =0,z
Al*
= E[Y(m,s)|A=0,M =m,z|
R

ElY(m,s)|A=0,M =m,S = s,z

E{n

?E_YH =0, M=m,5=s,z|
7

The method can be seen as a generalization of “the gap-closing estimand” to the setting
of continuous and multiple mediators Lundberg (2021), and is a new development to the nascent
literature on causal intervention in epidemiology and sociology (VanderWeele and Robinson,
2014; Jackson and VanderWeele, 2018; Jackson, 2018, 2021; Lundberg, 2021; Wei and Xie,

2022).

B.2 Relation between Descriptive, Interventional, and Mediational Decomposition
The decomposition I propose is related to causal interventional and causal mediation
decomposition in critical ways. As a matter of fact, whether to interpret the same result as
descriptive, interventional, or mediational is up to the assumptions that the researcher is willing
to impose. The building block of the decomposition is 6(a, a") =
[ [ E[Y|m, x,a]P(m|x, a")P(x|a)dmdx. Without any additional identification assumption,
0(a,a’) can be used to construct a special type of non-parametric KBO decomposition, where

total inequality between group a and group a' can be de- composed into the “explained” and

122



“unexplained” component by group difference in M controlling X. Here, the term “explained”
and “unexplained” are completely causal-neutral. The decomposition is a useful accounting

exercise that should not be related to the potential consequence of manipulation or intervention.
On the other end of the spectrum, the exact same decomposition has a causal
interpretation as the natural direct/indirect mediation effect decomposition, provided that we are
willing to assume that 1) there is no unobserved confounder between M and Y; 2) there is no
unobserved confounder between A and Y; 3) A does not cause X11; plus the usual positivity and
no-interference assumption. With these assumptions, 6(a,a’) = E [Y(a, M (a’))] =
0™ed(a, a"), where the first equation is an identification result and the second a definition. The
mediation interpretation is what almost all prior analyses that try to investigate intergenerational
mechanism implicitly takes. However, the assumptions 2 and 3 are highly improbable. Possible
common causes of parental and children income are plentiful: grandparents' situation, genetic
endowment, geographic location, etc. Social surveys hardly have a comprehensive collection of
these information since it requires an extensive investigation of respondents' parental
background. The assumption that no ability-income confounder is caused by parental income is
also hard to hold. In fact, most of those confounders are likely results of parental income, like
childhood family condition, school condition, and parental education investment. Therefore, it is
highly questionable to formulate intergenerational transmission as a causal mediation problem,

even if we disregard the conceptual dilemma that family origin is "immutable".

11 There should not be treatment-induced mediator-outcome confounder -- a famous restriction that enables
natural direct/indirect effect decomposition.
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Statistical Estimand Assumption Causal Estimand Decomposition

Non-Parametric KBO Decomposition:

E[Y|a] - E[Y|d'] = .
NA NA 6(a,a)- 6(a,a)+06(aa")- 8('a)
Explained Component Unexplained Component

Interventional Decomposition:

Uy 8(a,a)=
; , < E[Y(M*)|a E[Y|a] - E[¥|d'] =
0(a,a’) = [ [ E[¥|m,x,a]P(m|x,a')P(x|a)dmdx P :l‘gl(m Ea,).lz’)l Bt (a,0) - 09t (g, ) + B (a,a') - 0% (d,a')
) % Interventional Effect Residual Dispa'ri[y
Natural Effect Decomposition:
X . f(a,a) = E[Y(a)] —E[Y(a)] =E[Y|a] —E[Y|a] =
| T A E[¥(a,M(a))] 6™ (a,a)- 8™ (a,a’) + 8™ (a,a') - 8™ (a',a’)
—e M—Y . . .

= 8" (a,a") Indirect Effect Direct Effect

Figure A2: The Relation between Descriptive KBO Decomposition, Interventional
Decomposition, and Natural Direct/Indirect Effect Decomposition

Note: For the interventional decomposition to hold, one also needs to assume SUTVA. For the
causal mediation decomposition to hold, one also needs to assume SUTVA and positivity.

Dashed line means that the temporal order is irrelevant.

As a central ground, to interpret the results of the decomposition as interventional effect,
one only needs to assume no M — Y unmeasured confounder. In other words, the only
assumptions required are those that we need to identify the effect of M on Y. Admittedly, in an
observation setting, it is often hard to control for all potential M — Y confounders. But the
interventional interpretation is still better than the mediational one because it avoids the
conceptual dilemma where we need to consider parental origin as manipulable treatment and the

substantive conundrum where we need to figure out the causes of parental income.
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C. ROBUSTNESS
C.1 Comparability of Cognitive Measure across Cohort
In NLSY79, ASVAB is administered as a pen and paper test (PP), and the AFQT score is
calculated as the sum of raw test scores. In NLSY97, ASVAB is administered as an IRT-based
computer-assisted testing (CAT), and AFQT is calculated as IRT theta score. Though in the
analysis AFQT from both cohorts are further normed to be within-cohort percentile ranks, the
concern of measurement comparability still remains. Fortunately, the validation between PP and
CAT versions of AFQT has been done by earlier researchers and the comparability between the
two measures appears to be astonishingly high (Chapter 17 of Moreno and Segall (1997)).
Data collection happened in 1989-1990. Two thousand ninety male Navy recruits were

randomly assigned to either the PP or the CAT version of ASVAB.

Test Correlation  SE p

Mathematical Knowledge 1.00 015 .975
Arithmetic Reasoning 1.02 021 .287
Word Knowledge 1.02 .017 .370
Paragraph Comprehension 1.11 .082 .145

Table A4: Disattenuated Correlations Between CAT and PP ASVAB Note: Adapted from Table

17-4 in Moreno and Segall (1997), page 173

Table A4 shows the disattenuated correlations between the two implementations of
ASVAB. The correlations are unconstrained so they may exceed 1. From the Table it is clear
that all tests used to construct AFQT are highly correlated (close to 1), and there is no evidence

to reject the hypotheses that the correlations are equal to 1.
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C.2 Comparability of the Non-Cognitive Measure across Cohort

The non-cognitive skill measure is based on TIPI, which was administered in both
NLSY79 and NLSY97. However, in NLSY 79, the question was asked in the year when
respondents were between the age 50 and 57 (respondents were born between 1957 and 1964,
and question was asked in 2014); in NLSY97, the question was asked in the year when the
respondents were between the age 24 and 28 (respondents were born between 1980 and 1984,
question collected in Round 12 in 2008). If there is significant life-course variation of
personality measures, the comparison between NLSY 79 and NLSY97 may be questionable.

However, only some forms of life-course variation would endanger the finding. The main
result is that compared with NLSY79, the correlations between non-cognitive skill and both
parental income and income are higher in NLSY97. To nullify the finding, it needs to be shown
that the skill-income correlation in NLSY97, when skill was measured at a young age, is
overestimated. Earlier studies on the life-course variation of non- cognitive skill suggest
otherwise, which is that skill measurement at young age likely causes underestimation of skill-
income correlation.

First, earlier studies established the observation that the correlation between non-
cognitive skill and permanent income becomes higher as one ages. Soldz and Vaillant (1999)
reported that compared with Big-Five traits measured at around age 22, traits measured at
around age 67 are much more predictive of life income (pp223-224). This effectively suggests
that the difference between skill-income correlations in NLSY79 and NLSY97 might be even
higher than observed, because the correlation in NLSY97 might be underestimated as

measurement happened at a young age.
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Second, earlier studies established that non-cognitive skill is more stable or contains less
measurement error at later ages, and the most stable measurement happens around age 50
(Specht et al., 2011). This means that skill-income correlation observed at a young age is likely
to be attenuated downwards due to higher measurement error, so the correlation in NLSY97 is
underestimated rather than overestimated. The true difference between 97 and 79 should be

larger.

C.3 Comparability of Occupational Content across Data Sources

For respondents in NLSY 79, I collected information about their occupations be- tween
age 25 and 34, and take the average skill content of these occupations as the skill content
measure. These respondents were born between 1957 and 1964, which means that the
occupational information needed are from 1982 to 1997.

In the main analyses, for job content information before 2000, I used information from
job ads as provided by (Atalay et al., 2020). However, despite best effort, the dataset is not
strictly comparable with O*NET. Here I test the robustness of results under alternative choices
of job content information before 2000.

First, I use O*NET 98, the earliest wave of O*NET, to measure the occupational skill
contents of respondents in both NLSY79 and NLSY97. Since O*NET 98 relies on expert
evaluation rather than worker self-report, for the main analyses O*NET 98 is not used due to
concerns about its comparability with longitudinal O*NET after 2003. O*NET 98 can be a more
reliable measure of work contents for the period 1982-1998. Table A5 shows that the association
between parental income and both occupational contents have increased, the association

between cognitive content and income has slightly decreased, and the association between non-
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cognitive content and income has slightly increased. This result is overall consistent with the

main finding.

NLSY79 NLSY97
Parental Income Income Parental Income Income
Cognitive Content 0.24 0.41 0.31 0.40
(0.01) (0.01) (0.01) (0.01)
Non-Cognitive Content 0.18 0.28 0.22 0.29
(0.02) (0.02) (0.02) (0.01)
N 6,064 5,511

Table AS: Correlations between Parental Income/Income and Occupational Skill Content

Measured by O*NET98

Second, I used the average skill content as observed in the multiple waves of O*NET to
measure the skill content before 2000. The result is shown in Table A6. The correlations
between cognitive skill/content and both parental income and own income are notably higher
compared to the correlations between non-cognitive skill/content and these income measures.
This suggests that the cognitive channel is important than the non-cognitive channel for both
cohorts. However, the imbalance between the two channels is shrinking when comparing the
two cohorts. NLSY97 exhibits smaller correlations between cognitive skill and both parental
and own income compared to NLSY79. Conversely, NLSY97 displays larger correlations
between noncognitive skill and both parental and own income compared to NLSY79. A similar
trend is observed for the correlation between income and the non-cognitive content of

occupation. From NLSY79 to NLSY97, the correlation between parental income and non-
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cognitive occupational content more than doubled, and the correlation between non-cognitive

content and income tripled.

NLSY79 NLSY97
Parental Income Income Parental Income Income
Cognitive Content 0.19 0.31 0.25 0.32
(0.01) (0.01) (0.01) (0.01)
Non-Cognitive Content 0.06 0.06 0.14 0.18
(0.02) (0.02) (0.02) (0.01)
N 3,968 4,140

Table A6: Correlations between Parental Income/Income and Occupational Skill Content,

Measured by calibrated APST for NLSY 79, longitudinal O*NET for NLSY97

C.4 Alternative Operationalize of Income and Ability

There are possible alternative specifications of income and ability. This subsection
reports basic results under these alternative specifications. Specifically, I test alternative
measures of income and non-cognitive ability. Cognitive ability and occupational contents are
left out. Cognitive ability in the analysis is the default measure provided by NLSY and is well-
validated, so I do not test the robustness to alternative specification. The measure of
occupational contents is straightforward and there is no clear alternative measure.

Table A7 reports the basic results under income specified as logged income instead of

percentile ranks. The difference with the result under percentile measure is minimal.

NLSY79 NLSY97
ParentalIncome Income Parental Income Income
Cognitive Skill 0.40 0.41 0.35 0.36
(0.01) (0.01) (0.01) (0.01)
Non-Cognitive Skill 0.06 0.14 0.10 0.18
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(0.02) (0.02) (0.02) (0.01)

Cognitive Content 0.19 0.28 0.22 0.31
(0.01) (0.01) (0.01) (0.01)
Non-Cognitive Content 0.06 0.06 0.12 0.17
(0.02) (0.02) (0.02) (0.01)
N 3,968 4,140

Table A7: Correlations between Parental Income/Income and Skills/Occupational Skill Content
(Alternative Income Measure)

Note: Replication of Table 1 but incomes are log incomes instead of percentile ranks.

Table A8 reports the correlations between income and personality measures. To ensure
comparability the personalities are normalized to be within-cohort rank. Results using raw
scores are almost identical and are omitted. There is heterogeneity of the trends of personality
measures income. The correlations between emotional stability (low neuroticism) and both
parental and own income have increased. So is conscientiousness. The correlations between
extroversion and income, on the other hand, have decreased. The correlations between
agreeableness and income changed little. Openness to experience has become much less
predictive of income, whereas it is slightly more correlated with parental income.

As far as the skill-income association is concerned, two types of non-cognitive skills
seem to show diverging trend. The lesson to be drawn is that intergenerational transmission is
becoming more through training children to be stable and responsible workers, rather than

training children to be outgoing or warm workers.

NLSY79 NLSY97
Parental Income Income Parental Income Income
Neuroticism (lack of) 0.03 0.10 0.08 0.12
(0.02) (0.02) (0.01) (0.01)
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Extroversion 0.13 0.16 0.10 0.15

(0.02) (0.02) (0.02) (0.02)
Agreeableness 0.06 0.05 0.05 0.06

(0.02) (0.02) (0.02) (0.02)
Conscientiousness -0.04 0.09 -0.01 0.10

(0.02) (0.02) (0.02) (0.02)
Openness 0.03 0.05 0.04 0.01

(0.02) (0.02) (0.02) (0.02)
N 3,968 4,140

Table A8: Correlations between parental Income/Income and Specific Personality Note:

Replication of Table 1 but with five specific personality measures.

In the main analysis non-cognitive skill is operationalized as the first principal
component as there is no natural way to weigh the importance of the multiple skill measures,
and also because there is a long tradition of using factor analysis in the study of cognitive/non-
cognitive skills. Another potential issue of the operationalization in the main analysis is that the
personality “openness to experience” is dropped as it reflects more cognitive rather than non-
cognitive ability.

To address the concerns, in Table A9, I report the correlations between income and non-
cognitive skill incorporating “openness”, and non-cognitive skill based on raw score. The raw-
score based measure is again normalized as within-cohort percentile rank to be consistent with
the measure of parental and own income. The results are similar between raw-score based and

principle component based measure, and similar whether incorporating “openness” or not.

C.5 Missingness
In the main analyses missing covariates are multiply imputed using the “mice” package

in R. The results are almost identical without imputing missing values.
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There are two places in the analyses where covariates are used, which are the
demonstration of the effect of skill on income, and the decomposition of transmission channel.
Figure A3 show the estimated causal effect of skill on income but without imputing missing

values in covariates. The observed non-linearity still holds using the non-imputed dataset.
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Figure A3: Observed Association and Causal Effect of Personal Skills on Income in NLSY79
and NLSY97

Note: Replication of Figure 5 without imputing missing values in control variables.

132



FIGURES AND TABLES

Cognitive Requirement Non-Cognitive Requirement Both Requirement

0.54 0.5 4 [ 0.5 1
o 04 0.4 [ 0.4
3]
=
17}
i<
(3]
€
2031 0.34 [ 0.3 4
Q
=
w
=)
9o
g 0.24 0.24 | 0.24
=]
Q
O
e}

0.14 0.14 | 0.14

T T T T T T T T T ll T T T T T
1980 1990 2000 2010 2020 1980 1990 2000 2010 2020 1980 1990 2000 2010 2020
Year Year Year
Lowest Lower Lowest Lower Low, Low High, Low
Higher === Highest Higher === Highest Low, High === High, High

Figure 1: Change of Employment Share by Occupational Skill Content in the US

Note: Data from 1980 5 percent samples, 1990 5 percent samples, and 20002019 ACS 1
percent samples, all extracted from the Integrated Public Use Micro-data Series (IPUMS). Skills
are standardized as mean 0 and sd 1. Whether an occupation is in "Lowest”,”Lower”,”Higher”,
or "Highest” categories is determined by the quartiles of skill requirement the occupation is in
among all occupations, and the skill requirement is measured as the average from all O*NET
waves. In the third column, whether an occupation is in "Low” or ”High” in is defined by
whether the occupation’s skill requirement is in the first or second half. The third column
resembles Figure IV in (Deming, 2017) closely. Shaded areas are 95 percent intervals of

predicted values.
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Figure 2: Within-Occupation Change of Skill Content from 2003 to 2019

Note: Data from O*NET and 2003-2019 ACS 1 percent samples. Skills are standardized as
mean 0 and sd 1. Each point represents a year fixed effect from the regression “Skill = Year FE +
Occupation FE” weighted by the number of people in the occupation as from ACS. Values for

year 2003 are set to 0. Lines are linear approximations of the year FEs with year.
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Figure 3: Observed Return to Cognitive and Non-cognitive Skills 2003-2019

Note: Data from O*NET and 2003-2019 ACS 1 percent samples. Skills are standardized as
mean 0 and sd 1. Wage is adjusted for inflation. The lines represent the conditional effect of
skills on wage from the regression “Wage = Year*Skill + Occupation FE” weighted by the

number of people in the occupation as from ACS. Shaded areas are 95 percent confidence bands.
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Figure 5: Observed Association and Causal Effect of Personal Skills on Income in NLSY79 and
NLSY97

Note: Solid lines are observed association between skill and income. Dashed lines are association
between skill and potential income given the skill, also known as the dose-response curve. The
smoothing is done using “loess”. The potential incomes, that is the values on the dashed line, are

predicted using random forest. Skill and income are percentile ranks.

137



79 w— g7

Par - Cog Relationship Par - NonCog Relationship
0.64
0.7 1
0.5
0.64 |
% ®
2 2
g 0.54 (_é) 05
Q o
o =
0.4 4
0.54
0.3
0.4
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

Parental Income Rank Parental Income Rank

Figure 6: Observed Association between Parental Income and Personal Skills in NLSY79 and

NLSY97

Note: The smoothing is done using “loess”. Skill and income are percentile ranks.
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NLSY79 NLSY97
ParentalIncome Income Parental Income Income

Cognitive Skill 0.41 0.43 0.37 0.35
(0.01) (0.01) (0.01) (0.01)
Non-Cognitive Skill 0.06 0.16 0.11 0.18
(0.02) (0.02) (0.02) (0.01)
Cognitive Content 0.06 0.11 0.25 0.32
(0.01) (0.01) (0.01) (0.01)
Non-Cognitive Content 0.06 0.10 0.14 0.18
(0.02) (0.02) (0.02) (0.01)

N 3,968 4,140

Table 1: Correlations between Parental Income/Income and Skills/Occupational Skill Content

Note: Data from NLSY79 and NLSY97. All estimates are survey weighted. Standard errors in

parentheses.
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CHAPTER 3 THE IMPACT OF PARENTAL EDUCATION ON INTERGENERATIONAL

INCOME TRANSMISSION

Abstract
How college education affects social mobility has been extensively investigated. Earlier studies
of intergenerational mobility, however, predominantly concentrate on college graduates as
children, but not on college graduates as parents. Neglecting to consider the family processes
between college graduates and their offspring risks underestimating the overall effects of college
education on mobility. The income association of college-educated parents with their children
can be either higher (the complement hypothesis) or lower (the substitute hypothesis) compared
with non-college-educated parents. I derive and examine the mechanisms underlying this pair of
competing hypotheses, drawing from theoretical perspectives in sociology and economics. The
results from PSID-CDS overwhelmingly support the substitute hypothesis. Parents who
completed college display significantly lower income association with their children. The finding
is robust after potential confounders are adjusted using a novel technique. This pattern is
attributed to two mechanisms. First, children of college-educated parents have lower income
returns to education. Second, college-educated parents have uniformly high educational
expectations and supportive parenting style, irrespective of their income levels. The main
potential mechanism behind the complement hypothesis, the investment efficiency theory, is also
supported, but is insufficient to offset the earlier two mechanisms that produce the observed

substitutivity.
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INTRODUCTION

The rapid technological progress that happened in the second half of the last century
dramatically improved the returns to college and professional education (Goldin and Katz 2008).
Coupled with the expansion of the college student pool, the increasing return to education
created a new “meritocratic class” (Markovitz 2019; Goodhart 2020; Bukodi and Goldthorpe
2021). These meritocrats, who excelled in the educational realm, work in occupations that
require specific training and credentials, so the influence of their family background on their
earnings and career paths is limited (Hout 1988; Torche 2011).

This phenomenon prompted a group of scholars and social observers to hail college
education as "the great equalizer", an honor established by the empirical fact that, compared with
non-college graduates, college graduates have lower income association with their parents. An
alternative interpretation of this fact is that own education and parental income are substitutes,
instead of complements, in income determination. If one is from a rich family, she does not need
to be highly achieved, and if one is highly achieved, she does not need to rely on parents. Robust
as this finding is, whether it is appropriate to interpret this observational pattern causally has
been hotly contested (Zhou 2019; Karlson 2019; Fiel 2020). Should the descriptive difference
reflect a causal effect, expanding college access could contribute to an increase in income
mobility.

These previous studies provide valuable insights into the impact of college on
intergenerational mobility. However, the story of college’s meritocratic force should not be
considered complete unless we fully consider another related, but much less studied, empirical
question, that is compared with non-college graduates, do college-graduated parents have higher

or lower income association with their children? Earlier studies that explore the relation between
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college and mobility mostly concentrate on college graduates as children, but not college
graduates as parents.

The influence of parental education and parental income on children income may be
complementary or substitutive. In other words, income association with children may be higher
or lower for college-educated parents than their non-college-educated counterparts.

If parental education and parental income are complements, the claim of college as
equalizer becomes dubious. While college created an equal arena for children from different
backgrounds to compete in, it paradoxically exacerbated the inequality resulted from the
competition, as college-educated winners are more willing and better able to secure their prize
and transmit it to the next generation (Breen and Goldthorpe 1997).

If parental education and parental income are substitutes, the claim of college as equalizer
becomes reinforced. Indeed, college education will be a “double equalizer”, not only benefiting
the individuals who receive a college education but also extending its positive effects to
subsequent generations. In this scenario, both college-educated children and children of college-
educated parents are expected to experience a reduced adverse impact if their families are
financially disadvantaged. By obtaining a college education, individuals from lower-income
families can potentially break the cycle of intergenerational income inequality. They not only
improve their own prospects but also increase the likelihood of providing better opportunities
and resources for their own children.

Previous literature offers conflicting predictions regarding whether parental income and
parental education act as complements or substitutes in influencing children's income. Whereas
theoretical perspectives from sociology imply substitutivity, those from economics suggest

complementarity. I derive a series of competing hypotheses from these past theories, focusing on
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two types of social processes that may produce the interactional effect between parental income
and education. The first is heterogeneous educational attainment, that is how the influence of
parental income on children achievement differs by parental education. The second is
heterogeneous educational return, which examine the extent to which children's income returns
on education differ based on their parents' educational backgrounds.

Using data from Panel Studies of Income Dynamics and its Children Development
Supplement, the empirical analyses in this study aim at achieving three goals. First, [ examine
descriptively whether college-educated parents display higher or lower income association with
their children, or in other words, whether parental education and parental income are
complements or substitutes. Second, I test whether the descriptive finding is robust to selection
issues. Third, I explore the potential mechanisms that underlie the observed interactional effect
of parental education and income. I pay particular attention to the roles of educational
expectation, parenting style, and educational expenditure in the interactive effects of parental

education and income.

DOES COLLEGE IMPROVE SOCIAL MOBILITY?

The impact of college education on social mobility has been extensively discussed. Hout
(1984 1988) found that the association between parental class and children class is much lower
when the child completes college. This empirical pattern proves to be robust when income
mobility rather than class mobility is measured, and has been corroborated in more recent studies
(Chetty et al. 2017; Torche 2012). The observation of heightened social mobility among college
graduates has led many to believe that higher education is a powerful equalizer. Consequently,

there's a popular notion that expanding college access or increasing the proportion of college
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graduates within a society would increase social mobility and foster greater equality (Treiman,
1970; Pfeffer & Hertel, 2015; Breen, 2010). Scholars have sought to understand why college
graduates experience greater mobility. One hypothesis posited by earlier researchers is that
college-educated individuals often secure high-skilled jobs where credentials and skills hold
greater significance, thereby limiting the influence of parental socioeconomic status (Breen and
Jonsson, 2007; Torche, 2011).

However, this canonical argument has recently been hotly contested. An influential article
highlighted that the apparent heightened mobility among college graduates might not signify a
causal equalizing effect, but rather stem from self-selection (Zhou 2019). College attendants
represent a distinct group within the youth demographic, potentially diverging from non-college
graduates in multiple aspects. Their enrollment in college implies their personal capabilities,
which help them overcome the obstacles linked with coming from a lower socioeconomic status
(SES) background. It is this unobserved ability, rather than attending college itself, that facilitates
their upward mobility. Although the extent of this self-selection remains a subject of debate
(Karlson, 2019; Fiel, 2020), it's widely acknowledged that the issue of selection cannot be
disregarded when assessing the equalizing effect of college education. Furthermore, alternative
theoretical perspectives suggest that college is not a venue for inequality reduction but for
inequality generation. Children from advantaged backgrounds may benefit more from going to
college. They are more accustomed to the educational system and can skillfully utilize their
college experience to develop their cultural and social capital (Armstrong and Hamilton, 2013),
consequently securing themselves higher-status positions in the labor market (Rivera, 2016).
Children from disadvantaged backgrounds, in contrast, often lack the knowledge to effectively

leverage their college degree. Limited returns to college, coupled with the prohibitively high cost
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of college education in the United States, further undermines the notion of college serving as a
great equalizer.

Despite the extensive discussions surrounding the impact of college on social mobility,
these discussions have primarily centered on the scenario where college graduates are viewed as
children rather than as parents. While we now possess significant knowledge regarding how
people’s college education affects their income correlation with their parents, we know
considerably less about how obtaining a college education impacts their income association with
their children. This gap leaves the conversation about the role of college education in mobility
incomplete because it fails to consider the longer-term or cross-generation effects of college on
mobility. One can envision scenarios where college initially promotes equality by boosting social
mobility among graduates, but over time, when these graduates become parents, it may actually
contribute to inequality if social mobility is lower among children of highly educated parents.
Conversely, in the short term, college attendance may have minimal or even negative effects on
mobility due to processes that reproduce inequality within college settings, but in the long run, it
could enhance mobility if the children of college-educated parents experience higher levels of

social mobility.

PARENTAL INCOME AND EDUCATION: OVERLAPPING, ADDITIVE OR
INTERACTIVE EFFECTS?

Does going to college influences one’s income association with future children? This
question can be translated to whether the effects of parental income and parental education are
interactive in determining children income. If parental income and parental education are

complementary, meaning that the effect of parental income increases with parental education,
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then attending college would lead to an increase in income association with children. Conversely,
if parental income and parental education are substitutive, meaning that the effect of income
decreases with education, then attending college would result in a decrease in income association
with children.

To understand why the effects of parental income and education may interact, it’s
essential to first understand their separate effects. It's widely acknowledged that parental
education, income, and social class all correlate with children's achievement. Traditionally,
research on social mobility utilizes one single comprehensive measure of socioeconomic status,
like occupation, education, and income, to calculate the correlation between parental and
children's status measures. This approach operates under the assumption that the effects of
various status measures are overlapping and inseparable. For instance, Hauser (2010) noted that
"occupational socioeconomic status could be seen as roughly equivalent to permanent income in
studies of intergenerational mobility". However, this assumption has faced increasing scrutiny in
recent years (Jaeger, 2007; Bukodi and Goldthorpe, 2013; Mood, 2017), with a growing
understanding that different parental attributes impact children through distinct social
mechanisms.

The influence of parental income on children's income can be understood through two
theoretical perspectives. From an economic standpoint, income transmission is emphasized
through the development of children's human capital, as proposed by Becker (1962). Wealthier
parents have greater financial resources, enabling them to invest more in their children's skill
development, leading to higher academic achievement, subsequent success in the labor market,
and ultimately higher income. In essence, parents engage in a monetized opportunity market

where they purchase human capital for their children. Alternatively, a sociological perspective
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underscores the significance of cultural capital in the intergenerational transmission process.
Children from affluent families often benefit from access to social networks, mentorship
opportunities, and high-status extracurricular activities, which not only enhance academic
performance but also secure pathways to prestigious employment opportunities (Bourdieu and
Passeron, 1990; DiMaggio, 1982; Dimmagio and Mohr 1985; Rivera 2016).

The impact of parental education on children income operates through mechanisms that
partly overlaps but are also distinctive from those of parental income in significant ways.
Parental education's effects can be roughly categorized into two mechanisms: parenting style and
expectations. First, from the perspective of cultural capital, parents with college education often
adopt a parenting style and foster a family environment characterized by "concerted cultivation”
(Lareau, 2011). This style emphasizes the development of non-cognitive skills such as
leadership, coordination, and cultural and personality traits associated with the upper class, traits
that the school system tends to value and reward (Bourdieu, 1977; DiMaggio, 1982; Lareau,
2002). These signals of elite status not only contribute to educational achievement but also exert
a direct influence on labor market outcomes, particularly in the attainment of high-end jobs
(Rivera, 2016). Second, parental education influences mechanisms such as motivation,
expectations, and aspirations. Out of fear of status loss, parents with higher levels of education
typically hold high educational expectations for their children, irrespective of their children's
circumstances (Breen and Goldthorpe 1997; Breen and Yaish, 2006). Parental prioritization of
children education nurtures their children's ambitions for accomplishment. This dynamic
between parental expectations and children's aspirations serves as an important channel driving
academic and career success. Dating back to the status attainment model, research by Rosen

(1956), Sewell et al. (1970), and Sewell and Hauser (1975) underscore the pivotal roles of
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expectation and aspiration in shaping children's trajectories. More recently, Davis-Kean (2005)
illuminates how these psychological factors play a crucial role in determining children's
outcomes, emphasizing the critical mediating role of parental expectations on intergenerational
status transmission.

Though the distinct mechanisms through which parental education and income impact
children's success have been documented in great detail, our understanding of whether these
effects interact remains limited. Interactions between parental class and income have been
discussed, driven by the some-time disparate findings from class mobility and income mobility.
Blanden et al. (2013) and Breen et al. (2016) have proposed theoretical frameworks and
decomposition methods for jointly analyzing the effects of parental class and income. Similarly,
using administrative data, Mood (2017) analyzed how the income effect differs by parental class.
In terms of the effects of parental income and parental education, numerous studies have
examined the effects of them simultaneously and contrasted them with each other (Haveman and
Wolff, 1995; Davis-Kean, 2005; Bukodi and Goldthorpe, 2013; Chevalier et al., 2013). However,
these studies have provided scant information about the potential interaction between income and
education. The research most closely aligned with our paper is that of Connolly et al. (2022),
which utilizes Canadian data to explore how parental education moderates intergenerational
income mobility. However, this study did not delve into the potential mechanisms underlying this
moderation.

It is becoming increasingly urgent for us to understand the interaction between parental
income and education, as the two parental features are becoming increasingly aligned (Reardon
2011). It is well-known that the process of skill-biased technological change has increased the

payoft to college, hence strengthening the association between income and college education
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(Goldin and Katz 2009). Little attention has been paid to the intergenerational consequence of
this transformation. The increasing convergence between education and income means that more
resources are being concentrated within “doubly advantaged” households. Compared with
previous times, rich parents are more likely to be highly educated, and highly educated parents
are more likely to be rich. If the effects of parental education and income are substitutes, then
status crystallization has a limited impact on exacerbating inequality, because having money
makes education less relevant, and having a college degree makes money less relevant.
Conversely, if parental education and income have additive or complementary effects, it suggests
that skill-biased technological change has the unintended consequence of worsening
intergenerational inequality. This is because children from high-income, high-education families
may benefit from a "double advantage," or even a "reinforced advantage," as the effects of

parental income and education amplify each other.

RESEARCH HYPOTHESES: COMPLEMENTARITY OR SUBSTITUTIVITY?

The preceding sections have discussed the motivations for investigating the potential
interactive effects of parental education and income on children income. This section outlines the
theoretical framework underpinning this research. Building upon this framework, I formulate
competing hypotheses regarding the potential interactive effects of parental education and
income and the mechanisms underlying this interaction.

Figure 1 illustrates the theoretical framework of a two-generation status transmission.
Following the conventions of social stratification research, children's education, particularly
college attainment, is incorporated as a crucial mediator in intergenerational income transmission

(Blau and Duncan, 1967; Breen, 2010). The causal chain unfolds as follows: parental college
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attainment influences parental income, which in turn impacts children's college attainment,
ultimately influencing their income. The upper panel of Figure 1 depicts the core hypotheses of
this article, with the dashed line symbolizing moderation. The primary competing hypotheses

concerning the interaction between parental education and income are expressed as follows:

Hla Substitutivity: For parents who completed higher-education, their income
association with children is lower compared with non-college-graduated parents.
H2a Complementarity: For parents who completed higher-education, their income

association with children is higher compared with non-college-graduated parents.

[Figure 1 about here.]

Why might there be an interaction between parental education effect and parental income
effect? From the perspective of the canonical origin-education-destination (OED) framework,
income transmission can be separated into two processes, college attainment, that is the effect of
parental income on children college completion, and college return, that is the effect of children
college completion on children income. We formulate the hypothetical mechanisms through
which parental education moderates income mobility by examining how it moderates college
attainment and college return. The subsidiary hypotheses that support substitutivity will be
labelled as H1, and the hypotheses that support complementarity will be labelled as H2.

First, regarding how parental education moderates college return, children from various
parental backgrounds may experience differing economic returns from college education. The

question of which children benefit most from college is a subject of long debate. From a rational-
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choice perspective, assuming perfect information and certainty, those most likely to pursue
college are those who stand to gain the most from it (Willis and Rosen, 1979; Heckman et al.,
2006). Given that children from advantaged backgrounds are disproportionately represented in
college, the economics perspective suggests that children whose parents have higher levels of
education enjoy greater benefits from college. This implies that parental education and children's
education are complementary in determining children's income, supporting H2a, the
complementarity hypothesis. Conversely, an alternative theoretical perspective posits that it is
the most disadvantaged children who benefits the most from college. This is because those from
disadvantaged backgrounds face significant adversity in the labor market without a college
degree. Whereas children from affluent families are protected by the family safe net which can
mitigate the impact of educational setbacks (Brand and Xie, 2010). This perspective suggests that
parental education and children's education are substitutes, providing support for Hla. These

competing hypotheses are expressed as Hlb and H2b.

HIb: For children with parents who completed higher education, their return to
education is lower than those with non-college-educated parents.
H2b: For children with parents who completed higher education, their return to

education is higher than those with non-college-educated parents*?.

Next, we turn to how parental education may moderate college attainment. The process of
differential college attainment can be further separated two different mechanisms. As previously

discussed, parental education influences children's achievement through two crucial channels:

12 The relation between descriptive difference and causal effect is discussed later.
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parenting style and educational expectations. Given that parental education positively influences
these two mediators, it follows a similar logic that parental education may also weaken the link
between parental income and these mediators. While income may contribute to fostering a
conducive home environment for children's academic development, it's conceivable that these
influences can be substituted by parental educational attainment. Similarly, parental college
attainment may also attenuate the link between parental income and educational expectations.
When parents have attained a college education, it's culturally anticipated that their children will
also pursue higher education, regardless of the family's financial resources. These mechanisms
imply that parental education and parental income are substitutes in determining parenting style
and educational expectation for children. Therefore, this hypothesis is in support of the

substitutivity hypothesis, Hla. These hypotheses are expressed as Hlc.

Hlc: For parents who completed higher education, the association between their income
and parenting style, and the association between their income and educational expectation, are

lower.

Parental education may moderate children's college attainment through an alternative
mechanism. Recent literature suggests that parental human capital and parental income may act
as complements in developing children's human capital, and consequently, their income (Becker
et al., 2018; Durlauf and Seshadri, 2018). The rationale behind this is that the effectiveness of
parental investment increases with parental human capital. In other words, given a fixed budget,
highly educated parents are better equipped to make informed decisions about how to allocate

resources towards their children's education. This implies that parental education and educational
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investment in children are complementary factors in determining children's education: for
parents with a college degree, the relationship between educational investment and children's
achievement is stronger. If this hypothesis holds true, it would support H2a, the complementarity

hypothesis. This hypothesis is expressed as follows.

H2c: For parents who completed higher education, the association between their

educational expenditure and children’s college attainment is higher.

To summarize, the core competing hypotheses of this research revolve around whether
the effects of parental education and parental income are complementary (H2a) or substitutive
(HIa). Another way to express these hypotheses is whether parental education positively or
negatively moderates income mobility. To explore the potential mechanisms underlying this
moderation, we focus on how parental education may moderate college return and college
attainment. Regarding college return, if children of college-educated parents benefit more from
college (H2b), then H2a is supported; conversely, if children of college-educated parents benefit
less from college (H1b), then Hla is supported. In terms of college attainment, H1c¢ suggests that
parental education decreases the association between parental income and parenting style/college
expectations, thereby supporting Hla. On the other hand, H2c¢ posits that parental education
increases the association between educational investment and children's college attainment, thus

supporting H2a.
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DATA

Here, this study makes use of the Panel Study of Income Dynamics (PSID), along with its
Child Development Supplement (CDS). The PSID is a nationally representative survey that has
been tracking over 5,000 families in the United States since 1968. Beginning in 1997, an
additional data collection effort started that focused on children aged 0-12 within the sample,
known as CDS-I. Subsequent follow-up interviews were conducted in 2002 and 2007 with the
same group of children, referred to as CDS-II and CDS-III, respectively. This research leverages
data from both the PSID main survey and CDS I-III. The unique strengths of PSID-CDS dataset
are manifold. First, it offers a wealth of child-related information, encompassing educational
expectations, expenditures, and parenting styles. Second, by administering questionnaires to all
family members, including parents and children, the dataset provides a comprehensive array of
parental background characteristics. Controlling for these parental features is essential for the
causal analysis conducted in this study. Third, PSID features a rare multigenerational structure,
offering detailed information spanning across multiple generations. This enables the undertaking
of a straightforward three-generational descriptive analysis, which assesses how college
education influences both the income association with parents and the income association with
children.

The key independent and dependent variables are as follows. Both parental and children
income are the average family income between ages 25-35, inflation-adjusted to 2020 US
dollars. In analyses they are both operationalized as percentile ranks. We use father’s college
status as a measure of parental education. Father college and college refer to an approximation of

college completion, that is 16 years of schooling or above. College expectation is the answer to
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the question “How much schooling do you expect that child will complete?”, with “graduate
from 4-year college” as 1 and others as 0. Expenditure is the sum of three child-specific annual
expenditure items, tuition, tutoring, and school supplies, consistent with the educational
expenditure measure use by earlier scholars (Hao and Yeung 2015). Parenting style is measured
by the age-standardized Home Observation for Measurement of the Environment-Short Form
(HOME-SF) scale. HOME-SF is a measure of family environment that incorporate more than 50
items from primary-giver report and interviewer observation'3, HOME-SF can be roughly split
into two categories: cognitive stimulation and emotional support. Originally proposed in
Caldwell and Bradley (1984), HOME-SF is a very popular measure of parenting style and home
environment used by sociologists (for a review of studies using HOME-SF, see Mott 2004).
Expectation is asked in CDS I-III, expenditure in CDS I-1I, and parenting style in CDS I. When
the variables are measured in multiple waves, I take the average.

For the causal analysis, a series of confounders that predate parents’ educational
attainments are also used in the analyses. The confounders adjusted include race, youth health
conditions, youth psychological condition, region of residence, type of residence, family
economic status during childhood, cohabitation with parents. Missing values in control variables
were imputed using the R package “mice”. Specifically, a missing covariate was imputed using a
model with all other control variables as predictors. Continuous, binary, and categorical variables
were imputed using, respectively, predictive mean matching, logistic regression imputation, and
polytomous regression imputation.

Two samples are used in the analyses. The first is a three-generation sample with known

educational and income for all three generations. This sample serves a simple data description

13 See https://www.nlsinfo.org/content/cohorts/nlsy79-children/other-documentation/codebook-
supplement/appendix-home-sf-scales for a summary of items included in HOME-SF.
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that shows whether the income associations between the middle generation and the older
generation, and between the middle generation and the younger generation, differ by the
education of the middle generation. This analysis provides an intuitive picture for the possible
cross-generation equalizing spillover of education. The linking is completed across generations
using the PSID Family Identification Mapping System 3-generation prospective linkage file.
There are a total of 2,730 three-generation families with available income and education
information in the dataset.

The overall PSID sample, however, does not have the rich child-relevant information we
need for understanding the mechanisms. Thus, for the main analyses, we restrict our sample to
two-generation data from PSID-CDS. As mentioned above, these include children aged 0-12 in
1997 and their parents. After removing missing values in parental income, children income, and
father education, there remain 2,360 father-child pairs in the dataset. After further removing
missing values in parenting style, educational expectation, and educational expenditure, 981
father-child pairs remain for analysis. Due to the relatively limited sample size, pair-wise
deletion is employed in our analyses, except for control variables where missing values being

imputed. Descriptive statistics of these variables are reported in Table 1.

[Table 1 about here.]

DESCRIPTIVE RESULTS
As an intuitive demonstration of the potential cross-generation equalizing effect of
college education, I leverage the multigenerational nature of the PSID dataset and conduct a

straightforward three-generation descriptive analysis. The results of this analysis are presented in
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Table 2. Consistent with numerous earlier findings, individuals who complete college exhibit
lower income associations with their parents. Furthermore, when this middle-generation cohort
becomes parents themselves, another notable pattern emerges: their income associations with
their own children are also lower. This observation suggests a higher rate of mobility among
children with college-educated parents. Taken together, these findings indicate that parental

education and income are substitutes, aligning with the hypothesis H1a.

[Table 2 about here.]

The three-generation data unfortunately lacks sufficient child information as well as
background information of parents, which are essential for our causal and mechanism analyses.
In the main analyses we stick to the PSID-CDS sample. Table 3 reports results that provide tests
for Hypotheses 1a, 1b, 2a, and 2b using the main sample. Column 1 shows that compared with
non-college-educated parents, the income association of college-educated parents with their
children is about 32 percent lower (0.15/0.47). Hla is supported and college education and
income seem to be strong substitutes in determining children income. The second column shows
heterogeneous returns to college education by father education. This shows that, descriptively,
the income returns to college for those whose parents go to college is only two thirds that of
those whose parents have not finished college. This supports H1b, and heterogeneous college

return could be a mechanism that explains substitutivity.

[Table 3 about here.]
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Table 4 presents the tests for Hypotheses 1c¢ and 2¢, which investigate the roles of
expectation, parenting style, and expenditure in the interactive effect of parental education and
income on children's income. The first two columns indicate that paternal college attendance
weakens the association between income and both expectation and supportive and stimulative
parenting. Specifically, among college-educated fathers, the association between income and
expecting children to complete college is reduced by over 50 percent (0.15/0.29). For fathers
without a college degree, a one percentile increase in income correlates with approximately a 3
percentage point rise in the expectation of their children completing college. This value
decreases to about 1.5 percentage points among fathers who have completed college. A similar
pattern is observed in the association between parenting style and parental income. In families
where fathers have attained a college education, the relationship between parental income and
parenting style is approximately 60 percent (0.83/1.4) weaker compared to families with fathers
who have not completed college. Hlc is therefore supported. The substitutive effects of
education and income on educational expectation and parenting style are strong explanations for
the substitutivity of education and income in determining children income.

The rightmost column of Table 4 examines Hypothesis 2c, the investment efficiency
hypothesis. The results suggest that educational expenditure is more effective when the father is
college-educated. Among fathers without a college degree, a one percent increase in educational
expenditure is associated with a 2 percentage point increase in the probability of children
finishing college. When the father is college-educated, this effect substantially increases to
approximately 6 percentage points, nearly tripled. This finding provide support for Hypothesis 4,
indicating that parental education and expenditure on children are indeed complementary factors

influencing children's achievement. However, despite the support for H2c, the overall trend leans
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towards substitutivity rather than complementarity due to more pronounced mechanisms in the

opposite direction.

[Table 4 about here.]

ADDRESSING SELECTION: ANEW ESTIMAND

Apart from simple descriptive analyses of associations of key variables, this study
identifies and estimates a novel estimand that adjusts for confounding in the observational effect
moderation between parental education and income. Such a procedure to address selection issues
1s necessary as a descriptive pattern does not necessarily warrant causal interpretation. Given that
college graduated parents are a selected group of the population, they may be distinct in ways
that would impact income transmission. For instance, Asian Americans, who are overrepresented
in college, also happen to exhibit higher intergenerational mobility (Liu and Xie 2016).
Therefore, the fact that college graduates have lower income association with parents could
simply be that Asian Americans constitute a larger proportion of college graduates than non-
college graduates.

Two existing causal approaches are possible to evaluate the interactive effect of parental
income and education on children income in this setup. First, we can estimate the conditional
average treatment effect (CATE) of parental income on children income by parental education
group. Second, we can estimate the controlled direct effect (CDE) of parental education on
children income, controlling for parental income. Though both estimands reflect how the effects
of parental education and parental income depend on each other, they do not directly target our

research goal, that is the causal effect of parental education on parent-child income association.
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In other words, we are interested in the treatment effect on the association of two outcome,
henceforth referred to as TEA.

Let D denotes parental college completion, X parental income, and Y children income.
Let Z denotes the confounders behind the interaction of parental education and parental income.
Let X(1) and Y (1) denotes the potential parental income and children income if parents have
completed college, that is D = 1. Similarly, X(0) and Y (0) are the potential parental and
children income if parents have not completed college. Notice that these potential outcomes are
unobserved counterfactuals and can only be estimated from data with identifying assumptions.

First, we define the observed income mobility. Let § denotes observed income

persistence (or immobility), B|; observed income persistence among college-graduated parents,

and |, observed income persistence among non-college-graduated parents.

_cov(X,Y) cov(X,Y|D =1) cov(X,Y|D = 0)

 var(X) ' L= varXID=1) * "1°7 wvar(X|D = 0)

To evaluate whether the results are robust to confounding, we focus on the following

counterfactual estimand:

_cov(X(1),Y(1))
e var(X(l))
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This estimand is the counterfactual income mobility we would observe if all parents
completed college. Similarly, we can define the counterfactual where no parent completed

college, that is:

_ cov(X(0),Y(0))
Bl var(X(O))

*0

The difference between the two represents a causal effect of D on the association between

XandY:

TEA = B.1 — Buo

TEA, however, evaluates the difference in results between two hypothetical interventions,
one setting all people, and the other setting zero people, to receive the treatment. Given that
those are extreme scenarios, TEA may not be the most theoretically- or policy-relevant quantities
in a lot of research settings. Some other quantities may be more informative given our research

purpose. First, we can define treatment effect among the treated and the untreated. Let us define

__cov(X(1),Y(1)|D=0)

cov(X(0),Y(0)|D=1)
Bajo = var(X(1)|D=0)

var(X(0)|D=1))

, which are the counterfactual associations

and B.o)1 =
if those D = 1 or D = 0 receive the opposite treatment. For instance, f,1)o is the income

mobility among parents with a college degree had they not completed college. Obviously,

B.1j1 = Bj1> and B0 = Pjo- Then, treatment effect among the treated and the untreated are

defined as follows:
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TEAT = Buyj1 — Brojt = Bj1 — Beopn

TEAUT = B.1j0 — Beojo = Br1jo — Bo

An additional quantity that may be of interest is how the intervention of giving everyone
treatment would change income mobility compared with the status quo. I refer to this as

realizable TEA, or RTEA.

RTEA = B,, — B

Since f,s are unobserved values, we can only identify them with assumptions. Following

conventions in causal inference using observational data, we impose three identification

assumptions: ignorability, SUTVA, and positivity.

Assumption 1 Ignorability: X(d),Y(d) L D|Z ford = 1and d = 0.

Assumption 2 SUTVA: X(d) = X and Y(d) =Y for respondents whose D = d.

Assumption 3 Positivity: 0 < p(D = d|Z) < 1 ford =1 and d = 0 and the support of Z.

Here, Assumption 1 states that there is no unobserved confounder between the causal

relation of D and X, and the causal relation between D and Y. That is, Z incorporated all common

causes of parental education and parental income, and parental income and children income. This

assumption would be violated in the presence of unobserved confounders. Notice the critical
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difference between TEA and causal mediation is that we do not assume sequential ignorability.
That is, we are completely agnostic to the causal structure between X and Y. Assumption 2 is
also oftentimes understood as system invariance or no spillover. It states that the counterfactual
outcome given a treatment value equals the observed outcome among those with this treatment
value. This assumption would be violated if the hypothetical intervention, i.e., all parents or no
parent completed college, fundamentally changed the effect of education on income such that we
cannot infer post-intervention income based on observed incomes of the population. Assumption
3 states that for all respondents and all possible treatment values, the probability of receiving this
treatment values are strictly non-zero. It means that no population subgroup is bound to complete
or not complete college.

Causal interventional effects normally have two interpretations, a global interpretation,
and a local interpretation (Lundberg 2022). In our case, the global interpretation of TEA would
be the difference in income persistence between two dramatic hypothetical interventions, one
sending all parents to college and the other removing all parents from college. In this article we
stick to the local interpretation, which is a lot less ambitious. The local interpretation of TEA is
the difference in income persistence between two hypothetical interventions on a small random
sample of the population of parents, one sending this sample to college, and the other removing
all sample from college.

The choice of the local interpretation has two advantages. First, the hypothetical sample
is small in contrast to the full population, so it is safe to assume that this mild intervention would
not violate system invariance. Second, when using income percentile ranks as measures of
income, the limited size of the sample ensures that any alterations in ranks within it have a

negligible effect on the overall population rankings.
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With these assumptions, 3, Bjo and TEA can be non-parametrically identified. In this
section we focus on the identification and estimation of counterfactual covariances. The
counterfactual variances, var(X (d)) and var(Y(d)), can be identified and estimated using
similar techniques to that on covariance. The details are skipped, and similar methods can be
found in Chapter 1 of the dissertation.

Take cov(X (D), Y(l)) for example, its identification result is as follows (proof in

Appendix):

cov(X(1),Y(D) = [ cov(X,Y|D = 1,2)p(2)dZ + cov(E[X|D = 1,Z],E[Y|D = 1,Z])

By contrasting it with the observed mobility among college parents, we can have a more

intuitive understanding about the source of confounding:

cov(X,Y|D =1) = [ cov(X,Y|D = 1,2)p(z|D = 1)dZ + cov(E[X|D = 1,Z],E[Y|D

=1,Z]|D = 1)

We focus on the difference in the first term. The difference between the two quantities is
how the conditional income covariance, cov(X,Y|D = 1, z), is aggregated based on background
characteristics Z. While observed mobility among college-graduated parents, naturally, reweighs
the conditional covariance with the characteristics among college graduates, p(z|D = 1), the
counterfactual quantity reweighs with the background distribution of the general population

p(z). This observation provides an intuitive understanding about why (ﬁ|*1 - B|1) reflects
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confounding or self-selection: the difference between the two results from the difference between
the background characteristics between college graduates and the general population.

Next, we discuss how to estimate the quantity, still taking cov(X (1), Y(l)) as an
example. Notice from the identification result that cov(X (1), Y(l)) contains two terms, and I
will discuss the estimation of them separately. For the first term, given the definition of
covariance, it can be expressed as [ cov(X,Y|D = 1,2)p(2)dZ = [ (E[XY|D = 1,z] —

E[X|P = 1,z]E[Y|P = 1, z])p(z)dZ . This expression suggests a regression-based imputation
estimator and a weighting estimator.

We first discuss the regression imputation estimator. First, we estimate three conditional
expectation functions, using OLS or flexible machine learning estimators. For the three
functions, the outcomes are X * Y, X, and Y respectively, and the predictors are D and the
covariates Z. Second, we set parental education, D, of all respondents to be 1, and get the
predicted values of XY, X, and Y using the three functions estimated in the first step. Denote the
predicted values for individual i as £,(XY) = E[XY|D = 1,z], ©,(X) = E[X|D = 1,z], and
£,(Y) = E[Y|D = 1,z] respectively. Third, an estimator for the first term of cov(X(1), Y(l)) is

calculated as Y, w

Now we look at the second term in the identification result of cov(X (1), Y(1)), that is
cov(E[X|D = 1,Z],E[Y|D = 1,Z]). Notice that this can be conveniently estimated with the
sample covariance of two conditional expectations cov(7,(X),T,(Y)). Therefore, we can write

the full expression of the regression-imputation estimator of the counterfactual covariance as:

oV (X(1),Y(1)) = =X, H(XY) = X)E(Y) + cov(F,(X), F,(V))
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A weighting estimator can also be calculated from the identification result of
cov(F(l), Y(l)). Still, start from the first term of the result [ cov(X,Y|D = 1,2z)p(2)dZ =
[ (E[XY|D =1,z] — E[X|D = 1,z]E[Y|D = 1,z])p(2)dZ. Note that, for the first term of the
identification result, if the conditional functions can be aggregated by p(z|P = 1) rather than

p(z), we can estimate it with simple sample averages among those P = 1. Therefore, we

reweigh the samples whose P = 1 with % . After applying the Bayes rule, % =

%. This result implies the following weighting estimator. First, we run a propensity
score model, using logistic regressions or other estimators used for binary outcomes, with D as

the outcome and Z the predictors. Second, for all respondents whose D = 1, we calculate the

. p(D=1)
welght ﬁ(D:—llzl)

where p(D = 1) is simply the proportion of parents who complete college in
the sample, and p(D = 1|z;) is the propensity score of completing college for parent i, predicted
using the model in the first step. We estimate the second term of the counterfactual covariance

using the same way as in the regression-imputation estimator. Therefore, the weighting estimator

for the counterfactual covariance can be expressed as:

X;YI(Dij=1) 1@on XiI(Di=1) 1qn Y;I(D;=1)

i —lyn XVIDi=) 1yn XilDiZl) 1yn Yid@i=D)
COUW(F(l); Y(l)) - n i=1 ﬁ(D — 1|Zi) n =1 ﬁ(D — 1|Zi)Tl i=1 ﬁ(D — 1|Zi) +

cov(T,(X), 7,(Y))

In the results section, I report estimates from regression-imputation estimators with OLS

as the conditional expectation function. All standard errors are bootstrapped.
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The approach outlined here is related to, but also distinct from, several earlier literatures
on causal inference. First, within the parametric framework, some previous studies have
developed covariance regression models to examine how an independent variable influences the
covariance of two outcomes (Hoff and Niu, 2012; Bloome and Schrage, 2021). In contrast, this
article offers non-parametric identification results and more generalized estimation procedures
that are not confined to a specific type of parametric model. Second, our proposed treatment
effect on the association (TEA) concept shares similarities with the gap-closing estimand (GCE),
which focuses on how a causal intervention on one variable affects the association between two
other variables (VanderWeele and Robinson 2014; Jackson and VanderWeele 2018; Lundberg,
2022). The difference between the two is that while TEA focuses on the treatment effect on the
association between two outcomes, GCE studies the treatment effect on the association between
one outcome and one pre-treatment covariate. Third, our statistical objective shares common
ground with that of causal mediation or, more specifically, controlled direct effect (Pearl, 2001;
Robins, 2003). While causal mediation analyzes the relationships between a treatment, a
mediator, and an outcome, the analyses in this article examine a treatment variable and two
outcomes. Importantly, we remain agnostic to the causal relation between parental and children's
income. Instead, our focus is on how parental education causally impacts the association between

the two incomes.

CAUSAL ANALYSES
Next, [ present results of the causal analysis. In the earlier descriptive analyses, I show
evidence supporting H1a, the substitutivity hypothesis. It is possible that it is not college

education per se that reduces intergenerational income association, but some other attributes of
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college-educated parents that are also linked to their college completion. Here, we test whether
the finding of substitutivity is robust to confounders.

Table 5 reports the observed and counterfactual income associations by father educational
background, as well as causal quantities of interest. Descriptive, income mobility is 32 percent
((0.47-0.32)/0.47) higher for children with college-educated father compared with those with
non-college-educated father. The causal quantities are reported in the lower panel of Table 5. It is
estimated that, for fathers who completed college, their income association with children would
rise from 0.32 to 0.44 had they not completed college. In other words, TEAT equals -0.13 (0.32-
0.44 with rounding). Similarly, TEAUT is -0.03. This means that, for the fathers who did not
complete college, had they graduated from college, their children would have higher income
mobility, as the income association drops from 0.43 to 0.47. Therefore, though the mobility-
enhancing effect is not as large as among college-graduated fathers, they can also potentially
benefit from completing college. These results mean that completing college indeed causes
income association with children to decrease, both for those who completed college and for those
who did not. RTEA is the most policy-relevant measure as it expresses the expected mobility
increase if all parents completed college. The result shows that observed income association in
the society would be expected to decrease by 0.12, approximately 24 percent lower, if all parents

completed college.

[Table 5 about here.]

Figure 2 provides a visual representation of the mobility disparity between parents who

completed college and the general population. It illustrates that income mobility is higher among
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fathers who completed college because the negative impact of low income on children is
mitigated for college-educated fathers. For instance, in the general population, if parents belong
to the lowest income quintile, the expected income percentile for their children is approximately
0.3. However, for children of college-educated parents from the lowest income quintile, the
expected income percentile is closer to 0.4. Economic upward mobility is considerably more
common for children of college-educated but financially disadvantaged parents. Therefore, the
observed high mobility among children of college-educated parents does not stem from children
of high-income parents being more likely to move downward; instead, it arises from children of
low-income parents being more likely to move upward.

Comparing the income mobility among college-educated parents with the counterfactual
mobility if all parents completed college, we observe a general alignment between the two
patterns. This suggests that the role of confounding is limited, indicating that the observed
mobility trends among college-educated parents are likely attributable to college completion. The
only difference is for parents in the lowest-income quintile: the expected income of children of
parents from the lowest income quintile does not change significantly, even if all parents were to
attend college. This implies that expanding college access may not offer substantial benefits for
children of the most disadvantaged parents, although it could positively impact most other
children in relatively disadvantaged positions. The high upward mobility observed among
children of college-educated parents from the lowest income quintile may be influenced by
confounding factors associated with these parents, rather than solely due to the college

completion of parents.

[Figure 2 about here.]
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In the descriptive analyses, we find evidence in support of Hlc. Similar to the case of
H1a, these observations should not be interpreted causally without further investigation. It is
plausible that the reduction in the association between income and the expectation of children
completing college may not solely be attributed to attending college itself. Other attributes
associated with parental college completion, such as grandparental SES, could also weaken the
association between income and expectation on children. We can also conduct the same causal
exercise we did to Hla on how parental college and income interact to affect educational
expectation and parenting style (H1c), and how parental college completion and educational
expenditure interacts to affect children’s college completion (H2c).

Table 6 shows the treatment effects of father completion on covariances between parental
income and expectation, parental income and parenting style, and expenditure and college
completion. The results after adjusting for confounding generally agree with the observational
pattern as reported in Table 4. For instance, consider the association between educational
expectation and parental income. Descriptively, this association is 0.016 lower for fathers with a
college degree. Causally, estimates suggest that without college completion, the association
between income and educational expectation would be 0.022 higher. If all parents completed
college, we'd expect the income-expectation association to be 0.011 lower.

Similarly, the causal interaction between college completion and income on parenting
style, in particularly TEAT, also aligns with observational patterns. However, the interaction of
college and expenditure on children’s college completion becomes statistically insignificant after
adjusting for confounders. These results suggest that Hlc is robust to the influence of

confounders and that the observed interaction is primarily attributed to the moderation effect of
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college completion. H2c, on the other hand, while descriptively supported, appears to be

sensitive to selection issues.

[Table 6 about here.]

CONCLUSION

Most earlier studies on the relation between college education and social mobility focuses
on college graduates as children. The cross-generation effect of college on mobility, or how
going to college affects mobility between college graduates and their children has not received
sufficient attention. In this research, I tested whether parental college education and parental
income are complements or substitutes in determining children income, addressed the selection
issue in this analysis, and explored the mechanisms for the education-income interaction.

The results from PSID-CDS overwhelmingly support the substitute hypothesis. Parents
who completed college display significantly lower income association with their children. The
finding is robust after potential confounders are adjusted using a novel technique. This pattern is
attributed to two mechanisms. First, children of college-educated parents have lower income
returns to education. Second, college-educated parents have uniformly high educational
expectations and also uniformly supportive and stimulative parenting style, irrespective of their
income levels. The main potential mechanism behind the complement hypothesis, the investment
efficiency theory, is also supported, but is insufficient to offset the earlier two mechanisms that
produce the observe substitutivity.

It has been widely recognized that different family background measures, like income,

education, or class, have distinct influences on children through different social mechanisms.
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Few research, however, has investigated how family backgrounds interact to affect children. In
an era when parental SES measures are becoming more aligned (Reardon 2011), it is ever-more
pressing to understand the intergenerational consequence of status crystallization. If parental
backgrounds are complements, then the increasing alignment between income and education
would no doubt exacerbate intergenerational inequality, with resources more concentrated among
families with advantages across different forms of capital. This study, however, discovers that
parental income and education are substitutes rather than complements, which significantly
ameliorates the threat from status crystallization on intergenerational equality. The substitutivity
of SES may explain why intergenerational mobility in the US has remained stable over time
despite increasing levels of status crystallization.

The findings presented in this article prompt us to reconsider the roles of well-known
mediums of intergenerational status maintenance, such as cultural capital, parental expectations,
and parenting style. Traditionally, these factors have been depicted as channels that perpetuate
inequality, serving as pathways through which affluent parents pass on their wealth and
advantages to their offspring. However, this research highlights that these mechanisms are
equally crucial for well-educated parents to offset their economic disadvantage. Through these
channels, children of well-educated but economically disadvantaged parents demonstrate equal
capability in the realms of education and the labor market, comparable to children from affluent
backgrounds.

Methodologically, this research makes a contribution to social stratification studies by
offering a clear definition, identification results, and estimators for an estimand that specifically
targets the treatment effect on the association between outcomes. This methodological approach

holds potential for broader applications beyond the current setup. Frequently, social stratification
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scholars are interested not in the effect of a treatment on an outcome but in its effect on
inequality, often measured by the association between outcomes. While causal mediation
analysis can provide insights into such substantive questions, it typically addresses them
indirectly. By comparison, the approach introduced in this research directly targets the effect on
inequality.

In recent years, the equalizing role of college education has come under serious scrutiny
(Zhou 2019). It is argued that, after accounting for selection, going to college does not reduce
income association with parents. This challenges the conventional policy perspective that
expanding access to college would naturally promote equality of opportunity. Our article
provides a response to that challenge by directing attention to a previously unexplored aspect: the
cross-generational equalizing spillover effect of college education. The findings suggest that
educational policies aimed at boosting the educational attainment of today's youth may not only
influence intergenerational mobility as they enter the labor market in the coming years, but also
contribute to enhancing equality of opportunity in society when they become parents in
subsequent decades. Therefore, while college expansion may not yield immediate equalizing
effects, it holds promise for fostering long-term equality.

From the perspective of parents, this research highlights the "buffer" effect of attending
college on the well-being of their children. Equipped with both cognitive and non-cognitive
skills acquired during their college experience, parents are better positioned to provide a
supportive developmental environment for their children, even in the face of financial
challenges. This buffering benefit holds particular significance for parents who themselves come

from disadvantaged backgrounds. Even if these parents encounter difficulties in the labor market
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due to their own disadvantages, their children are still able to fare nearly as well as the children

of their more successful peers, thus breaking the intergenerational cycle of poverty.
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APPENDICES
A. PROOF OF THE IDENTIFICATION RESULT OF TEA

According to the law of total covariance:

cov(X(1),Y (1)) = E[cov(X(1), Y(1)I2)] + cov(E[X(1)|Z], E[Y (1)|Z])

=A+B
Where:
A= [cov(X(1),Y(D)|2)p(z)dz
= [ cov(X(1),Y(D|z,D = Dp(z)dz  « Ignorability
= [cov(X,Y|z,D = Dp(z)dZ « SUTVA
= [(E[XY|z,D = 1] — E[X|z,D = 1]E[Y|2,D = 1])p(2)dZ
And:

B = cov(E[X|D = 1,Z],E[Y|D = 1,Z])
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Variable N Mean Std. Dev. Min Pctl. 25 Pctl. 75 Max
Key Variables
Parental Income 7746 0.5 0.29 0 0.25 0.75 1
Children Income 2521 0.5 0.29 0 0.25 0.75 |
Father College 10177  0.23 0.42 0 0 0 1
College Expectation 10169 0.38 0.42 0 0 1 1
Parenting Style 3563 0 1 -4 -0.6 0.69 3.5
Logged Educational Expense 1437 6 1.7 -4.6 53 6.5 12
Controls

Race 10187

... White 5395  53%

... Black 4181 41%

... Other 611 6%

Depression in Youth 10187

... Yes 530 5%

... No 9657  95%

Drug Problem in Youth 10187

... Yes 172 2%

... No 10015  98%

Self-Rated Health in Youth 10187 1.7 0.9 1 1 2 5
Psychological Issue in Youth 10187

... Yes 190 2%

... No 9997  98%

Region Growing Up 10187

... Northeast 1220  12%

... North Central 2710 27%

... South 4017  39%

... West 1437  14%

... Alaska, Hawaii 7 0%

... Foreign 796 8%

Residence Growing Up 10187

... Country 814 8%

... Small Town 4939  48%

... Large City 4191  41%

... Other 243 2%

Self-Rated SES in Youth 10187 3.1 1.5 1 1 5 5
Live with Both Parents in Youth 10187

... Yes 6781  67%
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... No 3406  33%

Table 1 Descriptive Statistics of Key Analytic Variables and Control Variables: PSID & CDS I-

III
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G1-G2 Mobility

G2-G3 Mobility

Overall G2 G2 Non- Overall G2 G2 Non-

College  College College  College

Intercept 0.30 0.54 0.30 0.30 0.39 0.30
(0.01) (0.03) (0.01) (0.01) (0.04) (0.01)

Parental Income  0.41 0.30 0.40 0.40 0.32 0.38
(0.02) (0.04) (0.02) (0.02) (0.06) (0.02)

N 2,730 446 2,284 2,730 446 2,284

Table 2 PSID 1968-2019: Intergenerational Income Rank-Rank Correlation for Three

Generations by G2 College Completion Status
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Income Income College

Intercept 0.26 0.41 0.02
(0.01) (0.01) (0.01)
Parental Income 0.47 0.28
(0.02) (0.03)
Father College 0.18 0.17 0.13
(0.04) (0.02) (0.05)
College 0.21
(0.01)
Parental Income * Father College -0.15 0.004
(0.06) (0.07)
College*Father College -0.07
(0.03)
N 2,335 2517 3705

Table 3 OLS Results for the Associations between Income, Parental Income, College, and Father

College (PSID-CDS I-III)
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Expectation  Parenting Style College

Intercept 0.24 -0.74 0.04
(0.01) (0.03) (0.04)
Parental Income 0.29 1.40
(0.02) (0.07)
Father College 0.15 0.94 -0.02
(0.04) (0.13) (0.10)
Parental Income * Father College -0.15 -0.83
(0.05) (0.18)
Expenditure 0.02
(0.01)
Expenditure*Father College 0.04
(0.02)
N 7,726 3,177 1,390

Table 4 OLS Results for the Associations between Expectation, Parenting Style, Expenditure,

Parental Income, College, and Father College (PSID-CDS 1997-2021)
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Condition

College Non-College Total

College 0.32 0.43 0.38
(0.01) (0.03) (0.03)

Counterfactual Non-College 0.44 0.47 0.39
(0.03) (0.02) (0.02)

Observed 0.32 0.47 0.49
(0.01) (0.02) (0.02)

TEAT TEAUT RTEA TEA

-0.13 -0.03 -0.12 -0.01
(0.04) (0.02) (0.01) (0.04)

Table 5 Conditional and Counterfactual Income Mobility and Causal Quantities of Interest
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Observed TEA TEAT TEAUT RTEA

Expectation ~ Father College * -0.016  -0.009 -0.022 0.006 -0.011
Parental Income (0.004)  (0.005) (0.004) (0.002) (0.004)

Parenting Style ~ Father College * Parental  -0.066 0.008 -0.075 0.009 -0.011

Income (0.010) (0.013) (0.011) (0.006) (0.010)
College ~ Father College* 0.059 0.098  0.051 0.009 0.068
Expenditure (0.056) (0.069) (0.067) (0.028) (0.052)

Table 6 Observed Covariance Difference by Father College Completion and Treatment Effects of

Father Completion on Covariances between Parental Income and Expectation, Parental Income

and Parenting Style, and Expenditure and College Completion
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CONCLUSION

Intergenerational mobility has long been a cornerstone topic in sociology, with a tradition
of research spanning at least half a century. This tradition has yielded numerous studies that offer
precise descriptions of reality, shed light on theoretical perspectives, and inform policy
discussions. However, the emergence of the "causal revolution" in recent decades has brought to
light some limitations inherent in the description-centered research paradigm. While policy
implications are often discussed in these studies, they are rarely explicitly modeled within
research articles.

Motivated by this methodological gap, this dissertation introduces and applies novel
causal inference methods for studying social stratification. It contributes to the recent trend in
sociological methodology that focuses on developing causal inference techniques specifically
designed for social stratification research (Lundberg et al., 2021; Lundberg, 2022). Chapter 1
delves into the consequences of social mobility by redefining a classic concept, the mobility
effect, to establish a more clearly and precisely defined causal quantity. Chapter 2 explores the
mechanisms underlying social mobility using a novel causal decomposition technique extended
from the Kitagawa-Blinder-Oaxaca decomposition. This method focuses on the transmission
mechanism, capturing the immobility that would be eliminated if inequality in a mediator were
removed. Chapter 3 investigates the causes of mobility. I examine how parental education may
influence intergenerational mobility by evaluating a new estimand that captures the causal effect
of college attendance on the income association with children.

The methodology proposed in this dissertation extends beyond the study of social
mobility and offers broader contributions to the field of social stratification research. Existing

causal inference techniques primarily focus on assessing the effect of a treatment on individual
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outcomes. However, social stratification research is inherently concerned with understanding the
impact of social changes on inequality, often characterized by associations between variables
rather than singular outcomes. This methodological disparity presents a challenge, as it limits
researchers' ability to derive theoretically and policy-relevant causal insights from their analyses.
The proposals put forth in this dissertation aim to address this challenge by reorienting causal
inference techniques from individual treatment effects to macro-level interventional effects.
Drawing heavily from the concept of "causal intervention" (VanderWeele and Robinson, 2014;
Jackson and VanderWeele, 2018; Lundberg, 2022), I explore methods for evaluating the causes,
consequences, and mechanisms of social stratification—specifically, the associations between
two outcomes.

In addition to their methodological contributions, the papers in this dissertation offer
substantive insights into the study of intergenerational mobility, particularly within the context of
the United States. Chapter 1 reassesses a classic proposal that links increasing social mobility
during industrialization to decreasing fertility rates observed during the second demographic
transition. Contrary to the famous argument, this article finds no evidence supporting the notion
that increasing social mobility leads to higher fertility rates.

Chapter 2 addresses another fundamental issue in mobility research: the mechanisms of
intergenerational status transmission. This chapter explores a mechanism not systematically
evaluated in prior literature: the roles of labor market demand and skills. The findings reveal a
shift in the channel of income transmission in recent decades, with non-cognitive skills gaining
importance while cognitive skills diminish in their impact on intergenerational transmission. This
brings new perspective to the theory of effective inequality maintenance by highlighting the

importance of the labor market.
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Chapter 3 revisits the debate surrounding the impact of college education on
intergenerational mobility. This debate pits two schools of thought against each other: one
contends that college serves as a crucial infrastructure for promoting upward mobility, while the
other argues that the equalizing role of college is overstated. This chapter contributes to the
discussion by evaluating the potential cross-generation equalizing effect of college, a dimension
rarely explored by earlier scholars. The findings suggest that the children of college-educated
parents indeed experience higher social mobility, indicating a positive cross-generation spillover
on social inequality. This long-term benefit aligns with the argument advocating for college as an
equalizer in society.

While each individual chapter of the dissertation may suggest different substantive
directions for future research, there are common methodological areas that could benefit all three
chapters. Here are some potential avenues for further methodological research.

First, the technique of sensitivity analysis needs to be developed for causal interventional study.
Sensitivity analysis plays a crucial role in understanding the robustness of results derived from
observational data to potential unobserved confounders. As of now, there is no systematic
discussion of sensitivity analysis for causal intervention.

Second, it is imperative to compare observational-based results with experiment-based
results to understand the precision of observational findings in these research contexts. Such
comparisons can provide valuable insights into the reliability and validity of observational
studies in capturing causal effects.

Third, novel methods are required to address general equilibrium effects. Intervening in
complex social systems poses challenges that can compromise causal estimates. For instance,

assessing the effect of a hypothetical intervention like sending everyone to college on social
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mobility requires assumptions about the stability of returns to college. If the intervention is so
dramatic that alters returns to college, then we cannot know post-intervention return with our
observed data, and naturally cannot have any valid causal estimate. Procedures to evaluate
sensitivity to general equilibrium effects, akin to sensitivity analysis for ignorability, are

currently underdeveloped and warrant further exploration.
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