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Abstract

Intergenerational social mobility has immense implications for individuals’ well-being, attitudes,
and behaviors. However, previous methods may be unreliable for estimating heterogeneous
mobility effects, especially in the presence of moderate- or large-scale intergenerational mobility.
We propose an improved method, called the “mobility contrast model” (MCM). Using simulation
evidence, we demonstrated that the MCM is more flexible and reliable for estimating and testing
heterogeneous mobility effects, and the results are robust to the scale of intergenerational mobility.
We revisited the debate about the effect of mobility on fertility and analyzed data from the

1962 Occupational Changes in a Generation Study (OCG-1) and more recent data from the 1974
through 2018 General Social Survey (GSS) using both previous models and the MCM. The MCM
suggested a small association between fertility and occupational mobility in the GSS data but
substantial and heterogeneous educational mobility effects on fertility in the OCG-1 and the GSS.
Such effects were difficult to pinpoint using previous methods because mobility effects of different
magnitudes and opposite directions among mobility groups may cancel out. The new method can
be extended to investigate the effect of intergenerational mobility across multiple generations and
other research areas including immigrant assimilation and heterogamy.

Keywords

mobility effects models; intergenerational mobility; mobility-fertility hypothesis; interaction
effects; diagonal reference model

1. Introduction

Social scientists have long been interested in understanding the implications of
intergenerational social mobility—often conceptualized and measured as the difference
between parents’ (origin status) and adult children’s socioeconomic position (destination
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status)—for individuals’ attitudes, behaviors, and well-being outcomes (Akee, Jones, and
Porter 2019; Chetty et al. 2014; DiPrete 2002; Friedman 2014; Iveson and Deary 2017,
Yaish 2002). The mobility-fertility hypothesis is a prominent example: Researchers have
hypothesized that because socially mobile individuals may experience loss of social
network and difficulty in acculturation, they may lack social, emotional, and economic
resources to support as many children as the socially nonmobile (Billingsley, Drefahl, and
Ghilagaber 2018; Blau and Duncan 1967; Boyd 1994; Easterlin 1969, 1976; Goldscheider
and Uhlenberg 1969; Lundberg 1991). However, empirical evidence about mobility effects?
on fertility has been inconsistent with this hypothesis: Most studies have found that neither
upward nor downward social mobility was related to number of children after considering
origin and destination status (Blau and Duncan 1967; Sobel 1985; Stevens 1981; Tien 1961;
Westoff et al. 1961; Zimmer 1981). Such null findings discouraged further investigations
about mobility effects not only on fertility but also on other outcomes. It is unfortunate

that this line of mobility research has subsequently remained relatively dormant despite the
scientific and translational importance of intergenerational mobility (Billingsley et al. 2018;
Zuanna 2007).

We contend that this puzzle may be due in part to the field’s lack of an effective method for
revealing the potential heterogeneity within status groups and between mobility groups. To
be clear, a null finding does not equate to a faulty method, but until a key methodological
problem is settled it is premature to abandon this important line of research. A standard
regression approach to simultaneously estimating the effects of origin, destination, and
mobility is problematic because the three variables are exactly related; that is, mobility is
completely determined by destination and origin (Billingsley et al. 2018; Brody and McRae
1987; van der Waal, Daenekindt, and de Koster 2017). The field’s state-of-the-art method
for circumventing this challenge is the “diagonal reference model” (DRM) proposed by
Sobel (1981, 1985). While the DRM is a rigorous and parsimonious method for studying
mobility effects, the DRM’s accuracy and reliability are unclear when mobility effects are
heterogeneous among mobility groups (e.g., upward and downward mobilities have opposite
effects) or when the scale of intergenerational social mobility is not small (e.g., the number
of socially nonmobile individuals is smaller than the mobile).

We show that heterogeneity in mobility effects and mobility scale have critical implications
for effects estimates in the DRM. As we will demonstrate in a simulation study, the DRM
may yield inaccurate estimates of mobility effects when the scale of intergenerational
mobility is non-trivial and mobility effects are heterogeneous. Our empirical investigation of
the mobility-fertility hypothesis suggests that the null finding of mobility effects on fertility
in the 1980s’ debate may be at least in part attributed to heterogeneity in mobility effects on
fertility; that is, mobility effects that are opposite in direction among mobility groups seem
to cancel each other.

We propose a new method, called the “mobility contrast model” (MCM), for estimating
and testing the effects of intergenerational social mobility. The MCM is more accurate than
previous methods for identifying and estimating heterogeneous effects of intergenerational

1\We use the terms “effect” and “affect” following the convention in this line of research without causal connotation.
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social mobility, and the results are robust to the scale of social mobility. Such mobility
effects of different directions and magnitudes may have canceled out in previous

studies, missing an opportunity to elucidate an important pathway through which
socioeconomic positions may affect individuals” demographic, health, and other outcomes.
This methodological improvement may facilitate renewed interest and developments

in understanding the relationship between intergenerational mobility and a range of
demographic, social, and well-being outcomes.

Our research contributes to the sociological literature in important ways. First, we propose
an effective and reliable model for studying the effects of intergenerational social mobility
on various outcomes. The R package MCM is designed to implement the new method. To
help researchers make informed decisions in choosing a suitable method, we provide a best-
practice guideline that describes the conditions under which one method may be preferred to
others. Second, the methodological development proposed in this study is not only useful for
stratification and mobility research but also other fields of sociological inquiry with similar
methodological challenges. We discuss how the MCM can be extended to address important
sociological research questions about immigrant assimilation and educational homogamy (as
just two examples).

This paper proceeds as follows. We begin with a description of the methodological challenge
in the classical mobility model, followed by a discussion of the limitations of previous
methods that have been proposed to investigate mobility effects (Section 2). Next, we
introduce the new MCM method, provide theoretical and methodological justifications for
model specification and identification (Section 3), explain the similarities and improvement
of the MCM compared to other methods, and demonstrate the advantages of the MCM with
simulated data (Section 4). Sections 3 and 4 are fairly technical so some readers may prefer
to skip them on a first read and proceed directly to the empirical example in Section 5,

in which we reexamine the mobility-fertility hypothesis and compare model results from
analyses of classical data from the Occupational Changes in a Generation Study of 1962 and
more recent data from the 1974-2018 General Social Survey. We conclude by discussing the
implications of the present study for related research areas and directions for future research.

Background

Intergenerational social mobility occurs when adult children’s socioeconomic position such
as educational attainment, occupation, or income level is different from that of their parents.
Intergenerational social mobility, including its magnitude, trends, and consequences, has
been a classic topic in sociology, economics, and elsewhere (Aaronson and Mazumder
2008; Chetty et al. 2014; Hauser et al. 2000; Hout 1988; Long and Ferrie 2013; Song

and Mare 2015; Xie 1992). At the societal level, intergenerational mobility has immense
implications for social structures and inequality (Lillard and Willis 1994; Matras 1961,
Simpson 1970; Stevens 1981; Torche 2015). At the individual level, mobility appears to
affect attitudes, behaviors, and health outcomes. There are extensive literatures that examine
associations between intergenerational mobility and a range of behaviors, attitudes, and
outcomes including mental health conditions (Fox 1990; Houle and Martin 2011; Kessin
1971), health and well-being (Ahlburg 1998; Power, Matthews, and Manor 1996; Schuck
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and Steiber 2017), political attitudes and voting behaviors (Clifford and Heath 1993; Tolsma,
de Graaf, and Quillian 2009; Weakliem 1992; Zang and Dirk de Graaf 2016), and vital rates
(Billingsley et al. 2018; Blane, Harding, and Rosato 1999; Claussen et al. 2005; Kasarda,
Billy, and West 1986; Tien 1961, 1967).

Whereas the effects of intergenerational social mobility on some domains are less debated
(see, e.g., Knoke 1973; Nieuwbeerta, de Graaf, and Ultee 2000; Tolsma et al. 2009),
research on its implication for fertility has been inconclusive. On the one hand, this topic
has gathered a great deal of theoretical discussion. For example, the dissociative hypothesis
(Blau and Duncan 1967; Nieuwbeerta et al. 2000; Sorokin 1927) predicts lower fertility
among socially mobile couples on the basis that the acculturation stress and isolation that
they may have experienced during social dislocation may interfere with their fertility desire,
behaviors, and outcomes. The relative income theory (Easterlin 1969) also anticipates lower
fertility for the downwardly mobile because they have limited resources relative to their
tastes and desires for consumption preference formed in their origin family, and accordingly
predicts higher fertility among the upwardly mobile.

On the other hand, despite this theoretical promise, empirical evidence about the mobility-
fertility relationship has largely been inconsistent with what researchers have hypothesized.
For example, in a series of studies, Westoff and colleagues (1953, 1961) compared

fertility measures between the socially mobile and the nonmobile and found little evidence
supporting the hypothesis that fertility is related to intergenerational occupational mobility.
Later research in the 1970s and 1980s also showed a general lack of mobility effects on

the number of live births beyond an additive influence of origin and destination status
(Duncan 1966; Jackson and Curtis 1972; Sobel 1985; Tien 1961, 1967; Zimmer 1981). This
incongruence between theory and empirical evidence has served to diminish enthusiasm for
pursuing further empirical investigations and the mobility-ertility inquiry in sociology has
subsequently become relatively dormant.

However, until a critical methodological problem is settled, it may be premature to conclude
that the mobility-fertility hypothesis should be discredited. That is, the unanticipated

null results may be due to problems in modeling and estimating mobility effects, and
perhaps researchers would have seen significant mobility-fertility association with a more
effective method. We briefly describe below the methodological problem in the traditional
mobility effect model and review two previous methods (including the current state-of-the-
art method) to contextualize the motivation and specification of the new method that we
propose.

To assess the effects of intergenerational social mobility, an intuitive starting point might

be to compare the mean difference in the outcome (e.g., number of children) between the
socially mobile and the nonmobile (see, e.g., Chaparro and Koupil 2014; James et al. 2006).
The problem with this simple comparison is that the mobile and nonmobile groups not

only differ in whether they experience social mobility but also their destination statuses.
Consequently, any observed difference may or may not be attributed to mobility.
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Lenski (1964) and Blalock (1967) were among the first to formally specify an
intergenerational mobility effects model. Their model can be expressed using the following
analysis of variance (ANOVA) model:

8(E(Y))) = 1+ a; + Bj + vk, @

for origin status groups i = 1,2, ..., I, destination status groups j=1, 2, ..., J, and mobility
group k = 1,2, ..., K. E(Y;;) denotes the expected value of the outcome Y for the th origin
in the jth destination; g is the link function; «;denotes the mean difference from the global
mean 4 associated with the /h origin status category; g;denotes the mean difference from x
associated with the jth destination status category; y,denotes the deviation associated with

the Ath mobility category. Lastly, a coding scheme is required to identify any ANOVA model
like Eq. (1).2

However, the three predictors in Eq. (1) are linearly dependent: mobility = destination status
— origin status. In other words, any two of the three variables completely determine the
value of the third. The consequence of this linear dependence is that the model does not
have a unique estimate even with the usual ANOVA coding.3 Several approaches have been
developed to address this identification issue in mobility models, most notably Duncan’
(1966) “square additive model” (SAM) and Sobel’s (1981, 1985) “diagonal reference
model” (DRM). 4 We describe these two approaches below and discuss their strengths and
limitations.

2.1 Square Additive Model

To address the identification problem, Duncan (1966) suggested modeling mobility as the
interaction between origin and destination, a method that was later labeled the “square
additive model” or SAM. That is, instead of including mobility as an independent and
additive variable as in Eq. (1), Duncan considered mobility as the interaction term between
the origin and destination main effects. As a result, the additive and independent quantity y
is replaced with an interaction term &;; between origin status «; and destination ;. Duncan

justified his model specification on the basis that one should not expect mobility effects
when the patterns and variations in the outcome for the socially mobile can be adequately
summarized or explained as an additive combination of the origin and destination status
(1966: 93).

The upper-left panel in Table 1° illustrates the SAM’s parameterization of the status main
effects, where o; and g; are the same as defined in Eq. (1). The lower-left panel illustrates

2Common coding schemes or constraints include omitting one group of each variable as the reference (i.e., dummy or treatment
coding) or assuming that the coefficients for each variable sum to zero (i.e., effect coding or sum-to-zero coding).

The conundrum of the mobility model presents one of such linear dependency problems. Another well-known example of linear
dependence is the age-period-cohort problem, where birth year (cohort) = survey time (period) — age. Methodologists disagree about
whether a complete and satisfactory solution exists (Fosse and Winship 2019; Luo 2013; Luo and Hodges 2020b, 2020a, 2020b;
O’Brien 2014; O’Brien, Hudson, and Stockard 2008; Rodgers 1982).

Another notable method is the “diamond model” developed by Hope (1975). However, the diamond model has serious interpretation
problems about what sociological concept the model’s parameters actually represent. That is, methodologists are not convinced that it
has succeeded in establishing a correspondence between sociological substance and statistical quantity. See Sobel (1981) for a more
detailed critique.
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that the SAM uses 6;; —the interaction term of the /th origin and / th destination main

effects corresponding to the /th mobility group—to model mobility effects. That is, for each
origin-destination combination, the expected value of the outcome Y can be expressed as the
sum of the main effects «; and g; and the mobility effect 5;;. For example, the expected value

of the outcome for the two mobile groups moving from origin 1 to destinations 2 and 3 are
aj + f + 81p and ag + 3 + 613, respectively.

A critical question is whether the interaction term §;; represents the sociological concept of

a mobility effect. Statistically, ; jcan be interpreted as the deviation associated with the /th
(mobile or nonmobile) group from the expected value determined by the main effects «; and
p;. However, such statistical quantities seem to depart from the conceptual idea of a mobility
effect: whereas 4;; represents the deviation from the two status main effects, a mobility effect

is defined as the difference between the mobile and the nonmobile that can be uniquely
attributed to mobility-related experience or characteristics.

Scholars also argued that the SAM does not estimate the kind of status effect that
sociologists have theorized. Specifically, Hope (1975) believed that the main effects of
each class or status should be restricted to individuals who have lived that class “for

life” (1975:336) and argued that the estimate of each class in Duncan’s model was
“contaminated” because it blends characteristics of the nonmobile and mobile individuals
from different origins. Hope thus concluded that Duncan’s model fails to estimate what the
model was purported to test.

2.2 Diagonal Reference Model

Consistent with Hope’s idea about status effects, Sobel (1981) developed the “diagonal
reference model” or DRM that excludes the mobile and relies on the nonmobile for
estimating status effects. That is, whereas six (and thus four freely-varying) parameters

are used to represent each status of origin or destination in the SAM, the DRM focuses on
the three status effects that lie on the upper-left-to-lower-right diagonal in the upper-middle
panel of Table 1, denoted by 6y, 6, and &, respectively. Assuming no mobility effect, the
means in the off-diagonal cells in the middle-upper panel of Table 1 can be expressed as

a combination of the corresponding diagonal parameters 6;and 6;and a proportionality or
salience parameter p. That is, a function of 8; 6;, and p is used to establish a baseline

or referent to which the mobile may be compared for estimating the effect attributable to
social mobility. For example, the hypothetical referent for the group moving from origin 1 to
destination 2 is p8; + (1 — p)8,, and for the group moving down from origin 3 to destination

1 p03 + (1 — p)8;. In a modified version (Sobel 1985), p’s may vary across categories of

origin status (or destination, but not both) and the interpretations are similar. For example,
for those two mobility groups, the referents in the modified DRMs are p16; + (1 — p;)6, and

303 + (1 — p3)8;, respectively, using origin-specific p’s.

S5The grand mean p is omitted from each cell in Table 1 for clarity.
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Although the proportionality parameter p plays a critical role in estimating the DRM and the
p estimate is available in a standard model output (e.g., the R package gnm), it is not a direct
estimate of mobility effects. Rather, it is often interpreted as a salience parameter, indicating
the relative importance of the origin and destination status effects.

To estimate mobility effects, the DRM adds a mobility variable or construct to the
equation; for example, a dummy variable indicating mobility or nonmobility status or a
categorical variable indicating upward mobility, downward mobility, or nonmobility. Such
mobility variables represent different aspects of social mobility and standard regression
interpretations follow straightforwardly. The lower-middle panel of Table 1 illustrates the
parameterization of a DRM with upward and downward mobility indicators: the upward
and downward mobility effects are modeled using two parameters 1 and <, for the upper/
right and lower/left off-diagonal cells, respectively. For example, for the two mobile groups
moving from origin 1 to destinations 2 and 3, the expected value of the outcome are

P01 + (1 = p)6r + 7 and pd; + (1 — p)f3 + 1, respectively.

It is important to note that although it may be theoretically interesting and desirable to
simultaneously examine all types of mobility variables (i.e., mobility status, direction, and
steps) in one equation, it has rarely been done in practice and only one of the mobility
variables is typically included per equation.® This is often because the statistical software
would either give an error message or indicate “NA” in the output when more than one
mobility variable is included. Methodologically, this means that the model is not identified,
i.e., there are too many parameters for the data to distinguish. As a result, including two or
more types of mobility variables in one DRM is often not a viable option.

Nevertheless, with status and mobility parameters that correspond to meaningful
sociological concepts, the DRM currently represents the most rigorous methodological
approach and has been considered the state-of-the-art method in intergenerational mobility
research. It has been widely used to study mental health (Houle 2011; Houle and Martin
2011), attitudes (Tolsma et al. 2009), political outcomes (Clifford and Heath 1993;
Nieuwbeerta et al. 2000), and health conditions (van der Waal et al. 2017).

However, three questions remain unanswered about the DRM. First, the choice of excluding
“newcomers” in estimating origin or destination status effects is justifiable when social
mobility occurs at a relatively small scale. However, it may become problematic when social
mobility is large in magnitude so that a significant number of members in one status consists
of individuals with a different origin. For example, 65.9% of college-educated respondents
in the 1976-2018 General Social Survey data were born to parents with a high school degree
or less education. Although the nonmobile may still guard typical attitudes and behaviors

of that social status group, their views and behaviors may also be influenced by the large
number of the mobile from different socioeconomic backgrounds. In such scenarios, status
effect estimates that rely solely on the nonmobile may be inaccurate.

6Note that although different types of mobility variables cannot be simultaneously estimated per equation, covariates such as gender
and race can be included in the DRM in a similar way as in a standard regression.
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Second, although Hendrikx and associates (1993) offered a mathematical exposition about
the algorithm for computing the DRM’s proportionality parameter p, its meaning and
implication for estimating mobility effects have not been well understood. How is a mobility
effect estimate based on &'s and p in the DRM different from or similar to an estimate based
on main effects a’s and £’s in the SAM? Section 4.2 discusses this question in detail.

Third, although mobility variables such as mobility status (socially mobile or nonmobile),
step (number of social status levels that a person moves), and direction (upward or
downward mobility) may concisely represent the association between mobility experience
and the outcome of interest, such conciseness may come at the price of obscuring
heterogeneity among mobility groups.7 That is, even with unique p’s for each origin or
destination level, DRM users necessarily assume that (1) a single proportion is adequate for
all mobility groups from the same origin (or destination) status; and (2) mobility effects
are homogeneous for all groups within a mobility category (e.g., for all upwardly mobile
group or for all 1-step mobile groups) regardless of their origin or destination status. These
simplifying assumptions may not be realistic when there is a large amount of heterogeneity
among mobility groups. For example, when the effects of social mobility are opposite
depending on their origin and/or destination, the DRM may incorrectly conclude that there
exist no mobility effects when in fact important mobility effects of opposite directions
cancel out.

3. The Mobility Contrast Model: An Improved Method

We propose a new method, called “the mobility contrast model” (MCM). The MCM extends
the DRM in two ways: First, it is more flexible for estimating and testing the likely
heterogeneous effects of intergenerational mobility. That is, if the mobility effect is in fact
similar among mobility groups, the MCM and the DRM should yield similar estimates for
mobility effects, and the DRM is preferred because of its parsimony. If, however, there exists
substantial heterogeneity in mobility effects among mobility groups (i.e., different mobility
groups have different effect sizes and/or opposite directions), the MCM makes it possible to
estimate such distinct effects and thus should be helpful for identifying such distinct effects
that may have been concealed using the DRM. Second, the MCM is more robust than the
DRM to large-scale intergeneration mobility. In contrast, DRM estimates of mobility effects
are sensitive to (i.e., differ depending on) the scale of mobility. As we will demonstrate

in Section 4, the DRM estimates differ from the data-generating parameters when mobility
effects are heterogeneous and/or the scale of intergenerational mobility is moderate or large,
a situation for which the DRM is not suitable.

We describe below how the new model is specified, followed by theoretical motivations and
methodological justifications. Given the long-standing identification problem in mobility
effect models, we also explain how the MCM is identified with different coding schemes
(e.g., dummy coding of an education variable, which sets high school graduates as the

"Because the salience parameter p is tied to origin or destination status, it is entirely possible to have different values of p’s among
mobility groups or across covariates such as gender, race, and time periods.
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reference group or effect coding in which the effects of all education groups sum to zero).
The R package MCM can be downloaded from CRAN to implement the method.

The mobility contrast model (MCM) consists of two steps. Whereas Step 1 estimates status
main effects and is thus identical to the SAM, Step 2 estimates mobility effects as a set of
origin-status interaction contrasts, reflecting the conceptual and methodological distinction
of the MCM from the SAM proposed by Duncan (1966).

Step 1. Fit a generalized linear model that includes the origin main effects, destination main
effects, and their interaction terms:

C
g(E(Yij) = pu+ai+ B+ 65+ z MeXes @)
T

where E(Y;;), g a;, pj, and 5;; are the same as defined earlier, and the usual ANOVA coding
(i.e., effect or sum-to-zero coding) applies to each effect; and #,. denotes the coefficient for
the cth covariate x. such as age, sex, or race.

Step 2. Create a set of origin-specific contrasts of the interaction terms 4;; to estimate

mobility effects. Specifically, as Table 1’s lower-right panel illustrates, the MCM uses

6;j — 6;; to represent the mobility effect with status main effects purged, where 4;; is the
deviation from the main effects «; and p; associated with the mobility group from origin 7
to destination /, and §;; is the deviation from the main effects o; and g; for the nonmobile

of the origin 7 (and thus destination /). For example, in the lower-right panel of Table 1

the mobility effect for the group who rose from the most disadvantaged background (i.e.,
origin status 1) to the highest status in adulthood (destination status 3) is modeled using the
difference between &3 and 611, which correspond to the interaction term of the two-step
upward mobility group and the nonmobile group from the same origin, respectively.

3.1 Status Effects in the MCM

In the following we describe the theoretical motivation for the statistical specification of the
status effect and mobility effect in the MCM. As Table 1‘s upper panel shows, unlike the
parameterization of the DRM, which focuses on typical characteristics of a status, denoted
by the &'s, the MCM and the SAM focus on the main effects of origin or destination status
denoted by the a’s and B’s, respectively. As discussed below, the two types of status effects
are related but distinct sociological substances.

The MCM focuses on main effects for two reasons. First, while status effects are essential
and meaningful quantities in sociological research, they are considered in the analysis of
intergenerational mobility effects to reflect the distinct social norms and conditions that
individuals are exposed to. From this exposure perspective, when estimating the effect of
an origin status, it is reasonable to consider all individuals from that origin regardless of
their mobility status (mobile or nonmobile) because both groups may be exposed to similar
attitudes and behaviors in their formative ages. A fundamental premise of intergenerational
mobility research is that such early-life conditions may have long-lasting impacts on their
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behaviors and well-being. For similar reasons, it should be reasonable to include both the
nonmobile and mobile of the same destination status to estimate the effect of destination
status.

Second, inclusion of the socially mobile in estimating main effects of the origin and
destination status may be substantively important and meaningful in the presence of non-
trivial social mobility. It is completely justifiable to focus on the nonmabile when mobility
is relatively uncommon. However, as Sobel (1981:904) noted, when social mobility is

not uncommon or occurs at a large scale, it becomes questionable to exclude the mobile
from estimating the status effect. Also, including the socially mobile of the same origin or
destination in estimating a status effect recognizes that the social interactions between social
groups are not one-directional; that is, the mobile and the nonmobile may exert influences
on each other.

3.2 Mobility Effects in the MCM

Although the MCM’s status parameterization is the same as the SAM’s for reasons
elaborated above, its mobility effect parameters differ from the SAM’s because, as critics
have pointed out, the unstructured interaction term &;; in the SAM does not directly

correspond to the sociological conceptualization of mobility effects. Specifically, under
sum-to-zero coding, &; represents the deviation associated with the /th mobility group from

the two status main effects. In contrast, a mobility effect is conceptualized as the unique
impact of the mobility experience or some distinct characteristics of the mobile group

that cannot be attributed either to the origin or destination main effects. This discrepancy
between the conceptualization and the operationalization of mobility effects is, we argue, the
main limitation of the SAM.

Step 2 of the MCM addresses this concern by creating a set of contrasts in the interaction
terms to directly estimate and test the difference between the mobile and the nonmobile
after removing the status main effects. That is, the contrast approach considers an
intergenerational mobility effect as a special structure or contrast of the interaction terms
that is origin-specific, as Table 1‘s lower-right panel illustrates. For example, the mobility
effect for the group who moved from origin status 3 to destination 2 is modeled as 3, — 633,

where &3, is the interaction term of the one-step downward mobility group from origin 3

and 633 is the interaction term for the nonmobile of origin 3. Intuitively, this idea can be
understood as first removing the main effects of origin and destination status, and then
directly comparing the deviations of the mobile and the nonmobile of the same origin. This
step is a critical improvement from the SAM, where analysts rely on the unstructured §;;’s to

examine mobility effects.

We emphasize that conceptually, the mobility effect parameters in the MCM (i.e., a set

of origin-destination interaction contrast) and the SAM (i.e., unstructured interaction) are
distinct conceptual quantities; we have argued above that the MCM’s parameterization is
more consistent with the sociological concept of intergenerational mobility effect than the
SAM’s. Statistically, the effect estimates and standard errors for the MCM’s and the SAM’s
mobility parameters will naturally differ. As we will demonstrate using simulation and
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real-world empirical examples, the two methods can lead to largely different substantive
conclusions about the magnitude and significance of mobility effects on an outcome.

3.3 Model Identification, Interaction, and Coding Scheme

Given the linear dependence in the traditional mobility effect models (1), it is important
to emphasize that the MCM in Eq. (2) is identified and thus does not require additional
constraints other than a coding scheme (e.g., dummy coding by setting high school
graduates as the reference group, or effect coding, setting the effects of all education
groups to sum to zero). This means that a unique set of parameter estimates for the
MCM fits the data better than others. However, this does not imply that all of the O x D
interaction parameters 5;; ‘s vary freely. Like any fully identified ANOVA or generalized

linear model, the interaction terms in the MCM have (O — 1) x (D — 1) degrees of freedom,
and the remaining O + D — 1 interaction terms are determined by the coding scheme. The
qualitative difference between the unidentified model (1) and the MCM is that the latter
requires no additional constraint to identify the model besides the usual coding scheme,
whereas the unidentified model (1) does require at least one more constraint in addition
to the usual coding scheme. The model is identified as any generalized linear model, and
covariates such as age, sex, or race can be added as in a standard regression model.

Because the MCM characterizes mobility effects in terms of a structure of the interaction
terms between origin and destination, it is critical to clarify the equivalence of coefficient
estimates among different coding schemes (e.g., dummy coding or sum-to-zero coding);
this means that the estimated design cell means (i.e., the estimated mean for each origin-
destination combination) are invariant across coding schemes. Although this equivalence
holds for both main effects and interaction estimates in the MCM, it is less obvious for
interaction terms than for the origin and destination main effects. In fact, the estimated
interaction terms (and main effects) under different coding schemes necessarily have
different numerical values because their references differ. For example, under the effect
coding (i.e., the sum-to-zero coding), the cell means of the origin 1- destination 1 and origin
1-destination 2 combination are parameterized as «; + f1 + 611 and aj + f + 612, Where ay,

B1 and B, denote the deviations from the grand mean g associated with origin 1, destinations
1 and 2, respectively; &1 represents the deviation associated with the nonmobility group
from the sum of the main effects «; + #1; and &, represents the deviation associated with

the mobility group from the sum of the main effects «; + #,. In contrast, under the dummy

coding with origin 1 and destination 1 omitted as the reference group, that reference group’s
cell mean is treated as the intercept, denoted as p’; the difference between the cells origin
1-destination 2 minus origin 1-destination 1 is the “main” effect of destination 2, denoted
as p; the difference between the cells origin 2—destination 1 minus origin 1-destination 1

is the “main” effect of origin 2, denoted as «5; and the cell mean of origin 2—destination

2 minus the cell means of origin 1- destination 2 and origin 2—destination 1, plus the cell
mean of origin 1-destination 1 is the interaction effect, denoted as 55,. The numeric values

of the estimated main and interaction effects (i.e., &, f2, 522, @, B2, and 55), therefore,
necessarily differ between the two coding schemes due to a shift in what these quantities
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represent. However, such differences do not arise from an identification problem, which
qualitatively distinguishes the MCM from the traditional model (1).

We recommend effect or sum-to-zero coding for the MCM because the goal is to establish
a common reference from which each origin-destination combination may deviate (Aiken,
West, and Reno 1991; Jaccard and Turrisi 2003). That is, the effect coding is preferred

for the MCM because the parameters all have the same referent group—the next lower
level in the hierarchy of main effects and interactions. For example, for the origin and
destination main effects, the same referent group at the lower level is just the grand mean
(. For the interaction &;, the referent at the next lower level is the origin main effect «;

and destination main effect ;. Such a common referent lays the foundation for Step 2

in the MCM, which estimates and tests a set of contrast in those interactions, and more
importantly, facilitates interpretation of the estimates in a way that is consistent with the
sociological conceptualization of mobility effects.

3.4 Improvement and Strengths of the MCM

In the preceding exposition, we have argued by specifying mobility effects as a set of
origin-destination interaction contrasts, the MCM better represents the conceptualization

of mobility effect than the SAM’s unstructured interaction. Compared to the DRM, the
MCM is particularly useful for detecting heterogeneous effects of intergenerational mobility,
especially in the context of large-scale social mobility, although the DRM’s parameterization
of mobility effects is conceptually similar to that in the MCM (see a detailed exposition in
Section 4).

Methodologically, the MCM does not assume any functional form of the mobility effect

in relation to the origin and destination and allows the mobility effect parameters to vary
among mobility groups in a more flexible way than the DRM. For example, it allows the
mobility effect for the group moving from origin 1 to destination 3 to differ from the group
moving from origin 2 to destination 3. In contrast, potential heterogeneity may be concealed
using mobility status indicators or difficult to pinpoint using mobility direction or step
variables in the DRM.

We emphasize that conceptually, by modeling mobility effects as a set of interaction
contrasts between the origin and destination status, the MCM represents the theoretical
consideration that mobility effects should be considered in relation to the origin and
destination status. Moving up or sliding down on the status ladder may have very different
meanings and implications depending on the specific status of origin and destination. For
example, a child born to parents with doctoral degrees whose own highest education level is
college—that is, one-step downward mobility on the educational attainment hierarchy—may
not experience any significant amount of change in life quality, stress, or social network
disruption. In contrast, an individual born to high school educated parents who did not
complete high school may experience a qualitative downgrade of living conditions and

a considerable amount of stress. By modeling mobility effects as a set of contrasts in
interaction terms between the origin and destination status, the MCM acknowledges the
conceptual dependence between mobility and the statuses as Duncan (1979) advocated.
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We also clarify that because the MCM specifies mobility effects as a set of origin-destination
interaction contrasts, the MCM has the same overall model fit statistics (e.g., the AIC
statistic) and degrees of freedom (i.e., the number of freely-varying parameters) as the
SAM. However, the MCM is not designed to improve such model fit statistics; rather,

the primary goal of this method is to specify effect parameters that, conceptually, more
accurately estimate the sociological process of interest—intergenerational mobility. That is,
although the MCM and the SAM do not differ in overall model fit statistics, the two models’
mobility effect parameters represent distinct conceptual and statistical quantities. As we

will demonstrate using simulation and empirical examples, the effect estimates and standard
errors for the MCM’s and the SAM’s mobility parameters will subsequently differ, leading
to different substantive conclusions about the magnitude and significance of mobility effects
on the outcome between the two models.

Because of conceptual limitation of the SAM’s mobility effect parameters, in the section
that follows, we focus on comparing results from the MCM and the DRM. Using four
simulations that represent scenarios with varying degrees of heterogeneity in mobility effects
and mobility scale, we show that the MCM is more useful when mobility effects differ in
magnitude and direction among mobility groups, especially when intergenerational mobility
is non-trivial. These substantively meaningful heterogeneities are otherwise difficult to
detect or interpret using the DRM.

4. Mobility Contrast Model and Diagonal Reference Model Compared:
Simulation Evidence and Practical Guideline

We have argued that conceptually, the mobility parameters in the MCM and DRM better
correspond to the conceptualization of mobility than the SAM. Given the apparent difference
in model specification of the MCM and the DRM, what model should one choose to
investigate intergenerational mobility effects? Under what conditions do the MCM and

the DRM give different conclusions? To help researchers make an informed choice of
method, we compare and contrast the MCM and the DRM in scenarios with varying degrees
of intergenerational mobility (i.e., the ratio of number of movers relative to stayers) and
heterogeneity in mobility effects (i.e., the degree to which the directions and magnitudes of
mobility effects vary among mobility groups).

4.1 The Equivalence between the MCM and the DRM with Homogeneous Mobility Effects

We begin with the simplest scenario in which the mobility effects are homogeneous, i.e., the
effects are the same across all mobility groups. Under this condition, the DRM’s mobility
effect estimates are just (weighted) averages of the mobility effect estimates in the MCM,
even in the presence of large-scale intergenerational mobility. To help readers understand
this assertion, it is necessary to clarify two questions: (a) how the proportionality parameter
p is determined in the DRM and (b) how mobility effects are parameterized and estimated in
the DRM and in the MCM.

Sobel (1981) used the maximum likelihood method to estimate the proportionality parameter
p. Itimplies that, as Sobel carefully noted, the estimate of p is “not solely a function of the
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diagonal sample means” (1981: 899, footnote 8) but also depends on off-diagonal means and
the distribution of observations in the mobility table. Hendrickx and colleagues (1993; 342—
343) provided further insight into the statistical implication of the proportionality parameter
p for estimating the mobility effect in the DRM. Specifically, these authors showed that

assuming small-scale mobility, the origin-specific proportion parameter p; is in fact the ratio

between the origin main effect and the sum of the origin and destination main effects

pi = % destination-specific proportion p; is the ratio between the destination main
1 1

effect and the sum of the origin and destination main effects p; = bi 7
aj J

relationship between the proportionality parameter o and the status main effects parameters
ajand g;.

This clarification about p has an important implication for understanding the relationship
between the mobility effect parameters in the DRM and the MCM. To illustrate, assume

a best model-fit scenario in which each cell in a mobility table has two unique proportion
parameters, one for the origin and the other for the destination. Then the referent for a group
from origin 7and destination /is p;6; + p;0;. For example, the referent for the group from

origin 1 and destination 2 can be expressed as p;6; + p26,. Replacing p; with ——, 6; with

+ﬂ’

ay + By, p2 With ————, and 6, with a + f. results in the referent being simply a; + ;.

+ﬂ !
The above exposition suggests that despite the superficial difference, the choice of
parameterizing status main effects or life-time status effects are statistically equivalent for
representing cell means, at least in the best model-fit scenario. It means that, although the
DRM and the MCM parameterize status effects differently (i.e., life-time status effects

or status main effects), the different parameters are just different ways for describing
status effects with similar abilities to account for data variation. To this extent, different
parameterizations of the status effects in the DRM and the MCM are methodologically
equivalent.®

The other seeming difference that obscures the relationship between the DRM and the MCM
is how the two parameterize mobility effects. To quantify mobility effects, the MCM uses
the difference between two interaction terms after removing the origin and destination main
effects—that is, 6;; — 5;—while the DRM uses mobility variables such as mobility status,

direction, and step. However, it is important to note that both methods specify mobility
effects as the difference between the socially mobile and the nonmobile after removing
status effects. Also recall that the status effects are statistically equivalent between the MCM
and the DRM in terms of the representation of the cell mean. It follows that for given data
the variation that is not explained by status effects in each cell should also be the same. That

8For ease of illustration, the above discussion assumes two proportionality parameters for each cell; that is, each origin-destination
combination has two unique p’s. In practice, the DRM does not allow cell-specific proportionality parameters due to the limit of
degrees of freedom, so as shown in Section 5’s empirical example, the DRM and the MCM may have different goodness of fit to the
data. Consequently, the referent based on which mobility effect is estimated in the DRM may differ from the MCM. The conceptual
relationship between the DRM and the MCM, however, still holds.
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is, the MCM and the DRM rely on the same quantities that are being expressed in different
forms: the former models it as a specific structure of the interaction terms 5;;’s, and the latter

an average difference between the mobile and the nonmobile.

Specifically, including mobility variables such as mobility status, direction, and step in
the DRM is equivalent to estimating the average deviations that remain after considering
status effects between the socially mobile and the nonmobile. That is, the kind of mobility
effects estimated in the DRM can be expressed as an averaged difference between the
specific mobility group and the nonmobile of the same origin. Consider the example

of Table 1 with three origin and destination categories. After estimating life-time status
effects in the baseline model, the DRM models mobility status effect using a mobility
status indicator, which has the effect of parameterizing the mobility status effect as

é((én + 613+ &1 + 823 + 831 + 830) — 2 % (611 + 62 + 633)). Similarly, the effect of upward

mobility is equivalent to %((612 + 613 + 623) — (611 + 811 + 622)). That is, the mobility effect

in Sobel’s model is in fact an average of the MCM’s §;; — 6;;, assuming that the DRM with

fewer parameters fits the data equally well as the MCM with more parameters. It implies
that when the mobility effects are truly homogeneous among mobility groups regardless of
their origin or destination—i.e., when &;; — ;; are the same for any origin 7and destination

J—the mobility effect estimates in the DRM and the MCM should be the same.

4.2 Heterogeneous Mobility Effects and Mobility Scale

The equivalence between the DRM and the MCM holds on the condition that mobility
effects are homogeneous across mobility groups. When the sizes and directions of the
mobility effects vary among mobility groups, however, conclusions about mobility effects
from the DRM may differ, sometimes substantially, from the MCM. This is because, as
Sobel (1981, 1985) noted, the maximum likelihood estimator of the salience or weight
parameter p is a function of status main effects, mobility effects, and distribution of
observations per origin-destination group—a distribution parameter that determines the scale
of intergenerational social mobility. When mobility effects are truly homogeneous across
mobility groups and the stayers represent the vast majority in each status, the DRM’s
salience parameter p largely depends on status main effects, establishing the key condition
for the equivalence between the DRM and the MCM. Different estimates of mobility effects
between the MCM and the DRM should be expected when mobility effects differ in size
and/or direction among mobility groups or stayers are no longer the vast majority in a
socioeconomic status.

To demonstrate the implications of heterogeneity in mobility effects and mobility scale for
the DRM and the MCM, we present simulation study that assesses the two models by
comparing each method’s estimates against the true effect parameters in the data-generating
mechanism. We generate four particular examples with little sacrifice of generality: a design
with O = 3 origin statuses, D = 3 destination statuses, and a normally distributed outcome.
Each simulation represents one of the four scenarios, namely, homogeneous mobility
effects with small-scale mobility, homogeneous effects with moderate-scale mobility,
heterogeneous effects with small-scale mobility, and heterogeneous effects with moderate-
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scale mobility. Although it is straightforward to simulate data using larger mover-stayer
ratio, say, 4:1 to approximate large-scale mobility, the DRM often fails to converge,
providing no coefficient estimates. We thus focus on small- and moderate-scale mobility
for model comparison and demonstration purposes.

For homogeneous mobility effects, all off-diagonal parameters, i.e., mobility effects, are
fixed at 0.4. For heterogeneous effects, off-diagonal mobility effects parameters differ in
size and direction. To simulate small- and moderate-scale mobility, we set the mover-stayer
ratio to be at 1:4 and 2:3, respectively. The data are otherwise the same including total
sample size (N=30,000 observations in each data), the overall mean (¢ = 1.5), origin main
effects (a;= 0.6, -0.2, -0.4), destination main effects (5;= 1, -0.2, -0.8), and the error
standard deviation (o= 0.1). Table 2 presents mobility effect parameters and mobility scales
used in each simulation. We provide the R code that we used to generate and analyze these
datasets in the Appendix so readers can see for themselves and/or manipulate the simulation
parameters.

For each simulation scenario, we fit three linear DRMs with a constant p and one of the
three mobility variables: a dummy variable indicating mobility status (nonmobile or mobile),
a categorical variable indicating the direction of the mobility (nonmobile, downwardly
mobile, or upwardly mobile), and a categorical variable indicating the number of steps that
a hypothetical person moves on the socioeconomic ladder (0, 1, or 2 steps).® The R package
“gnm” was used for fitting DRMs. We fit one linear MCM that includes status main effects
and a contrast of the origin-status interaction terms to each data. All models were fit by
maximizing the likelihood.

Table 3 reports coefficient estimates for mobility variables in the DRM in four scenarios
that vary in the degree of heterogeneity in mobility effects and mobility scale. Shaded

cells indicate estimates that differ from the true parameters, which range from -0.2 to 1.0
in Table 2, by 0.05 or more. As Table 3‘s left panel shows, the DRM often accurately
estimates mobility effects (7; ~ 0.4 for most cases) when the effects are truly homogeneous

(z; = 0.4 for all /'s), although the effect estimates for downward and upward mobility are

slightly less accurate. The DRM estimates are somewhat less accurate with moderate-scale
intergenerational mobility than small-scale mobility.

However, when mobility effects are in fact heterogeneous in magnitude and direction, as
shown in the right panel in Table 3, the DRM estimates of mobility effects are less accurate,
even with small amount of intergenerational mobility. For example, the DRM suggests a

score that was —0.522 lower among the downwardly mobile, whereas the mean of the true

—-04+4+0.5+ 0.7)
—s )

The DRM estimates of mobility steps (0.224 and 0.006 for steps 1 and 2, respectively, in

effects of downward mobility—the data-generating parameters—is 0.267(

e also report results from DRMs with three origin-specific p’s in Table S1. Although the more complex DRMs seemed to fit the
data better than the simpler models with single p, the mobility effect estimates from two models are qualitatively similar. In fact, the
mobility effects estimates from a DRM with a constant p are less biased than the more complex DRMs. This is because the origin- or
destination-specific p’s represent a multiplicative cross pressure component, but whether these components represent mobility effects
is subject to debate. See Hendrickx et al. 1993: 344-348 for more detail.
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-044+05-02+1

7 =0.225

Table 3*s upper-right panel), however, are close to the true effects

-0.7+0.7

5 = 0, respectively, as shown in Table 2).

and
The DRM estimates appear to be unreliable in the joint presence of moderate-scale
intergenerational mobility and heterogeneous mobility effects, as reported in Table 3s right

panel. For example, the upward mobility was estimated to have 1.091 higher score, although

-02-07+1
3

of mobility steps (0.421 and 0.138 for 1-step and 2-step mobility, respectively) now depart
from the “truth” (0.225 and 0, respectively).

the true effect is much smaller ( = 0.033). Even the previously accurate estimates

Table 4 presents mobility effect estimates from the MCM. The MCM yields accurate and
reliable estimate of mobility effects and is robust to effect heterogeneity and mobility scales.
For example, even in the most challenging scenario with moderate mobility and mobility
effects of opposite directions and varying effect sizes, the MCM estimates of the two 2-step
mobility (=0.700 for 2-step upward mobility group and 0.699 for 2-step downward mobility)
are faithful to the data-generating parameters (0.7 and 0.7, respectively).

The deviance statistics and the AIC suggest that the MCM fit the data better than the DRM

across all four scenarios. The DRM fit the data best with homogeneous mobility effects

and small-scale mobility and worst with heterogeneous effects and moderate-scale mobility.
Such model fit evidence is consistent with the above comparison of the true parameters and
the estimates.

Our simulation demonstration and mathematical exposition shed light on model choice
for studying mobility effects. We recommend the following best-practice guideline: When
the investigator has theoretical reasons to expect homogeneous mobility effects (i.e., the
effect size or direction does not vary across mobility groups) and empirical evidence that
intergenerational social mobility occurs at a small scale (i.e., the nonmobile group largely
outnumbers mobility groups combined), the DRM may be preferred as a parsimonious
model that yields reliable estimates. However, when theory is lacking about the magnitude
or direction of mobility, the MCM should be preferred to the DRM, especially when the
distribution of a mobility table suggests moderate or large amount of intergenerational
mobility. If the goal is to identify mobility groups that may have distinct outcomes or
characteristics, the MCM serves that purpose better than the DRM.

5. Mobility-Fertility Example

This section revisits the mobility-fertility hypothesis by comparing the MCM and the DRM
by analyzing the same data with the same fertility outcome variable and predictors as in

the 1980s’ debate as well as more recent data. Note that because the SAM’s unstructured
interaction terms do not represent mobility effects that researchers intend to estimate (Hope
1975; Sobel 1981, 1983), the results from the SAM cannot provide direct evidence about
the mobility-fertility hypothesis. The following discussion thus focuses on comparing the
MCM and the DRM results; Table S4 reports the results from the SAM. Here, we do not
attempt to provide a full assessment of the mobility-fertility hypothesis; the main objective
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of this exercise is to demonstrate how the MCM can be used to address an important and
sociologically interesting question by revealing the heterogeneity in mobility effects on
fertility. Such substantively meaningful heterogeneities are difficult to detect or interpret
using the DRM.

The dissociative hypothesis predicts both upward and downward mobility to be associated
with lower fertility because mobility disrupts social network and family ties and thus
implies less support for child rearing (Sorenson 1989; Sorokin 1927). The selection
hypothesis contends that teen parenthood and a large number of children may limit
education and occupation opportunities and consequently mobility likelihood (Van Bavel
2006), contributing to differential fertility among SES groups (i.e., higher fertility in low
SES groups and lower fertility in high SES groups)(Chu and Koo 1990; Mare 1997). These
competing forces and mechanisms may operate to cancel each other and result in similar
fertility between the socially nonmobile and mobile, especially for individuals who moved
to an adjacent status. However, prior literature suggested that mobility effects may be most
evident among extreme mobility group who moved far away from their origin status (Freitas
et al. n.d.; Friedman 2014; Southgate et al. 2017). Based on such theoretical accounts and
empirical evidence, we thus expect upward mobility from the most disadvantaged family
origin to the top status to have significantly lower fertility, and other mobility groups to have
a similar fertility level as the nonmobile.

5.1 Data and Measures

We used the DRM and the MCM to analyze the data from the Occupational Changes in

a Generation, 1962 (OCG-1)—the main dataset used in the 1980s’ debate about modeling

intergenerational mobility effects—and the 1974-2018 General Social Survey (GSS) data.
Following Blau and Duncan (1967) and Sobel (1981), we restricted the OCG-1 analyses to
US-born White men whose wives were 42—61 years old and living in the same household.

For the GSS, we selected US-born White men aged 40-64 to facilitate model comparison.

We excluded women from the empirical demonstration for two reasons. First, the purpose
of the empirical analysis is to compare model results from prior studies and the MCM.
Because for historical reasons prior research mostly focused on men, we followed the
tradition of using data from male respondents in the GSS to maximize comparability.
Second and more importantly, women’s education, occupation, and labor force participation
have changed dramatically in the US since the 1970s. Consequently, the implications of
women’s educational and occupational mobility for fertility may be very different from
those for men. Although it is a highly important and interesting topic, an analysis of the
effects of women’s social mobility on fertility merits future investigations but is beyond the
scope of the present study, which focuses on methodological development.

The response variable is the total number of children ever born to the respondent’s wife

in the OCG-1 and the total number of children ever born to the respondent in the GSS.
Predictors in the analysis of educational mobility are the respondent’s education level (for
the OCG-1: none or elementary, 1-4 years’ high school, and some college or more; for the
GSS: less than high school, high school graduate, and college degree), the education level of
the respondent’s father, and the interaction terms between the two. For occupation, we used
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four categories (lower manual, upper manual, lower white-collar, and upper white-collar) to
classify the father’s and the respondent’s occupation. See Table 5 for frequency distributions
by father’s and respondent’s education level and occupation category.

As in previous research, no covariates were included in the OCG-1 analysis. Because
fertility varies greatly among birth cohorts, we included cohort membership (birth cohorts
born before 1945, between 1945 and 1964, and after 1965) as the sole covariate in the

GSS analysis to facilitate comparison between the two datasets. This can be considered a
fixed-effect approach to controlling for time- or cohort-related heterogeneity in fertility rates
and in the estimated effects of status and mobility for the GSS data pooled over the study
period.

We fit separate Poisson models using for educational and occupational mobility using the
DRM and the MCM. Following Sobel (1981), we first fit three baseline models with,
respectively, no mobility variables and a single salience parameter p, origin-specific p

‘s, and destination-specific p ‘s. Model fit statistics (i.e., log-likelihood ratio statistics)
suggested that more complicated models did not fit the data better than the simpler model
with a constant p. Therefore, similar to Sobel’s (1981) analysis, we fit three DRMs with
single p and one of the three mobility variables: a dummy variable indicating mobility status
(nonmobile and mobile), a categorical variable indicating the direction of the social mobility
(nonmobile, downwardly mabile, and upwardly mobile), and a third variable indicating the
number of steps that a survey participant had traveled on the educational or occupational
ladder (0, 1, 2, and 3 steps). For the MCM, we used effect coding, so the main effect can

be interpreted as deviation associated with each group from the grand mean and interaction
terms represent deviations from the main effects. All models were estimated using maximum
likelihood.

5.2 Results

Because of our focus on comparing mobility effect estimates from two models, we report
status effects (life-time status effects in the DRM and status main effects in the MCM) in
Tables S2 and S3. Briefly, both models suggested that consistent with prior research, less
education and less prestigious occupations were generally associated with higher fertility for
both the OCG-1 and GSS men respondents.

Table 6 reports the estimated salience parameter (i.e., p; a value greater than 0.5 indicates
that destination status is more salient than origin status), mobility effects (i.e., mobility
status, direction, or step), and model fit statistics (deviance and the AIC statistics compared
to an intercept-only model; smaller values indicate better fit to the data) in three DRMs for
the OCG-1 and GSS data. For the OCG-1 data, the DRM gave negative coefficient estimates
for educational mobility variables including mobility status, direction, and number of steps,
but none of them were statistically or substantively significant. Only one occupational
mobility variable—downward mobility—appeared to slightly reduce fertility by 10.1% (1-
exp(—0.107), p<0.05). These results are consistent with those in Sobel (1981).

Table 7 reports mobility effect estimates—characterized as a set of origin-destination
interaction contrast (i.e., $ij - §,;) —and model fit statistics from the MCM analysis of
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the OCG-1 and GSS data; the unstructured origin-destination interaction effect estimates
(i.e., 5;) are presented in Table S4. To illustrate, the coefficient estimate of —0.114 for

the high-school-to-college mobility group of the OCG-1 analysis in Table 7 is obtained
by subtracting the interaction estimate of 0.055 for the high-school nonmobile from the
interaction estimate of —0.059 for the same mobility group in Table $4.10

Largely consistent with previous literature, the MCM indicated that after considering the
main effects of origin and destination occupation, occupational mobility appeared to be
unrelated to fertility among the OCG-1 respondents. However, unlike the results using the
DRM, the MCM results showed that for OCG-1 respondents, educational mobility was
mostly negatively related to fertility regardless of the direction of the mobility, although
not all of the mobility effect estimates were statistically significant. Most notably, high-
school-to-college upward mobility seemed to reduce fertility by 10.8% (1-exp(-0.114),
p<0.05). The college-to-high-school mobile group also had 15.5% (1-exp(-0.168), p<0.05)
lower fertility due to their downward mobility from college education. The less-than-
high-school-to-high-school mobility group seemed to have a slightly higher fertility rate
(exp(0.038)-1=3.9%), but this association was not statistically significant (p>0.05).

The DRM analysis of the GSS data suggested that although educational mobility status
was not significantly related to fertility, educational downward mobility implied 10.7%
(1-exp(-0.113), p<0.05) lower fertility and two-step educational mobility was associated
with 12.4% (1-exp(—0.132), p<0.01) lower fertility than the nonmobile. Neither upward nor
one-step educational mobility appeared to affect the number of children per respondent.
For occupational mobility, the DRM results indicated that mobility, on average, was not
related to fertility. However, the models suggested that downward and upward occupational
mobilities were significantly associated with fertility in opposite directions: the fertility rate
of the downwardly mobile was 9.4% (1-exp(—0.099), p<0.001) lower than the nonmaobile,
and the fertility rate of the upwardly mobile was 5.5% (exp(0.054)-1, p<0.05) higher. Two-
step occupational mobility also seemed to reduce fertility rates by 5.1% (1-exp(—0.052),
p=0.055), but this reduction was only marginally significant.

For the GSS, the MCM found substantial educational mobility effects and some
occupational mobility effects on fertility. In general, educational mobility appeared
negatively associated with fertility. For example, the less-than-high-school-to-college

group had 23.9% (1-exp(-0.273), p<0.001) lower fertility rates that can be attributed

to their upward mobility. The only exception was the high-school-to-less-than-high-

school downwardly mobile group; their mobility experience was associated with 28.8%
(exp(0.253)-1, p<0.01) higher fertility. For occupational mobility, the MCM showed that the
one-step downward mobility from the parent’s upper-white-collar occupation to their own

10Because the unstructured interaction terms simply represent the deviations associated with each origin-destination group from

the main effects of the two statuses, they may not correspond to the sociological concept of intergenerational mobility effect and

thus cannot provide direct evidence about the mobility-fertility hypothesis. Nevertheless, if one were using the SAM to assess the
occupational mobility-fertility relationship based on these interaction term estimates, one would reach a similar conclusion as in Blau
and Duncan (1967) that little empirical evidence was found to support the occupational mobility-fertility association in the OCG-1
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lower-white-collar occupation was associated with 12.6% (1-exp(—0.135), p<0.01) fewer
children than we would expect based on the main effects of the two occupation.

The deviance and the AIC statistics, where smaller values indicate a better fit, reported

in Tables 6 and 7 can be used to compare the MCM and the DRM in terms of model

fit. For the OCG-1 analysis, the deviance and AIC statistics are comparable between the
MCM (8,176.6 and 19,682.7, respectively, for educational mobility; 7,970.8 and 19,477.7,
respectively, for occupational mobility) and the DRM (8,183.6 and 19,681.9, respectively,
for educational mobility; 7,980.4 and 19,469.8, respectively, for occupational mobility).11
For the GSS analysis, however, the MCM fit the data better than the DRM based on both
statistics; the deviance and the AIC statistics for all MCMs are less than 7,500, whereas the
deviance statistics are greater than 8,000 and the AIC greater than 22,000 for the DRMs.
These results are consistent with simulation evidence and empirical findings discussed above
that the MCM is more reliable than the DRM when the direction and mobility effects on
fertility appeared to vary across mobility groups.

5.3 Conclusion

For the OCG-1 data, whereas the DRM found little support for an educational mobility-
fertility association, the MCM showed substantial educational mobility effects on fertility.
The difference in model results may be attributed to the mobility effect estimates shown
in the upper-left panel of Table 6, which have different effect sizes and opposite directions
among the off-diagonal cells so that the overall mobility effect in the DRM was diluted or
concealed. For occupational mobility, the DRM implied that downward mobility reduced
fertility by 10.1% (1-exp(-0.107), p<0.05), although none of other mobility variable
estimates seemed to be consistent with this conclusion. The MCM did not support this
conclusion in the OCG-1 data. This difference between the two models may arise from
possible sources discussed earlier including different model fits and the unbalanced study
design (i.e., unequal numbers of observations in each origin-destination combination) of the
OCG-1 data.

The DRM and the MCM analyses of the 1974-2018 GSS data suggest qualitatively
similar conclusions. However, the MCM could help researchers to pinpoint and identify
mobility effects that are heterogeneous in magnitude and direction. For example,

whereas the DRM results implied that occupational downward mobility reduced fertility
by 9.4% (1-exp(—0.099), p<0.001), the MCM revealed that this negative relationship

was primarily driven by the upper-white-collar-to-lower-white-collar mobility group (1-
exp(—0.135)=12.6% lower, p<0.01). For another example, the DRM found that fertility
was 10.7% lower (1-exp(—0.113), p<0.05) for those who experienced educational downward
mobility. The MCM further showed that this overall negative association was in fact an
average of the mostly negative effects of educational mobility from the lowest and highest
origin statuses and the positive effect of the high-school-to-less-than-high-school mobility
(exp(0.253)-1=28.8% higher, p<0.01).

The reported deviance test and AIC statistics for the DRMs are based on the best-fit DRMs among the three that we fit for each
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Substantively, the empirical evidence from the MCM suggests that with few exceptions,
intergenerational educational mobility was associated lower fertility in both the OCG-1 and
the GSS data, regardless of the direction or steps of intergenerational mobility. Such results
appear to be more consistent with the dissociative hypothesis (lower fertility among both
the upward and downward mobility groups) than the selection hypothesis that predicts more
children among the downwardly mobile and fewer children among the upwardly mobile.

At the same time, the MCM analysis found that the direction of the fertility-mobility
association differs depending on origin status. For example, in the GSS analysis, downward
educational mobility implied 7.0% to 41.6% fewer children for those with college-educated
parents but 28.8% rmore for the downward mobility group whose parents had a high-school
diploma. Such heterogeneous associations merit future investigation of distinct mechanisms
and responsible factors that may operate differently to link fertility with intergenerational
mobility for individuals from different SES backgrounds. We caution that because of limited
fertility measurement and biosocial variables, our empirical analysis is far from a full
investigation of the mobility-fertility association, and the empirical evidence for examining
the mobility-fertility hypothesis should be taken as suggestive not conclusive.

6. Discussion

In this research, we developed a new method, called the “mobility contrast model” (MCM),
for investigating the heterogeneous effects of intergenerational mobility on social and
demographic outcomes. Compared to the state-of-the-art diagonal reference model (DRM)
—a rigorous and parsimonious model for studying mobility effects in the absence of
large-scale social mobility—the MCM provides more accurate and reliable estimates of
mobility effects that differ in magnitude/size or direction, and the results are robust to the
scale of intergenerational social mobile. The MCM is also flexible to include additional
covariates such as age, gender, or race. Using the new method, we re-examined data from
the 1962 Occupational Changes in a Generation Study (OCG-1) and the 1974 through 2018
General Social Survey (GSS) from male respondents. We found that in both data sources,
educational mobility and, to a much lesser extent, occupational mobility were differentially
associated with number of children depending on one’s origin and/or destination status.
Such heterogeneous effects of intergenerational mobility are difficult to pinpoint using the
DRM.

What model should a researcher choose to investigate intergenerational mobility effects?
As illustrated in Table 8, we recommend that when the investigator has theoretical reasons
to expect homogeneous mobility effects (i.e., the effect size or direction does not vary
across mobility groups) and empirical evidence that intergenerational social mobility occurs
at a small scale (i.e., the nonmobility group substantially outnumbers mobility groups
combined), the DRM may be used as a parsimonious model that yields reliable estimates.
However, when theory is lacking about the size or direction of mobility in different mobility
groups, the MCM should be preferred to the DRM, especially when the data distribution
suggests moderate- or large-scale intergenerational mobility.12 For researchers interested in

1279 assess the scale of intergenerational mobility in the data, interested researchers may create a frequency distribution table (see
Table 5 for an example) with origin categories defining the rows and the destination the columns. The scale of intergenerational
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identifying distinct mobility groups, the MCM serves such research goals better than the
DRM.

We give four remarks to help interested readers better understand the MCM and interpret
the results. First, as methodologists, our goal is to provide tools that allow researchers to
describe the social processes and phenomena that they are studying. This methodological
goal can be accomplished by improving algorithm and model fit, introducing a new study
design (e.g., longitudinal studies compared to cross-sectional studies), or specifying new
parameters (e.g., a set of interaction contrast compared to unstructured interaction terms).
What ultimately matters is that the method offers insight where previous approaches do
not. As we have demonstrated in the simulation study and the real-world mobility-fertility
example, the MCM that we propose in the current research provides a more refined
assessment of effect heterogeneity and is robust to the scale of intergenerational mobility.

Second, although we follow convention of using the term “mobility effects” in the current
study, it is important to note the associational nature of our estimands. While interaction
effects are useful for suggesting that the association between an outcome and the origin

(or destination) SES depends on the destination (or origin), it requires further theoretical
and methodological consideration to assess whether they represent causal effects of social
mobility. The MCM should be considered a first step toward better characterizing and
understanding the implication of social mobility for various social, demographic, and health
outcomes.

Third, informed by the sociological concept of social mobility, the MCM quantifies mobility
effects as a set of contrasts in the interaction between origin and destination main effects.

In creating interaction contrasts in Step 2 of the MCM, we used origin-specific contrasts,
meaning that socially mobile individuals are compared with the nonmobile of the same
origin. Technically, it is possible to construct destination-specific contrasts that compare

the mobile and the nonmobile of the same destination. However, as we discussed earlier,

it appears that origin-specific contrasts are more closely tied to the sociological concept of
social mobility than destination-specific ones. Nevertheless, one may develop many other
types of interaction contrasts, but whether they are meaningful or interpretable should be
guided by conceptual considerations.

Fourth, one may be concerned that modeling mobility as the interaction between the main
effects of origin and destination status “prioritizes” the status effects over mobility effects.
It is true that in many cases, an interaction term may be difficult to interpret besides
suggesting that the effect of one variable depends on the other. In the context of mobility
research, however, researchers are well positioned to interpret the interaction term in a
substantively meaningful way as intergenerational mobility. Although origin and destination
statuses are modeled as main effects, it does not mean that they are more important than
their interaction. As we demonstrated in the fertility example, the interaction terms were

mobility can be assessed based on the ratio between the number of participants who are socially mobile and those who are socially
nonmible (i.e., mobility-nonmoblity ratio). For example, we used a mobility-nonmobility ratio of 1:4 in Table 2*s upper-right panel
to represent a small-scale mobility scenario and a mobility-nonmobility ratio of 2:3 in Table 2*s lower-right panel to generate a
moderate-scale mobility scenario.
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substantially larger in size than the origin and destination main effects. To a certain degree, it
is fair to say that origin, destination statuses and mobility are all abstractions.

Our empirical investigation of the mobility-fertility hypothesis focused on comparing results
from the DRM and the MCM, and is thus far from a thorough treatment of the substantive
topic. We note two important limitations in the empirical analysis and point to promising
avenues for future research. First, to speak directly to the debate in the literature and to
minimize confounding from competing factors, we followed prior research (Goldthorpe
1983; Sobel et al. 2004) and used a selected group of US-born men in the mobility-fertility
analysis. To be sure, the experience of and/or the response to social mobility are likely
different depending on individuals’ social and demographic characteristics, so we do not
assume that social mobility uniformly affects individuals’ well-being (Akee et al. 2019;
Breen and Whelan 1995; Cheng 2020; Cheng et al. 2019; Friedman 2014; Goldscheider

and Uhlenberg 1969; Mouzon et al. 2018; Vallejo 2012). For example, women may be

more susceptible to negative mobility effects because that women are more likely to be
affected by interpersonal and social stressors (Matud 2004; Rudolph 2002). Family roles and
relationships and their implications also differ for men and women and may mediate and/or
moderate their responses to social mobility (Abbott 1987; Albright 2008; Arora-Jonsson
2011; Boyd 1994; Diprete and Buchmann 2006; Goldin 2006; Kravdal and Rindfuss

2008). Future research may investigate whether and how social mobility is differentially
linked to fertility and other outcomes and behaviors between men and women and among
sociodemographic groups.

Second, in addition to the classical OCG-1 data collected in 1962, we examined the
mobility-fertility hypothesis using the more recent 1974-2018 GSS data. Because fertility
decreased among younger birth cohorts, we included cohort fixed effects in the analysis
to account for as much time-related heterogeneity as possible. For both the DRM and
MCM analyses, an important assumption in this fixed-effect approach is that the effects
of socioeconomic status and mobility on fertility should be similar over the study period.
However, it is possible that the effects of status and social mobility on fertility and other
outcomes in the 2010s may differ from those in the 1980s. Future studies may examine
the validity of such an assumption by, for example, including random slopes in the MCM
that allow the effects of mobility to vary among cohorts, across time periods, or over the
life course. Additionally, a mixed-effects version of the MCM with random-intercepts and
random-slopes can be specified to investigate time-varying variables such as employment
and marital status in mobility-fertility research (see, e.g., Billingsley et al. 2018).

Lastly, the MCM can be extended to investigate questions in and beyond the field of

social stratification. For example, although the methodological exposition and empirical
demonstration in the present research focus on intergenerational mobility between two
generations, i.e., between parents and children, the idea of the MCM can be easily extended
to multigenerational studies where more than two generations are concerned. For example,
two sets of interaction contrasts, one between the statuses of parents’ and children’s and

the other between grandparents’ and grandchildren’s, can be simultaneously included in an
MCM to estimate and infer the effects of multigenerational social mobility effects on a range
of social and demographic outcomes.
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The MCM approach also encourages methodological development in other areas of long-
standing interest. For example, scholars of educational heterogamy are interested in how
educational homogeneity or heterogeneity (i.e., marriage forms between persons of the
same or different levels of educational attainment) may affect (beyond the education

level of each partner) such outcomes as marriage duration, life satisfaction, and other
aspects of social well-being. For another example, immigration and assimilation researchers
may wish to study how age of entry, age at time of survey, and duration of stay (as

a measure of assimilation) may affect immigrants’ health and well-being. Investigators

of these substantive questions have faced a methodological challenge of the same nature

as in mobility effects models: The information in the third variable (e.g., educational
heterogeneity; duration of stay) is completely determined by the other two (e.g., education
level of each partner; age of entry and age of survey). Although the MCM is designed for
studying social mobility effects, its emphasis on the correspondence between conceptual
substance and statistical quantity and its focus on the interdependent and interactive effects
of linearly dependent variables may be useful for addressing the aforementioned inquiries
and possibly others.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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