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Abstract

In this paper, we explore nonlinearities in the intergenerational mobility process using threshold
regression models. We uncover evidence of threshold effects in children’s outcomes based
on parental education and cognitive and non-cognitive skills as well as their interaction
with offspring characteristics. We interpret these thresholds as organizing dynastic earnings
processes into “status traps”. Status traps, unlike poverty traps, are not absorbing states.
Rather, they reduce the impact of favorable shocks for disadvantaged children and so inhibit
upward mobility in ways not captured by linear models. Our evidence of status traps is based
on three complementary datasets; i.e., the PSID, the NLSY, and US administrative data at
the commuting zone level, which together suggest that the threshold-like mobility behavior we

observe in the data is robust for a range of outcomes and contexts.

Keywords: intergenerational mobility, threshold regression, inequality, poverty traps.
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1 Introduction

The intergenerational elasticity of income (IGE) between parents and offspring continues to

be a standard measure of intergenerational mobility. Accepted estimates of the IGE have

evolved from 0.2 (Behrman and Tarbman (1985)) to 0.4 (Solon (1992)) to 0.6 (Mazumdex

(2005)) although very recent estimates are lower; e.g.. 0.45 for the United States (Chetty,

Hendren, Kline, and Saez (2014)). These different estimates reflect two factors: First, the
natural object of interest for the IGE is permanent income, so the emergence of longer data
sets has produced more accurate permanent/transitory income decompositions. A second
factor, key to the divergence of Chetty, Hendren, Kline, and Saez (2014) from other studies,
is that IGE estimates are very sensitive to treatment of zero income. These authors show how

different approaches to addressing 0’s in income data can produce IGE estimates anywhere

from 0.26 to 0.7

Surprisingly, the literature on measurement of intergenerational mobility continues to
pay relatively little attention to nonlinearities in the relationship between offspring and
parental incomeH The primary work which deviates from the linear structure can be classified
into two main approaches based on whether the linear IGE model is viewed as a benchmark

or notf! The first approach that deviates from the linear IGE framework employs Markov

chain structures. For example, (Corak and Heisz (1999) and Hertz (2005) used transition

!Chetty, Hendren, Kline, and Saez (2014) measure spatial intergenerational mobility across US commuting
zones using a rank-rank regression, which allows them to compare the rank of children to others in their
birth cohorts with the rank of parents in relation to other parents with children in the corresponding cohorts.
Another distinct feature of their study is that unlike previous studies, which are mainly based on survey
data (e.g., PSID and NLSY), they employ a novel dataset based on federal income tax records for a core
sample of 1980-82 birth cohorts.

2As shown in (2004), a linear specification may be derived from the foundational Becker and Tomes
(1979) model of intergenerational mobility under particular functional form assumptions. The work of
(1981) also nests a linear specification as a special case. The linearity finding, however, is not generic in the
space of utility and production functions consistent with these models.

3Table A.1 of the Online Appendix provides a detailed description of these studies.




probabilities to measure mobility while [Bhattacharya and Mazumden (2011) developed

nonparametric methods to estimate the effects of covariates on transition probability of
movement across income quantiles. One problem with transition matrices is that they do
not provide a unique summary statistic of mobility. To overcome this problem Bhattacharya
and Mazumder (2011) proposed to measure the upward mobility as the probability that the

adult child’s percentile rank exceeds that of the parents

The second approach takes the linear IGE model as a benchmark and explores

possibilities for nonlinearity as a direct extension of that model. To do so, these studies

have employed regression tree methods (Cooper, Durlauf, and Johnson (1994)), the addition

of polynomial terms to an initial linear model (Couch and Lillard (2004). Bratsberg, Roed,

Raaum, Naylor, Jantti, Eriksson, and Osterbacka (2007)), nonparametric regression (Corak

and Heisz (1999), Minicozzi (2003)), quantile spline regression (Grawe (2004)), and a

composite disturbance term (Cardak, Johnston, and Martin (2013)). The results of this work
do not admit easy characterization. For example while Cooper, Durlauf, and Johnson (1994)
conclude that there is far more persistence in the tails of the parental income distributions
than the middle, these other studies generally find that the marginal sensitivity of offspring
income to parental income is higher in the middle of the income distribution than for the

relatively affluent and relatively disadvantaged.

This paper contributes to the literature on measuring intergenerational mobility by
focusing on evidence for nonlinearities from threshold regressions. Our analysis complements
existing studies in two respects. First, threshold-type nonlinearities are suggested by two
classes of theoretical intergenerational mobility models. Of course, threshold-type behavior

is not logically entailed in the sense that every model in a class produces it. Rather, our

4Chetty, Hendren, Kline, and Saez (2014) proposed two statistics that describe the relative and absolute
mobility based on rank-rank regression. While their approach cannot be regarded as nonlinear, it turns out
that the rank-rank relationship appears to be linear in their sample unlike the log-log specification.



argument is that the core economic logic of each class makes a threshold specification
natural. One class of models which produce threshold-like behavior is defined by credit
constraints. Since Loury (1981) it has been well understood that mobility dynamics are

qualitatively affected by the inability of parents to borrow against the future income of

offspring in order to invest in education. |Galor and Zeira (1993) and [Han and Mulliga

(2001) are examples in which threshold-type regressions emerge as distinct intergenerational

transmission relationships for constrained and unconstrained families

Models of neighborhood effects; see, Benabou (1996) and [Durlau (1996&@), also produce

threshold-like relationships between parent and offspring income. Parental income partially
determines the quality of the neighborhood in which a child grows up. Neighborhood quality,
in turn, affects future adult income. In a model with strict stratification of neighborhoods by

income, linear transmission of socioeconomic status can occur within a neighborhood, while

different neighborhood quality levels produce different intercepts and slopes. [Loury (1977)
is an early study of the qualitative link between threshold effects and social factors in the

context of black/white inequality. Durlauf (1996b) produces an exact threshold relationship.

Beyond specific generative mechanisms, it is straightforward to see that models of
poverty traps can produce threshold-like structures for mobility. Why? Linearity can well

approximate behavior around a particular equilibrium; distinct equilibria are characterized

by distinct linear approximations. This was recognized in [Durlauf and Johnson (1995) in
the context of cross-country growth behavior. The same logic applies to intergenerational

mobility.

SGrawe (2004) challenges suggestions in [Becker and Tomes (1986) and Corak and Heisz (1999) that
a S-shaped relationship between parental and offspring income is a sign of credit constraints, since such a
pattern may be replicated by certain wage processes. This is true, but is not germane in our context since our
argument is that a class of theories suggests threshold approximations, not that there is a logical entailment
of any particular functional form for mobility. We see our exercise as structuring the construction of evidence
in a way that is sensitive to substantive theories of intergenerational mobility.



Poverty traps, of course, are idealizations both because of the determinism which literally

traps family dynasties and because their dependence upon levels of low incomes does not

capture secular per capita income growth. Following [Durlauf (2012), we argue that the
p p p g g ) g

plethora of models of poverty traps, when translated to environments with secular growth,
can be understood as status traps by which we mean that the appropriate way to think about
a trap in a growing economy is that the earnings outcomes of offspring of parents with low
incomes follow a qualitatively different transmission process compared to those of offspring
of parents with high incomes. Thus, while a linear model can well describe families within
particular income intervals, the differences in the transmission process themselves matter for
understanding persistence of income. Status traps, as we describe them, are not absorbing
states. But they have the property that they can reduce the impact of favorable shocks for
the disadvantaged on their children and so inhibit upward mobility in a way not captured

by linear models.

Our second contribution to the empirical intergenerational mobility literature issue
involves an expansion of mobility calculations to variables beyond income. In particular,
we explore how a range of socio-emotional parental characteristics affects the transmission

process. The literature on cognitive and noncognitive skills (Cunha, Heckman, and

Schennach (2010), [Heckman and Mossd (2014)) has identified the importance of these

characteristics in socioeconomic success and has established that the parental levels of these

characteristics matter in forming the environment in which children develop.

We provide evidence of status traps using three complementary datasets. First, we
investigate the divergence in the earnings of the offspring over time using PSID data for
cohorts ranging from 1952-1975 by estimating a threshold regression for each cohort group.
We find substantial evidence for status traps mainly due to differences in parental schooling.

The results suggest that the definition of each status group (or, regime) has evolved over



time and stabilized by the 1956-65 cohort group. The population is segmented into two
regimes depending on whether the offspring’s father had completed (at least) high school or
otherwise. Specifically, we find that members of the two regimes are converging towards
two different levels of long-run mean incomes with that for the low-father’s education
regime being persistently lower than that for the high-father’s education regime. We also
find evidence of greater persistence in intergenerational outcomes for the less advantaged
socioeconomic class and that the IGE for both regimes remain substantively apart through
the end of the sample period. These differences have a different meaning than that which
holds for a linear model. Specifically, the evidence of greater persistence in the low-status
regime should not be interpreted as slower catching-up of dynastic earnings across the low
to the high-status regimes. Rather, this finding should be interpreted as slower catching-up
of dynastic earnings within the low-status regime, which is characterized by a lower level of

long-run mean income.

Second, we employ NLSY data to study how family background affects the mobility
prospects of individuals by sorting individuals into mobility regimes using not only measures
of parental (mother’s) income as threshold variables, but also measures of parental cognitive
and non-cognitive skills. In general our results are consistent with those obtained using
PSID data. That is, we observe substantially more persistence in earnings outcomes for
members of less advantaged social groups. For this data set, we find that parental cognitive
and noncognitive skills play a role beyond income in influencing the prospects of children.
This result is consistent with the work of Heckman and others which suggests that family

income is far from a sufficient statistics for family influence.

Finally, we explore the determinants of upward mobility experiences of lower income
families across commuting zones (CZ’s) using US administrative data introduced by Chetty,

Hendren, Kline, and Saez (2014). We consider 31 location-specific determinants of spatial



mobility associated with 9 different theories. We find evidence that CZ’s are organized into
two mobility processes according to determinants associated with segregation. Our results
suggest that the role of location-specific factors in determining mobility differs substantially

between the two regimes.

The paper is organized as follows. Section [2] describes our methodology. Section
describes the data. Section [ presents the results on intergenerational mobility trends using
the PSID data. Section [ presents the results on skills-based traps using the NLSY data.

Section [0] presents the results on the determinants of spatial mobility using administrative

US data. Section [dconcludes. In an Online Appendix, [Durlauf, Kourtellos, and Tan (2016),

we provide a data appendix and collect supplementary results.

2 Methodology

2.1 The linear IGE model

The standard definition of intergenerational income elasticity (IGE), which is the starting

point for our analysis, is given by the coefficient 3 in the following linear model,
Vi =+ Py + 0z + e, (1)

where y;; is the child’s log permanent income and y,; is the parents’ income. z; is a
vector of other controls, typically involving age and age-squared that account for life cycle
considerations when measuring permanent income. e; is the regression error. When /3 is close
to zero, parents’ income is a weaker predictor of child’s income implying greater mobility.

In contrast, when [ is close to one, the child’s position in the income distribution is more



dependent on her background.

2.2 The status traps model

The linear IGE model rules out a range of interesting phenomena that are important in
positive and normative understandings of mobility. To see this, consider a model that allows
for status traps using different intercepts in equation () depending on whether parents’

income is above or below a threshold value 7.

a1+ Byo + 0’z + e Yo <
Y1, =
g+ Byoi + 0"z +ei, Yo >y
Equivalently, by defining d, = a3 — o and an indicator function, I(yy; < =), which takes

the value 1 if yo; < and 0 otherwise, one can rewrite the model as

Y1 = 2+ 0ol (Yo <)+ Byio+ 0z + e, (2)

It is straightforward to see that the IGE estimate in equation (1) that does not account for the
existence of the status trap will be biased because the omitted threshold term 0,1 (yo; < 7),
is correlated with parents’ income. Hence, the estimated IGE will not consistently estimate
the structural parameter . Further, the nonlinearity in this model implies that the IGE is
insufficient as a metric for mobility. If two family dynasties have different intercepts, average
family incomes will never be equal, even though there may be reversals of relative status of
the two families across generations. This inequality is at the core of concerns about ethnic

inequality and as such, an integral part of measuring equality of opportunity.

This model may be generalized to allow both for nonlinearities in S and parameter

heterogeneity in the sense that the parameters a and/or § are different across regimes

7



not only because of parental income but because of other fundamental determinants such
as parents’ human capital. In other words, the multiple regimes may arise due to other
threshold variables beyond parents’ permanent income. Consider a threshold variable, ¢;,
which may also belong to the vector of regressors (v, 2;)’, and define the indicator function
di(v) = I(q; < 7). Then, the general status traps model takes the form of a threshold
regression

Yin = o+ Byo; + 0"z + 0adi(7) + 05Y0,:di(7) + dpzidi(y) + €, (3)

where o = ay, = 2, 0 = 03, 64 = 1 — 2, 0g = 1 — [a, and dg = 64 — O2. ¢ is
a threshold variable, which may also belong to the vector of regressors z;. g captures
differences in the IGE across the two regimes while d, and dy capture differences in the
unobserved and observed heterogeneity of the process. This model embodies status traps
when 6 = (0,05, 9y)" # 014 As described in the Introduction, this threshold regression model
potentially captures the types of nonlinearities associated with credit constraints and/or

social interaction effects.

2.3 Estimation

The statistical theory for our status trap model is provided by [Hansen (2000) who proposed

a concentrated least squares method for the estimation of the threshold parameter. Under
certain assumptions the asymptotic distribution of the threshold parameter ~ is nonstandard
as it involves two independent Brownian motions and the confidence intervals for ~ are
obtained by an inverted likelihood ratio approach. The regression coefficients for the two

regimes are obtained using least-squares (LS) estimation on the two sub-samples, separately,

6To see this note that under the assumption that the intergenerational process of dynastic income is
stationary then equation (B)) suggests that the long-run conditional means for the lower and upper regimes

are E(y;|zi,qi <) = O‘llt—%llzi and E(yf|zi,q > 7) = ozzit%zzi-7

respectively.



with standard asymptotic theory. To test for the presence of threshold effect, Hy : 6 = 0 vs.
H; : § # 0 we employ a heteroskedasticity-consistent Lagrange multiplier (LM) test. Under

the null hypothesis of a linear model (i.e., no threshold effect), the threshold parameter, -,

is not identified, and hence inference is not standard. Following [Hansen (1996) we compute

the p-values using a bootstrap procedure that fixes the regressors from the right-hand side of
equation (3) and generates the bootstrap dependent variable from the distribution N(0,¢7),

where €; is the residual from the estimated threshold regression model

3 Data

We employ three different but complementary datasets for our analysis: individual PSID and
NLSY data, and aggregated commuting zone data developed by Chetty, Hendren, Kline, and
Saez (2014). These datasets allow us to investigate distinct aspects of the intergenerational
mobility process. The PSID data has observations of individuals across a long time span,
43 years, and so is especially useful for the analysis of intergenerational relationships in
permanent income. The PSID data are thus especially useful in uncovering long run status

traps.

The NLSY and the children of the NLSY (CNLSY) data sets complement the PSID
permanent income calculations analysis as they contain information on the educational
attainment, cognitive skills, and non-cognitive skills of parents (educational attainment) and
children. These data allow us to extend our mobility analysis to dimensions beyond income
allowing us to incorporate insights of the new early childhood investment and skills literature
pioneered by Heckman and coauthors. This work demonstrates how skills formation is a key

mechanism in the intergenerational transmission of status.

"We apply a 10% trimming.



Finally, the CHKS dataset allows us to investigate the role of spatial/neighborhood
factors in determining the presence of status traps across commuting zones. These factors
provide unique information on the upward mobility experiences of lower income Americans
across commuting zonesH We investigate the possibility for heterogeneity in the barriers

posed to upward mobility across neighborhoods in the US.

3.1 PSID sample

We employ measures of the father’s and son’s family income, which includes the taxable
income of all earners in the family, from all sources, and transfer payments. Both income
variables are converted to 2008 dollars using the Consumer Price Index. To deal with outliers
we set annual earnings higher than $150,000 in 1967 dollars equal to $150,000 and set annual

earnings below $150 in 1967 dollars equal to zero

We measure intergenerational mobility patterns by matching fathers and sons for sons
who were born between 1952 and 1975 between the ages 36-45. This restriction is useful

in terms of comparing parents and children at similar points of the life cycle. We follow

Justman and Krush (2013) and aggregate the data into fifteen rolling ten-year cohort groups

for father-son pairs, defined by the sons’ birth years. The first cohort includes sons who were
born between 1952 and 1961 along with their fathers and the last one includes sons who

were born between 1966 and 1975 along with their fathers

8Following Chetty, Hendren, Kline, and Saez (2014) we focus on absolute upward mobility for two reasons:
First, the outcomes of disadvantaged families is the focal point of government policy and second, because the
outcomes of children from low-income families have more variation across areas than those from high-income
families.

9 We also trimmed observations higher than $150,000 or less than $150 in 1967 dollars as in Lee and
Solon (2009). The results were similar and available in the Online Appendix.

0While Lee and Solon (2009) employed a method that estimates time-specific IGE’s, we opted to follow
(2007) and estimate cohort-specific IGE’s. As Hertz (2007) argues, the Lee and Solon method is likely
to give rise to biases because it assumes a fixed age-structure of income for the whole period, does not allow
the inclusion of individual fixed effects, and omits other observable sources of heterogeneity (beyond age
effects) such as education.

10



We proxy son’s family permanent income with a ten-year average when the son is between
25-34 and parents’ permanent income as an average when the son is between ages 13-17. The
age range of 13 to 17 years is important if one is interested in studying the effect of parental
educational investments on offspring outcomes. Our sample is restricted to pairs of sons
and fathers for whom there are at least three non-zero income observations. The periods
were chosen to achieve the maximum number of similar observations across all cohorts and
at the same time facilitate comparisons of adult son’s economic outcomes with his family’s
resources when he was a teenager. Restricting the age range also minimizes concerns about
attenuation bias, which arises from variation in the shape of the age-income profile, and
hence controlling for age effects in the IGE regression is not necessary. For the purposes
of sensitivity analysis we also proxy the permanent family income of fathers and sons using
their predicted log income at age 40. This set of results; reported in the Online Appendix,

shows that our baseline results are robust

As an additional proxy for family environment, we use the number of years of completed
schooling by the parents. We distinguish between father’s schooling, mother’s schooling, and
parents’ schooling. As we will discuss in section 4, parents’ income and parental schooling
variables will act as possible threshold variables, ¢;, in the threshold regression model (3).

Descriptive statistics can be found in Table [B.I1l of the Online Appendix.

3.2 NLSY sample

We use data from the NLSY and the Children of the NLSY (CNLSY). The NLSY is a multi-

stage stratified random sample of 12,686 individuals aged 14 to 21 in 1979. Beginning in

1One implication of this predictive method for constructing the permanent income variables is that the
key variable in equation (1), namely, the logarithm of parents’ income is a generated regressor and as a result
standard inference may be distorted. That is why, we opt to use averages of actual incomes for our baseline
results.

11



1986, women in the original NLSY sample who had become mothers were given the mother-
child supplement to the NLSY, and their children were given cognitive and other assessments
creating the Children of the NLSY (CNLSY) dataset. In 1986, 3,053 women from the original
NLSY survey had 5,236 children. Mothers and children have been interviewed repeatedly
since 1984. In addition to income and demographics, the NLSY data provide seventeen
personality traits and behaviors of mothers and their children. Our balanced sample includes
1069 daughters and 931 sons. We focus on daughters but also report results on all children

in the Online Appendix.

The log permanent income of the daughter is measured as the logarithm of her family
income in the household in which she becomes the head or head’s spouse when she was aged
25 and older, averaging all available observations. It is observed in years 2006-2010 and at
ages 25 to 35. Log parents’ permanent income (PINC) is measured as the logarithm of the

average family income of the mother over the years when the mother is at least 25 years old.

We use two Peabody assessments to measure the child’s cognitive skills. The Peabody
Picture Vocabulary Test (PPVT) measures verbal aptitude or crystallized intelligence. The
Peabody Individual Achievement Tests in math (PTAT Math) measures fluid intelligence.
Each test is measured using age-adjusted percentile scores. We also measure mothers’
cognitive skills using her score on the Armed Forces Qualification Test (MAFQT) because
mothers in the NLSY79 cohort did not take any of the Peabody Individual Achievement

Tests.

Our non-cognitive skills measures include the Rosenberg Self-Esteem Score (ROSE) and
Pearlin Mastery Score (PEARLIN) for the child as well as the corresponding measures for the
mother (i.e., respectively, MROSE and MPEARLIN). We use the average raw item response

scores to measure these abilities. These non-cognitive indicators are commonly used in

the literature (e.g., IHeckman, Stixrud, and Urzua (2006)). We also use the child’s Ten-

12



Item Personality Inventory (TIPI) variables of openness to experience, conscientiousness,
extraversion, critical, and emotional stability to proxy the Big 5 Dimensions of Personality
(OCEAN) enness, Conscientiousness, Extraversion, Agreeableness, and Neuroticism,

respectively['¥ All cognitive and non-cognitive skills variables are standardized.

Finally, we consider the number of years of completed schooling for the mother (MSCH)
and the child. Descriptive statistics for this database are reported in Table [B.IL1 of the

Online Appendix.

3.3 Administrative sample

Following Chetty, Hendren, Kline, and Saez (2014), we use a measure of spatial
intergenerational mobility and 31 determinants across US commuting zones made available
by the Equality of Opportunity Projec. Details can be found in the appendix of Chetty,
Hendren, Kline, and Saez (2014). Once we eliminate missing observations our balanced

baseline sample includes 509 commuting zones.

Specifically, we focus on spatial absolute upward mobility (AM), which is defined as the
expected child rank of children born to a parent whose national income rank is p = 25
in a particular CZ This measure of mobility is constructed using rank-rank regressions
and as argued by Chetty, Hendren, Kline, and Saez (2014), it avoids at least two problems
of the standard log-log regression analysis. First, the standard log linear specification in
equation (1) is likely to yield biased estimates because it discards observations with zero

income and omits nonlinearities. In contrast, a rank-rank regression model can accommodate

12In unreported exercises we also considered exercises that used latent factors that were extracted from the
entire set of variables, which includes the remaining five variables from TIPI (Quiet, Warm, Disorganized,
Anxious, and Conventional) as well as the six variables from the Behavior Problems Index (Antisocial,
Dependent, Headstrong, Hyperactive, Peer, Conflict, and Depressed).

Bhttp:/ /www.equality-of-opportunity.org/

14We also investigated relative mobility with similar findings.

13



observations with zero income and it is more likely to be linear. In fact, it was found that
the relationship between the income ranking of children and the income ranking of parents is
linear. This implies that absolute upward mobility provides information about the expected

income rank of children of parents in the bottom half of the (national) income distribution.

The data on Child and Parent Income are obtained from the IRS Databank and matching
between parent and child is achieved using information from 1040 tax records. Children are
assigned to the commuting zone reported in the 1040 record of their parents. The baseline
analysis of Chetty, Hendren, Kline, and Saez (2014) is based on a core sample of 1980-82
birth cohorts and measures Parent Income as the average parents’ family income over the
years 1996 to 2000 and Child Income as the mean family income in 2011-12, when children

are approximately 30 years old.

The 31 determinants of mobility are organized into nine different theories: Segregation,
Income Distribution, Tax, K-12 Education, College, Local Labor Market, Migration, Social
Capital, and Family Structure. Tables [BIILIl and B.IIL2] of the Online Appendix provide

descriptive statistics and describe the variables, respectively.

Finally, we summarize the information and extract the common components from the
entire set of variables using a latent factor analysis based on maximum likelihood. Table
[C.IIT Il provides eigenvalues and sum of squared loadings. Most of the factors load heavily on
at least one theory. For example, Factor 1 appears to load heavily on family structure and
to a lesser degree on segregation. To overcome this interpretation problem we also construct
latent “theory” factors for each of the nine theories. Table presents the loadings for

these nine factors.

14



4 IGE trends

4.1 IGE under linearity

We first consider cohort-specific estimates of equation (1) for each of the 15 overlapping
cohorts in the PSID data (as described in section 3 above) starting with 1952-1961 and
ending with 1966-1975. We view this as a verification exercise to ensure that our data
sample delivers results that reflect those of the existing literature. Columns (1)-(2) of Table
provide estimates for, respectively, the intercept and IGE for earnings in the linear setting.
Across the 15 overlapping cohorts, we find estimates for IGE ranging from 0.33 to 0.49. These

estimates are, in fact, broadly consistent with those reported in the existing literature; see,

for instance, Black and Devereux (2011).

4.2 1IGE under nonlinearity

We next estimate equation (3) above using the 15 overlapping cohorts in the PSID. These

estimate reveal both within-cohort nonlinearity as well as temporal changes in nonlinearity.

4.2.1 Selecting the threshold variable

To do so, we first need to select a threshold variable from a set of variables describing parental
characteristics in order to define the multiple regimes in (3). Hence, for each of these 15
cohort groups, we test for the presence of multiple regimes in the intergenerational mobility
process as characterized by the IGE regression in equation (3) above. Table [ presents
results for the threshold test (described in Section 2.3) across the 15 cohorts for 4 different

threshold variables: log parents’ family income, father’s schooling, mother’s schooling, and

15



parents’ schooling. We reject the null of linearity for all of the cohorts at the 1% level using
the parental schooling variables as a threshold variable. The evidence for threshold effects
using log parents’ income is weaker but still suggest a strong divergence in intergenerational
mobility experiences manifesting in the more recent years of the sample; i.e., from the 1961-
70 cohort group. Finally, we did not find any substantial evidence for additional (i.e., more
than 2 in total) regimes when we applied the testing procedure sequentially within each

regime as in Hansen (2000).

4.2.2 Threshold regression results using father’s schooling as the threshold

variable

Tables 2l and 3 present the estimation results for the case of father’s schooling Table
2 presents the estimate for the threshold value and the 90% confidence interval for the
threshold parameter ~. To qualify these estimates, we also report the implied median for
son’s family income within the two regimes as well as outside the 90% confidence bounds
(we show the latter to account for possible misclassification of observations that fall within
these bounds). The results suggest that the definition of each regime has evolved over time.
In the initial PSID cohorts, the two intergenerational mobility regimes applied to children
of fathers who had either above or below middle/junior high school levels of education.
However, the threshold value for father’s schooling for the purposes of defining regimes has
progressively increased over time. By the 1956-65 cohort group, the population had been
segmented according to whether the offspring’s father had completed (at least) high school
or otherwise. The cohort medians-specific of son’s family income document the divergence
in the outcomes over time. As Figure [I], reveals the distribution of son’s family income for

the higher regime (“red” boxplot) dominates the distribution for the lower regime (“blue”

15The results for the other schooling variables are similar and available upon request.
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boxplot). Interestingly, the median income for the rich appears to be higher than the 3"
quartile of the poor in almost all the cohorts. Furthermore, while both distributions appear

to be right-skewed, the distribution for the rich has a longer right-tail.

Columns (6)-(13) of Table 3 report the threshold regression estimates for both the
intercept and the IGE, respectively, for each regime within each of the 15 cohort groups.
Our results show that the IGE for earnings has been consistently higher across the whole
period for the low-father’s education regime; ranging from 0.67 to 0.26, than for the
high-father’s education regime; ranging from 0.38 to 0.20, suggesting substantially more
persistence in intergenerational outcomes for the less advantaged socioeconomic class. The
results also reveal that the IGE for earnings for both regimes were trending downwards
from the beginning of the sample until the 1962-71 cohort before trending upwards again.
Nevertheless, the IGE for earnings for both regimes remain substantively apart by the end
of the sample period. Similarly, the trends for the intercept suggest that members of the
two regimes are converging towards two different levels of long-run mean incomes with that
for the low-father’s education regime being persistently lower than that for the high-father’s

education regime. Figure [2 provides the corresponding graphs.

In summary, our analysis using PSID data suggests the existence of increasing
polarization in the income mobility process described by threshold differences in
socioeconomic background (as defined by father’s schooling attainment). The households
of sons of fathers who have not at least completed high school find themselves in a status
trap characterized by lower levels of mobility and long-run mean incomes. In the next
section, we attempt to dig deeper into how other characteristics of parents beyond education

attainment and income influence the mobility outcomes of their offspring.
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5 Skills-based status traps

We now turn to a discussion of our findings using NLSY data. Because the data in NLSY
includes a large set of measures on the cognitive and non-cognitive skills of mothers and their
offspring, it allows us to expand our analysis of how family background affects the mobility
prospects of individuals by sorting individuals into mobility regimes using not only measures
of parental income as threshold variables (as was achieved using PSID data in the section
above), but also measures of parental cognitive and non-cognitive skills. We are also able
to investigate the interactions between parental characteristics (i.e., income, cognitive and
non-cognitive skills) and offspring characteristics (i.e., cognitive and non-cognitive skills) in
sorting individuals into different mobility regimes. Consideration of these interactions is
motivated by the recent work on the role of non-cognitive skills in determining adult life
prospects In this sense, we obtain a more complete (and complex) picture of how family

conditions influence mobility prospects.

5.1 Confirmatory findings using NLSY

We first verify that our sample using the NLSY reproduces estimates for the IGE, in the
linear model given by equation (1), that are consistent with both those reported in the
existing literature as well as with those found using the PSID data in the above section.
Column 1 of Table Bl Panel B shows the results of a linear regression of log daughter’s family
income on the log of parents’ income and age effects associated with the child and mother.
We refer to this model as the short IGE regression model. The coefficient to the log of

parents’ income is therefore the IGE and can be comparably interpreted as in section 4

16See [Almlund, Duckworth, Heckman, and Kautz (2011) for a detailed survey and Heckman and Mosso

(2014) for discussion in the context of intergenerational mobility.
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above for the PSID case. We find that the IGE is estimated to be 0.43 and is significant at
the 1% level. Our results for the short linear IGE regression model are therefore consistent

with both the general consensus finding in the literature; see, Lee and Solon (2009) and

Levine and Mazumder (2003), as well as with our PSID estimates above.

5.2 Status traps based on parental skills

We next investigate the existence of status traps based on parental skills. We start by
carrying out a bootstrap heteroskedasticity-consistent Lagrange multiplier test for the null
hypothesis of linearity against the alternative hypothesis of two regimes for a set of threshold
variables, which includes the parents’ characteristics described in section 3 above; specifically,
log of parents’ income, mother’s AFQT score, mother’s Rosenberg Self-Esteem and Pearlin
Mastery score, and mother’s schooling. Table @] presents the bootstrap p-values for two
regime and multiple threshold regression models for the short regression model described
in the above section. The table also reports the corresponding residual sum of squared
errors (JSSE) jointly for all sub-samples and the Bayesian information criterion (BIC) of the
threshold regression. We find evidence of threshold effects in many cases. We then select
the best 2-regime model and the best multiple regime model according to BIC within each

family of models and report the results in Table 5.

5.2.1 Findings from the short IGE threshold regressions

In Panel A of Table 5 we find that daughters are organized into two regimes according to
whether their mother’s cognitive abilities (as measured by mother’s AFQT score) are below a
threshold value of 1.08. As we see in Panel B of Table 5, in both regimes, the IGE is positive

and highly significant, but the IGE for the low scoring regime (at 0.381) is substantially
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larger than that for the high scoring regime (at 0.255). We also report the boxplots for
parents’ income in Figure B that corresponds to the low and high AFQT regimes. From
the boxplots, we see that the distribution of the median for the high AFQT regime is even
higher than the third quartile of low AFQT regime. This finding is consistent with the PSID

results in section 4.

We also investigate multiple regimes models to see if we can find evidence of further
breaks within each of those regimes by implementing the threshold test on each individual
regime, sequentially Doing so provides us with a set of models with at least 3 regimes.
The best model, in this case, turns out to be a 3-regime model that is related to the best
2-regime model discussed above. Like the best 2-regime model, we find an initial sample
split according to whether the mother’s AFQT score is below a threshold value of 1.08, which
corresponds to the 84" percentile. However, we then also find a second sample split for the
high AFQT regime according to whether the mother’s Rosenberg Self-Esteem score is above a
value of 0.925, which corresponds to the 82" percentile. Daughters are therefore categorized
into 3 mobility regimes depending on whether they are offspring of low-cognitive ability
mothers, mothers with high cognitive abilities but low self-esteem, or mothers with high
cognitive abilities and high self-esteem. We find that the income outcomes for the group with
high cognitive abilities but low self esteem mothers to exhibit the highest intergenerational
persistence. But, like in the best 2-regime case above, we find that the group with the high
self-esteem mothers shows lower persistence (i.e., have the lowest IGE) compared to the
other two groups. The boxplots in Figure dl show that the worst outcomes are related to the
group with low AFQT and low self-esteem while the best outcomes are achieved by the high
AFQT regime.

1"The size of the test for both levels is set 10%. In unreported exercises we also investigated the effect
of using a more conservative size of the test (set at 1%) in the second level without finding substantial
differences.
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Our findings are consistent with those obtained using PSID data in section 4 above in
the sense that we observe substantially more persistence in earnings outcomes for members
of less advantaged social groups. The NLSY results, however, provide a more nuanced
characterization of these social groups. In both the best cases with multiple mobility
regimes, we find that these social groups are not characterized by family income, but, rather,
the cognitive and non-cognitive skills of mothers. The findings therefore suggest that the
influence of family background on mobility prospects goes beyond the economic resources of

the family and encompasses the personal characteristics and competencies of parents.

5.3 Expanding the short regression model to include child’s skills

We next proceed with a set of exercises that expands the short regression model to include
two measures of offspring cognitive abilities (i.e., PPVT and PIAT Math), seven measures of
offspring non-cognitive skills (i.e., Rosenberg Self-Esteem, Pearlin Mastery Score, Openness,
Conscientiousness, Extraversion, Agreeableness, and Neuroticism), and offspring’s schooling

attainment. We refer to this model as the long regression model; see, Table [d for the results

of the threshold tests and Table [7] for the regression results

18In both the short and long regression exercises, we focus on the intergenerational mobility between
mothers and daughters, but also consider the relationship between mothers and all their children (both
daughters and sons) in the Online Appendix. The results between the two samples appear to be
qualitatively similar, especially when we study the interactions between parental characteristics and offspring
characteristics.

9Tn the Online Appendix we also consider the best model (according to BIC) from a universe of models
obtained by appending the short model with all permutations of three groups of variables; i.e., the set of
daughter’s cognitive abilities, the set of daughter’s non-cognitive abilities, and daughter’s schooling. The
findings of these “best among all” models are qualitatively identical to those for the corresponding best long
regression models reported above except for the findings regarding the effects of daughter’s non-cognitive
abilities on her earnings.
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5.3.1 Findings from long IGE threshold regression models

Table 7 shows that, for the linear model, the IGE is substantially reduced compared to the
corresponding linear short regression model (from 0.43 to 0.22) once we control for offspring’s
cognitive and non-cognitive abilities and schooling. We also find that cognitive abilities
(both PPVT and PIAT Math) and schooling are highly significant and positive predictors
of offspring earnings. In terms of non-cognitive skills, we find that increased neuroticism has
a significant and negative impact on offspring earnings while increased agreeableness has a

marginally significant (at the 10% level) and positive effect.

We find that the best 2-regime model and the best model with at least three regimes,
however, both offer more nuanced findings compared to the linear model. In both cases,
daughters are classified into regimes characterized by their mother’s Rosenberg Self-Esteem
score. In the case of the best 2-regime model, daughters are organized into regimes based on
whether their mother’s Rosenberg Self-Esteem score is above or below a value of -0.753. In
the case of the best 3-regime model, the high-self-esteem regime for the best 2-regime model
is further divided into a group of daughters whose mothers have Rosenberg Self-Esteem scores
between -0.753 and -0.236, and one where mothers have Rosenberg Self-Esteem scores above
-0.236. The threshold values -0.753 and -0.236 correspond to the 227 and 45" percentiles

for the mother’s Rosenberg Self-Esteem score, respectively.

We note that the evidence for a third regime is not strong; the threshold test is rejected
only at the 10% level of significance. Nevertheless, we observe a remarkably consistent
pattern of findings across the regimes. We find that once daughter’s characteristics (i.e.,
cognitive and non-cognitive abilities and schooling) are controlled for, those in the most
advantaged regime have the more persistent outcomes (i.e., a larger coefficient to Log

Parents’ Income) than those in the least advantaged. The results therefore suggest that once
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daughter’s characteristics are taken into consideration, then, initial family conditions may
not be such an important factor in driving unfavorable earnings outcomes - the disadvantaged
daughters are relatively mobile and are therefore able to shed their initial disadvantage, while
the advantaged daughters enjoy some persistence in terms of their initial privilege. These
results are the opposite of what we found for the short regression models discussed in section
6.2 above. The suggestion therefore is that the key drivers of immobility and inequality
are potentially to be found in how various daughter’s characteristics determine earnings

outcomes across regimes.

In both the best 2-regime and best 3-regime models, daughter’s cognitive abilities (i.e.,
PPVT and PIAT Math) and schooling are significant predictors of earnings for daughters
across all regimes. However, the effects of daughter’s non-cognitive abilities (especially,
daughter’s Conscientiousness and Extraversion) on earnings are largely confined to those
in the low-mother’s self-esteem regime. For daughters in this most disadvantaged regime,
Conscientiousness and Extraversion are positively and significantly associated with earnings
outcomes. There is also weaker evidence that daughter’s Agreeableness may contribute
positively to earnings while greater Openness (perhaps associated with lower levels of self-

control or a higher propensity for risky behavior) leads to lower earnings.

These results suggest complexities in interactions between family background and
children’s own characteristics in determining mobility. Our next exercises explore these

interactions in more detail.
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5.4 Status traps determined by parents’ and daughter’s

characteristics

In this section, we describe results from threshold regression models where the regimes
are determined by the interaction between background variables associated with mothers
(specifically, mother’s schooling and parents’ income) and daughter’s characteristics (i.e.,
daughter’s cognitive and non-cognitive skills). We do so for two reasons. First, we
are interested in characterizing the stylized facts pertaining to heterogeneity in the
intergenerational mobility process and our findings above suggest that interactions between
parent and child constitute an important explanation for heterogeneity. But, more
importantly, the availability of parental resources and the quality of children’s characteristics,
and, in particular, their interaction, characterizes the optimal investment decisions that

parents make in their children according to a large class of family investment models; see,

for example, [Mulligan (1999) and [Cunha and Heckman (2007, 12009). As above, we consider

two specifications; i.e., the short and long regression models as described in section 5.2.1.

We first start by presenting the threshold tests in Table [ for multiple regimes for both
short and long regression models. In the case of the short regression model the best model
among the ones that have at least 3-regimes is a 4-regime model with the log of parents’
income as a level 1 threshold variable and the daughter’s PPV'T score as a level 2 threshold
variable. In the case of the long the short regression model the best model among the ones
that have at least 3-regimes is a 3-regime model with the log of mother’s schooling as a level

1 threshold variable and the daughter’s PIAT Math score as a level 2 threshold variable.
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5.4.1 Findings from short IGE threshold regression models

In Table @ we begin by describing the results for the best short regression model. As
in section 5.2.1 above, the coefficient to log parents’ income corresponds to the IGE. The
best model organizes daughters into four regimes: (i) a low-PINC/low-PPVT regime with
mothers having log family income below 10.99 (i.e., $59,278) and daughters with PPVT
scores below 0.160, (ii) a low-PINC/high-PPVT regime with mothers having log family
income below 10.99 (i.e., $59,278) and daughters with PPVT scores above 0.160, (iii) a high-
PINC/low-PPVT regime with mothers having log family income above 10.99 (i.e., $59,278)
and daughters with PPVT scores below 1.698, and (iv) a high-PINC/high-PPVT regime
with mothers having log family income above 10.99 (i.e., $59,278) and daughters with PPVT
scores above 1.698. The threshold value 10.99 corresponds to the 69" percentile for the log
parents’ income and the threshold values 0.16 and 1.698 correspond to the 64 and the 91°*
percentiles for the PPVT score, respectively. The boxplots in Figure Bl show the relative
daughter’s income for these four regimes. From the boxplots, we see that these 4 regimes,

as described above, are ordered in terms of increasing parents’ income.

The IGE results are qualitatively similar with the ones (in Table 5) when we only
considered parents’ characteristics as threshold variables in the sense that the high family
income (high PINC) regimes are less persistent (have lower IGE) than the low income (low
PINC) regimes. Within the low PINC regimes, the most disadvantaged regime; i.e., the
low family income regime with daughters with particularly low cognitive abilities (i.e., low
PPVT scores), the IGE is less persistent than the one with daughters with higher cognitive

abilities (the IGE for the former is 0.274 compared to the latter with 0.433).

The results suggest that daughters coming from families with sufficiently high incomes

experience high levels of earnings mobility, while even those daughters who are outside of
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the least achieving but coming from families with low family incomes still face relatively
high barriers to mobility. These findings are potentially consistent with the predictions of a
family investment model that emphasizes the importance of liquidity constraints in inhibiting

mobility; see, Mulligan (1999).

5.4.2 Findings from long IGE threshold regression models

Columns 7-11 of Table 9 show the results for the long regression model. In this case, the best
model is a 3-regime model where daughters are organized into (i) a low mother’s schooling
regime (i.e., where mothers have less than 12 years of schooling), (ii) a high mother’s
schooling/low daughter’s PIAT Math score regime with mothers having schooling above 12
and daughters with PIAT Math score below 0.069 and (iii) a high mother’s schooling/high
daughter’s PIAT Math score regime with mothers having schooling above 12 and daughters
with PIAT Math score above 0.069. The threshold values of 12 and 0.069 correspond to the
55 and 75" percentiles for the mother’s schooling and the daughter’s PIAT Math score,

respectively.

The daughters in the most disadvantaged regime (i.e., regime (i)) also face the lowest
levels of mobility conditional on their characteristics. For these daughters, higher levels of
cognitive abilities (i.e., PPVT and PIAT Math scores) and higher levels of schooling are
associated with increased earnings. Further, higher levels of conscientiousness on the part of
daughters are also associated with greater earnings. These results are qualitatively similar
to those obtained for the least advantaged regime in the case above in section 5.2.1 when we

only organize daughters into regimes based on their parents’ characteristics.

For the daughters in regimes (ii) and (iii) we find similarly that increased cognitive scores

(for PIAT Math) and schooling are associated with higher levels of earnings. However, we
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also find that some non-cognitive skills actually lead to lower earnings. For example, for
daughters who have mothers with high levels of education (i.e., above 12 years of schooling)
but who themselves have lower levels of cognitive abilities, increased levels of self-esteem are
actually associated with lower earnings. Similarly, for daughters with high achieving mothers
and who themselves possess high cognitive abilities, greater openness to new experiences and
conscientiousness leads to lower earnings. We conjecture that, for these daughters born to
highly educated mothers, it may be the case that those with higher self-esteem, who express
a seriousness towards the tasks of living, and who are open to new experiences may value

careers that present other rewards than those that are explicitly pecuniary.

In summary, our analysis using NLSY data confirms the qualitative findings using PSID
data. There appears to be strong evidence for the existence of status traps. The NLSY,
however, allows for a far richer description of these traps and strongly suggests that the
mobility experiences of individuals are dependent upon not just their own characteristics,

but those of their parents, as well as the interaction between the two.

6 Spatial mobility

We next explore the possibility that location-specific factors explain the divergent upward
mobility experiences of lower income families across CZ’s in the US. Our work extends the
influential work by Chetty, Hendren, Kline, and Saez (2014) by investigating the effect

of various determinants of spatial mobility by allowing for the possibility of parameter

heterogeneity across CZ’S In fact, the logic of neighborhoods models (cf. [Durlauf (2004))

naturally leads to parameter heterogeneity across the units of analysis, except for special

cases. These models exhibit deep nonlinearities so linear approximations will differ according

20As discussed in Section 3 absolute upward mobility measures the expected income rank of children of
parents in the bottom half of the national income distribution.
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to differences in the densities of observables across units.

Specifically, we estimate threshold regressions of spatial absolute upward mobility in the
jth C27
AMj :H;l’j—Fé;SL’jI(q]' < ’)/) +Uj, (4)

where j = 1,....;J. We consider three classes of threshold regression models defined by
different vectors of regressors ;. The first class of models utilizes the determinants of the
preferred specification of Chetty, Hendren, Kline, and Saez (2014) (CHKS model). The
second class uses the variables chosen by the best BIC specification among all possible linear
models (Best linear-BIC model) The third class of models uses the first factor from
each of the nine theories; what we referred to a “theory” factors in section 3 above (Factor
model). The results based on best BIC and the factor specifications should be understood
as conditional on model selection Our threshold regression results can be interpreted as
finding different location-specific predictors for the upward mobility experiences of lower

income Americans across CZ’s based on different threshold characteristics.

6.1 Evidence for spatial nonlinearities

For threshold variable ¢; (and for all three classes of models), we implement a bootstrap
heteroskedasticity-consistent Lagrange multiplier test for the null hypothesis of linearity

against the alternative hypothesis of a threshold regression model. We conduct the test

21Given the fairly large model space, we first use the leaps and bounds algorithm to obtain a number of
best models for each model size and then use BIC to select the best model. Alternatively, this model can be
viewed as the posterior mode model in a Bayesian model averaging (BMA) analysis using linear models; see
Kourtellos, Marr, and Tan (2015) who employ BMA to identify robust predictors of spatial mobility.

22Inference for the best BIC and the factor specifications is complicated by post-selection and estimation
error concerns, respectively. We are unaware of a model selection correction that applies to this environment
and note that similar issues arise in Chetty et al.’s reported results where models were selected based initially
on a set of correlation exercises. The latter observation is not meant to be criticism, but simply to clarify
parallels in terms of the difficulties faced here and in the existing literature. Nevertheless, the main findings
are in agreement with the results that use individual variables.
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using each of the 31 mobility determinants as well as the factors as threshold variables (one
at a time). Table shows the results for the threshold test for each of these threshold
variables. We also report the JSSE and BIC of the corresponding threshold regression. We
find substantial evidence that the assumption of a single linear model that applies across all
CZ’s is untrue irrespective of the choice of the threshold variable. For each of these threshold
regression models we find that the strongest evidence is for the ones that organize the CZ’s

into two mobility processes according to determinants associated with Segregation.

Across the 3 classes of models, the strongest evidence for a threshold split occurs when
either the Segregation factor or Share with Commute < 15 Mins is the threshold variable,
which characterizes the degree of spatial mismatch in the access to jobs. In the case of the
CHKS model, the CZ’s are organized into two regimes depending on whether the Share with
Commute < 15 Mins is above or below 0.407, which corresponds to the 70" percentile. In
the case of the best linear-BIC and the factor models the CZ’s are organized into two regimes
based on whether the segregation factor is above or below the threshold values -0.642 and
-0.68, which correspond to the 25" and 23'¢ percentiles, respectively. Our findings suggest
that lower income residents of CZ’s above a threshold level of economic segregation face
upward mobility prospects that differ significantly from those living in CZ’s that are less
economically segregated. Table [I1] shows the regression results for the absolute mobility
process for both CZ’s above and below the threshold value associated with the relevant

Segregation variable for all 3 models.
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6.2 Heterogeneous determinants of spatial mobility across regimes

6.2.1 Results for highly economically segregated CZ’s

What locational characteristics best explain the upward mobility prospects of lower income
residents in highly economically segregated CZ’s? We start with the results for the 9-Factor
specification because it is the model that includes all the 9 theories and gives the broadest
view of the findings. We find in the Factor specification that the factors for Taxation and
Social Capital are significantly (at the 5% level) and positively associated with absolute
upward mobility while the factors for Segregation, Income Distribution, and Family Structure
are significantly and negatively associated with it. As Table of the Online Appendix
shows, the Taxation and Social Capital factors load on total local government expenditure
and the Social Capital Index, respectively, while the Segregation, Income Distribution, and
Family Structure factors load on Commute, the mean level of household income per working
age adult in the CZ, and the Fraction of Children with Single Mothers, respectively. Our
findings here therefore suggest that both higher levels of local public goods provision along
with higher levels of community engagement and stronger social networks help residents of
more economically segregated CZ’s achieve upward mobility while lower access to jobs, lower
income levels, and stress on the traditional family structure potentially hinder the upward

mobility prospects of residents.

These findings from the factor specification are generally upheld by the results from
the other two models. For the Chetty et al. model, we first verify that the results of the
linear model replicate the coefficient estimates and significance of column 1 of Table IX in
CHKS. We find that this is indeed the case albeit with small differences in the magnitude

of the coefficients due to the smaller sample we used as discussed in section 3 In the

23In particular, the Racial Segregation, High School Dropout Rate, and Fraction Single Mothers are all
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CHKS model, for highly economically segregated CZ’s, we find that higher values for the
Social Capital Index and a lower Fraction of Children with Single Mothers are associated
with higher levels of absolute upward mobility. This confirms the corresponding findings in
the Factor specification. However, the Chetty et al. specification is rather limited in the
sense that it is restricted to only a handful of variables chosen by Chetty et al. from a set

of univariate exercises reported in Chetty, Hendren, Kline, and Saez (2014).

When we consider a larger specification associated with the best BIC model, we find
that there is general agreement with the Factor specification findings, but also further and
sometimes alternative insights into the upward mobility process for low income residents
in highly economically segregated CZ’s. For example, the best BIC specification finds that
not only is access to jobs important for upward mobility, but also the degree of Racial
Segregation. For highly economically segregated CZ’s, higher levels of Racial Segregation
are associated with lower levels of absolute upward mobility. The best BIC specification also
finds that it is the degree of State Income Tax Progressivity rather than the level of public
goods provision (associated with the level of local government expenditures) that raises the
upward mobility prospects of these residents. The best BIC specification also proposes other
channels for explaining upward mobility in these highly economically segregated CZ’s. It
argues that higher school quality with respects to K-12 Education leading to lower high
school dropout rates and a local labor market that is less reliant on manufacturing are
associated with better upward mobility outcomes for this set of CZ’s, while having more

degree-granting colleges per capita in these CZ’s does little for upward mobility.

statistically significant and negatively affect absolute upward mobility. The Social Capital Index is also
statistically significant but it is positively associated with absolute mobility. The Gini Bottom 99% does not
appear to have a significant effect on mobility.
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6.2.2 Results for less economically segregated CZ’s

What about the upward mobility prospects of lower income residents in less economically
segregated CZ’s (i.e., CZ’s below the Segregation threshold value)? How do the explanations
for upward mobility for residents in these CZ’s differ from those for residents in highly
economically segregated CZ’s? In fact, many of the determinants that explain upward
mobility in highly economically segregated CZ’s also impact those living in less economically
segregated CZ’s. For example, in our Factor specification, we find significant evidence that
Segregation, Social Capital, and Family Structure are all significant explanations for upward
mobility in less economically segregated CZ’s as they also were for residents living in highly
economically segregated CZ’s. However, Income Distribution and local Taxation factors turn
out to be unimportant in explaining the upward mobility prospects for the former group.
Instead, crucially, the quality of K-12 Education is now highly significant in explaining

upward mobility (for the residents of highly economically segregated CZ’s).

While residents of both types of CZ’s share similar concerns, the degree to which
particular factors explain their upward mobility prospects differ across these groups. Our
findings suggest that the impact of Segregation (both racial and economic) on upward
mobility is actually larger for the set of less economically segregated CZ’s. Similarly, the
importance of the quality of K-12 Education applies more strongly to the less economically
segregated CZ’s while the degree of Social Capital appears to be more important in
determining the upward mobility prospects of residents of highly economically segregated
CZ’s. This pattern of findings is largely upheld in the Chetty et al. specification. In the
best BIC specification, the key differences of note are that now, for the residents of highly
economically segregated CZ’s, Social Capital and Racial Segregation are no longer important

explanations for upward mobility.
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In summary, our findings using Chetty et al.’s CZ’s data suggest that household and
individual characteristics (as explored in the previous sections above) are not the only factors
that potentially drive the formation of status traps. Neighborhood factors play a potentially
important role as well. Our results suggest that while residents of CZ’s characterized by
different levels of economic segregation potentially share common purpose in seeing the
alleviation of particular negative locational characteristics so as to empower their economic
prospects, the emphasis and importance they place on specific types of characteristics

potentially differ across the two groups.

7 Conclusion

The main contribution of this paper is to document the presence of status traps using
threshold regression models and exploiting three complementary datasets, namely, the PSID,
the NLSY, and US administrative data at the commuting zone level introduced by Chetty,
Hendren, Kline, and Saez (2014). We argue that status traps can reduce the impact of
favorable shocks for disadvantaged children and so inhibit upward mobility in a way not
captured by the linear IGE model. Threshold regressions provide a parsimonious way to
capture these nonlinearities and do so in a way that is consistent with social influences or
credit market constraints as sources of transmission of status of parents to offspring. That

said, the evidence we provide can only be regarded as suggestive in terms of mechanisms.

A natural complement to this paper, which focuses on statistical structure, is the

integration of explicit economic structure to the analysis. Structural threshold regression

models (e.g., (Caner and Hansen (2004) and [Kourtellos, Stengos, and Tan (2015)) provide

potential ways to proceed. A further extension is to consider the issue of modeling the

uncertainty that arises in choosing the threshold variable and the regressors. This situation

33



arises because different theories of intergenerational mobility imply different regressors and
different threshold variables as a source of heterogeneity. One possible way to deal with this

problem is to generalize existing model averaging methods that apply to linear models (e.g.,

Brock and Durlauf (2001) and [Hansen (2007)) to threshold regression.
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Figure 1: Regime-Specific Boxplots for Child’s Family Income

This figure presents boxplots for the implied child’s family income from the threshold regression model using father’s schooling as a threshold
variable for the 15 cohorts. The blue boxplot refers to the low regime while the red boxplot refers to the high regime. The boxplot shows
the bottom and top of the box as the lower and upper quartiles, and the band near the middle of the box is the median. The ends of the
whiskers represent the lowest datum still within 1.5 times the interquartile range (IQR) of the lower quartile, and the highest datum still

within 1.5 IQR of the upper quartile. The plus signs could be viewed as outliers only if the data in population were normally distributed.
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Figure 2: Threshold Regression Coefficients

This figure presents time plots for the estimates of the intercept and IGE from the linear model the threshold regression model and using
father’s schooling as a threshold variable for the 15 cohorts.
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Figure 3: Boxplots for the two Regime Short Threshold Regression: Parents’ Characteristics

This figure presents boxplots for the implied parents’ income from two-regime regime short threshold regression models described in Table 5.
The “Low” and ”High’ regimes in the two regime model refer to low and high Mother’s AFQT.
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Figure 4: Boxplots for the Multiple Regime Short Threshold Regression: Parents’ Characteristics

This figure presents boxplots for the implied parents’ income from multiple regime regime short threshold regression models described in
Table 5. The “Low-Low”, “Low-High”, and “High” refer to low mother’s AFQT and low mother’s Rosenberg self-esteem, and low mother’s
AFQT and high mother’s Rosenberg self-esteem, and high mother’s AFQT, respectively.
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Figure 5: Boxplots for the Multiple Regime Short IGE Regression: Parents’ and Daughter’s
Characteristics

This figure presents boxplots for the implied parents’ income from multiple regime short threshold regression models described in Table 9.
The “Low-Low”, “Low-High”, “High-Low”, and “High-High” refer to low log parents’ income and low daughter’s PPVT, low log parents’
income and high daughter’s PPVT, high log parents’ income and low daughter’s PPVT, and high log parents’ income and high daughter’s
PPVT regimes, respectively.
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Table 1: Threshold Tests for IGE Regressions - PSID data

This table presents bootstrap p-values of a heteroskedasticity-consistent Lagrange multiplier test for the null hypothesis of a linear model
against the alternative hypothesis of a threshold regression model in equation (3) for 15 cohorts and alternative threshold variables. The
dependent variable is the log son’s family income and the regressor is the log parents’ income.

Threshold Variables

Cohort Log Parents’ Income Father’s Schooling Mother’s Schooling Parents’ Schooling

(1) (2) 3) (4)
1952-61 0.317 0.031 0.049 0.071
1953-62 0.284 0.004 0.003 0.007
1954-63 0.027 0.000 0.004 0.001
1955-64 0.110 0.000 0.077 0.003
1956-65 0.155 0.000 0.055 0.000
1957-66 0.331 0.000 0.022 0.002
1958-67 0.243 0.000 0.010 0.001
1959-68 0.164 0.000 0.058 0.002
1960-69 0.040 0.000 0.011 0.000
1961-70 0.024 0.000 0.033 0.000
1962-71 0.010 0.000 0.013 0.000
1963-62 0.013 0.000 0.070 0.000
1964-73 0.170 0.000 0.003 0.000
1965-74 0.063 0.002 0.120 0.001

1966-75 0.061 0.003 0.103 0.000
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Table 2: Threshold Parameter Estimates using Father’s Schooling as a Threshold Variable - PSID data
This table presents threshold estimates for 15 cohorts for the threshold regression that uses father’s schooling as a threshold variable in
equation (3). The dependent variable is the log son’s family income and the regressor is the log parents’ income. It also reports the median
of son’s family income within the two regimes as well as the median outside the lower and upper bounds.

90% CI Interval Median of Son’s Family Income

Cohort Threshold Lower Upper Low High Below Lower Above Upper

Estimate bound bound bound bound
(1) (2) (3) (4) () (6) (7)

1952-61 9 8 16 47989 67948 38310 77947
1953-62 9 8 16 42321 67737 37485 73061
1954-63 9 8 16 40900 67439 34948 73458
1955-64 9 8 16 42321 67858 37143 77947
1956-65 12 9 16 59063 73889 39259 81752
1957-66 12 9 16 56982 74360 40602 85332
1958-67 12 10 16 56967 77947 41308 83483
1959-68 12 10 16 55111 77985 41308 81116
1960-69 12 10 16 55111 77600 42515 80901
1961-70 12 10 16 55641 77884 41308 83483
1962-71 13 10 16 55111 83521 46877 89415
1963-72 12 10 16 57895 78098 51245 92445
1964-73 12 10 16 58105 78023 51245 89958
1965-74 13 10 16 59798 79619 51139 90501

1966-75 13 10 16 59101 78954 51139 86680
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Table 3: IGE Regression Coefficient Estimates - PSID Data

This table presents coefficients estimates of the linear IGE model in equation (1) as well as of the threshold regression in equation (3) for 15 cohorts using father’s schooling as
a threshold variable. The dependent variable is the log son’s family income and the regressor is the log parents’ income. Heteroskedasticity consistent standard errors are given
in the parenthesis. *** ** and * denote significance of the threshold effect at 1%, 5%, and 10%, respectively.

Linear IGE Regression Threshold IGE Regression
Low High
Father’s Schooling Father’s Schooling
Regime Regime
Cohort Intercept IGE Sample SSE BIC Intercept IGE Sample Intercept IGE Sample JSSE BIC
Size Size Size

(1) @ (4) (5) (6) ™ ® ) (10 (1 (12) (13

1952-61 5.716%**  0.471%** 532 119.410  -1.467 5.804%¥*  (.442%** 88 6.735%**  (.384%** 444 116.690  -1.504
(0.564) (0.050) (1.587) (0.146) (0.606) (0.053)

1953-62 5.723%¥*  (0.470%** 526 121.640  -1.437 4.961%%*  (0.523*** 79 7.050%**  0.356%** 447 117.170  -1.489
(0.578) (0.051) (1.569) (0.144) (0.631) (0.055)

1954-63 5.682%**  (.473%** 505 121.980  -1.392 3.338%*  0.667*** 71 T.A418%FF* (.324%** 434 114.470  -1.471
(0.596) (0.052) (1.547) (0.143) (0.631) (0.055)

1955-64 6.360%**  (0.414%** 503 125.630  -1.359 5.263%**  (.493%** 65 T.T07TF*E - (0.299%F* 438 119.930  -1.420
(0.596) (0.052) (1.612) (0.149) (0.640) (0.056)

1956-65 6.254%%*  (.424%** 480 117.790  -1.375 6.248%***  (.419%** 284 9.154%** 0.181%* 196 113.290  -1.430
(0.627) (0.055) (0.844) (0.075) (1.059) (0.092)

1957-66 6.243%*%  (.425%%* 467 118.800  -1.338 6.591%**  (.387*** 276 8.78G*** 0.214%* 191 114.040  -1.395
(0.627) (0.055) (0.867) (0.078) (1.034) (0.090)

1958-67 6.366%**  (0.415%** 463 120.850  -1.312 6.998***  (.351%** 264 8.7TH¥**  (0.217%** 199 115.060  -1.378
(0.615) (0.054) (0.895) (0.080) (0.933) (0.081)

1959-68 6.594%**  (0.396%** 461 121.010  -1.307 T.54TFFE(0.301%** 251 8.385***  (.251%** 210 114.170  -1.381
(0.595) (0.053) (0.904) (0.081) (0.835) (0.073)

1960-69 6.956%**  (0.365%** 459 119.770  -1.312 T.125%**F (0.340%** 241 9.2471%%* 0.178** 218 111.160  -1.403
(0.750) (0.066) (0.919) (0.083) (0.987) (0.086)

1961-70 7.095%**  (.355%** 438 113.260  -1.320 7.222%¥*% - (.331%** 218 9.246%** 0.179%* 220 103.840  -1.424
(0.745) (0.066) (0.961) (0.087) (0.924) (0.081)

1962-71 TARTHHE - (0.347FFF 426 111.510  -1.307 T.97T0***F 0.264%** 233 9.711%%* 0.143* 193 99.311  -1.440
(0.743) (0.066) (0.817) (0.074) (0.987) (0.086)

1963-72 T.AT2¥FK(.349%** 428 110.960  -1.317 7.583%¥*  (.299%** 209 9.224%** 0.182%* 219 101.140  -1.427
(0.726) (0.064) (0.860) (0.078) (0.938) (0.082)

1964-73 7.305%** (0.337F** 429 113.800  -1.294 7.846%**%  (0.276%** 206 8.952%H* 0.205%* 223 104.920  -1.392
(0.751) (0.066) (0.907) (0.082) (0.983) (0.085)

1965-74 6.606***  0.400%** 424 115.890  -1.264 6.769%**  0.376%** 224 8.229%** 0.268** 200 110.030  -1.333
(0.770) (0.068) (0.808) (0.073) (1.207) (0.104)

1966-75 6.730%**  (.388%** 431 116.050  -1.279 6.974%**  (.358%** 226 8.084***  (.279%** 205 111.390  -1.337

(0.743) (0.066) (0.764) (0.069) (1.220) (0.106)
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Table 4: Threshold Tests for Short Regressions: Splitting with Parents’ Characteristics

This table presents bootstrap p-values of a heteroskedasticity-consistent Lagrange multiplier tests for the null hypothesis of a linear model against the alternative hypothesis
of a threshold regression model with two-regimes in Panel A or multiple regimes in Panel B. The tests refer to the case short IGE regressions when the threshold variable is
either the log parents’ income (PINC) or mother’s schooling (MSCH) or mother’s MAFQT or mother’s Rosenberg self-esteem score (MROSE) or mother’s Pearlin Mastery score
(MPEARLIN). We also report the JSSE and BIC of the corresponding threshold regression models. The results are based on a sample that includes only the daughters of the
NLSY mothers.

Panel A: Two Regimes Panel B: Multiple Regimes
Low High Low Low-Low Low-Low
High-Low Low-High Low-High
High-High High High-Low
High-High
Threshold Threshold
Variable P-values JSSE BIC Variable P-values JSSE BIC JSSE BIC JSSE BIC
(1) (2) (3) (1) (2) (3) (4) (5) (6) (7) (8)
PINC 0.041 0.134  879.980 -0.060 870.230 -0.071  861.940 -0.036
MSCH 0.810 0.566  882.390 -0.057  881.160 -0.059  875.280  -0.021
PINC 0.008  888.270  -0.096 MAFQT 0.031 0.010 876.420 -0.064 873.550 -0.067 861.700  -0.036
MROSE 0.432 0.051  873.540 -0.068  878.420 -0.062  863.690 -0.034

MPEARLIN  0.001 0.130 880.060 -0.060 869.480 -0.072 861.270 -0.037

PINC 0.048 0.406  890.730 -0.048  886.440 -0.053  878.100 -0.017
MSCH 0.472 0.867  893.150 -0.045 892.630 -0.046  886.710  -0.008
MSCH 0.410  899.070  -0.084 MAFQT 0.001 0.033  887.460 -0.052  877.560 -0.063  865.950 -0.031
MROSE 0.055 0.002  889.700 -0.049  887.470 -0.052  878.100 -0.017

MPEARLIN  0.129 0.180 889.340 -0.050 888.650 -0.050 878.920 -0.016

PINC 0.058 0.783  875.770  -0.065 863.532  -0.079  859.940 -0.038
MSCH 0.536 0.106  873.864  -0.067 871.462 -0.070 865.964  -0.031
MAFQT 0.000  879.370  -0.106 MAFQT 0.196 0.307  874.037 -0.067  868.732 -0.073  863.407 -0.034
MROSE 0.042 0.196  874.911  -0.066  861.912  -0.081 857.461  -0.041

MPEARLIN  0.000 0.349 873.845 -0.067 862.992 -0.080 857.475 -0.041

PINC 0.005 0.190  884.880 -0.055  872.940 -0.068  863.280 -0.034
MSCH 0.652 0.054  888.490 -0.051 888.040  -0.051  881.990 -0.013
MROSE 0.121 894.540  -0.089 MAFQT 0.000 0.432  889.050 -0.050 867.300 -0.075 861.810 -0.036
MROSE 0.296 0.087  885.900 -0.053  885.600 -0.054 876.960 -0.019

MPEARLIN  0.000 0.780 889.040 -0.050 872.380 -0.069 866.880 -0.030

PINC 0.001 0.005 871.777 -0.070  877.018 -0.064  858.208  -0.040
MSCH 0.239 0.222  883.077 -0.057  884.424 -0.055 876.914 -0.019
MPEARLIN 0.011 890.590  -0.093 MAFQT 0.001 0.000  868.107 -0.074 877.912 -0.063  855.432  -0.044
MROSE 0.153 0.002  872.427 -0.069 880.723 -0.059 862.563 -0.035

MPEARLIN  0.299 0.001  872.967 -0.068 883.048 -0.057 865.428 -0.032
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Table 5: Splitting with Parents’ Characteristics: Short IGE Regressions

This table presents results from short regressions using the best models from two classes of threshold regressions: a two-regime threshold regression and a multiple-regime
threshold regression. Results of the corresponding linear model are also reported. For the two-regime model the threshold variable is the mother’s AFQT score (MAFQT) and
for multiple regime the threshold variable is also MAFQT for the first level and the mother’s Rosenberg Self-Esteem (MROSE) for the second level. The results are based on a
sample that includes only the daughters of the NLSY mothers.

Linear Two Regimes Multiple Regimes

Panel A: Threshold Parameter Estimates

Threshold Variable (Level 1) Mother’s AFQT (MAFQT) Mother’s AFQT (MAFQT)
Threshold Estimate 1.080 1.080

90% CI for the Threshold Parameter [-1.069,1.589] [-1.069,1.589]

Threshold Variable (Level 2) Mother’s Rosenberg Self-Esteem (MROSE)
Level 1 Leg Low MAFQT

Threshold Estimate 0.925

90% CI for the Threshold Parameter [-1.304,1.166]

Panel B: Regression Coefficients

Level 1 Low MAFQT High MAFQT Low MAFQT Low MAFQT High MAFQT

Level 2 Low MROSE High MROSE
(1) @) 3) (1) (5) ©)

Intercept -1.253 -8.022 82.211%** -19.146 59.858** 82.211%**

(12.238) (12.966) (25.303) (14.214) (26.813) (25.303)

Log Parents’ Income 0.428%*** 0.381%** 0.255%** 0.334%%* 0.611%** 0.255%**

(0.040) (0.046) (0.088) (0.050) (0.132) (0.088)

Daughter’s Age 0.989 1.489 -3.819%** 2.316%* -3.000%* -3.819%**

(0.852) (0.907) (1.335) (0.995) (1.645) (1.335)

Daughter’s Square Age -0.018 -0.027 0.072%** -0.042%* 0.057* 0.072%**

(0.016) (0.017) (0.025) (0.018) (0.030) (0.025)

Mother’s Age -0.407 -0.389 -1.353 -0.339 -1.095 -1.353

(0.260) (0.269) (0.980) (0.287) (0.891) (0.980)

Mother’s Age Square 0.006 0.006 0.019 0.005 0.018 0.019

(0.004) (0.004) (0.014) (0.004) (0.013) (0.014)

Sample Size 1069 896 173 761 135 173
JSSE 906.600 879.370 861.912

BIC -0.120 -0.106 -0.081
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Table 6: Threshold Tests for Long Regressions: Splitting with Parents’ Characteristics

This table presents bootstrap p-values of a heteroskedasticity-consistent Lagrange multiplier tests for the null hypothesis of a linear model against the alternative hypothesis
of a threshold regression model with two-regimes in Panel A or multiple regimes in Panel B. The tests refer to the case long IGE regressions when the threshold variable is
either the log parents’ income (PINC) or mother’s schooling (MSCH) or mother’s MAFQT or mother’s Rosenberg self-esteem score (MROSE) or mother’s Pearlin Mastery score
(MPEARLIN). We also report the JSSE and BIC of the corresponding threshold regression models. The results are based on a sample that includes only the daughters of the
NLSY mothers.

Panel A: Two Regimes Panel B: Multiple Regimes
Low High Low Low-Low Low-Low
High-Low Low-High Low-High
High-High High High-Low
High-High
Threshold Threshold
Variable P-values JSSE BIC Variable P-values JSSE BIC JSSE BIC JSSE BIC
(1) (2) (3) (1) (2) (3) (4) (5) (6) (7) (8)
PINC 0.075 0.359  748.960 0.003  737.250 -0.012  724.420  0.090
MSCH 0.065 0.065  744.470  -0.003  740.590 -0.008  723.270  0.089
PINC 0.216  761.790 -0.100 MAFQT 0.274 0.089  745.520 -0.001 736.840  -0.013  720.570  0.085
MROSE 0.008 0.122  745.330 -0.002  734.130 -0.017 717.670  0.081

MPEARLIN  0.070 0.632  749.500 0.004 737.960 -0.011 725.670  0.092

PINC 0.092 0.378  739.890 -0.009  747.150 0.001 722.940  0.088
MSCH 0.367 0.039  743.600 -0.004  748.730 0.003  728.230  0.095
MSCH 0.028  764.100 -0.097 MAFQT 0.169 0.174  741.540  -0.007  742.590 -0.005  720.030 0.084
MROSE 0.001 0.054  749.690 0.004  733.200 -0.018  718.790  0.082

MPEARLIN  0.032 0.078  745.670  -0.001 741.950 -0.006  723.520  0.089

PINC 0.483 0.314  754.382 0.011 746.969 0.001 739.412  0.111
MSCH 0.122 0.018  752.758 0.008  741.649 -0.006  732.468  0.101
MAFQT 0.020  761.940 -0.099 MAFQT 0.655 0.006  751.981 0.007  740.069  -0.009  730.111 0.098
MROSE 0.008 0.003  751.031 0.006  735.829  -0.014  724.921 0.091

MPEARLIN  0.090 0.202  753.617 0.010 737.559 -0.012  729.237  0.097

PINC 0.085 0.213  738.290 -0.011 743.690 -0.004  720.680  0.085
MSCH 0.153 0.066  740.700  -0.008  749.110 0.004  728.510  0.096
MROSE 0.001 761.300  -0.100 MAFQT 0.012 0.053  737.830 -0.012  746.110 0.000  722.640  0.088
MROSE 0.721 0.083  732.360 -0.019  749.120 0.004  720.180 0.084

MPEARLIN  0.272 0.155  745.610 -0.001 749.410 0.004  733.720 0.103

PINC 0.124 0.667  745.020 -0.002  738.700 -0.010  721.200  0.086
MSCH 0.036 0.314  745.120 -0.002  739.130 -0.010 721.730  0.086
MPEARLIN 0.197  762.510 -0.099 MAFQT 0.250 0.131 748.720 0.003  743.870 -0.004  730.070  0.098
MROSE 0.246 0.102  745.200 -0.002  743.620 -0.004  726.300  0.093

MPEARLIN  0.050 0.251 748.560 0.003  741.520 -0.007  727.560 0.095
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Table 7: Splitting with Parents’ Characteristics: Long IGE Regressions

This table presents results from long regressions using the best models from two classes of threshold regressions: a two-regime threshold regression and a multiple-regime threshold regression.
Results of the corresponding linear model are also reported. The threshold variable is mother’s Rosenberg Self-Esteem (MROSE) for both threshold regression models and for both levels. The
results are based on a sample that includes only the daughters of the NLSY mothers.

Linear Two Regimes Multiple Regimes

Panel A: Threshold Parameter Estimates

Threshold Variable (Level 1) Mother’s Rosenberg Self-Esteem (MROSE) Mother’s Rosenberg Self-Esteem (MROSE)
Threshold Estimate -0.753 -0.753

90% CI for the Threshold Parameter [-1.336,1.335] [-1.336,1.335]

Threshold Variable (Level 2) Mother’s Rosenberg Self-Esteem (MROSE)
Level 1 Leg High MROSE
Threshold Estimate -0.236

90% CI for the Threshold Parameter [-0.566,1.550]

Panel B: Regression Coefficients

Level 1 Low MROSE High MROSE Low MROSE High MROSE High MROSE
Level 2 Low MROSE Low MROSE
(1) (2) (3) (4) (5) (6)

Intercept -3.926 20.270 -8.499 20.270 -83.908%*** 27.148**

(11.151) (16.509) (13.313) (16.509) (17.480) (12.290)

Log Parents’ Income 0.223%** 0.176** 0.247%%* 0.176%* 0.141%* 0.317%%*

(0.040) (0.076) (0.046) (0.076) (0.082) (0.055)

Daughter’s Age 1.214 -1.017 1.701%* -1.017 7.004%** -0.625

(0.769) (0.912) (0.942) (0.912) (1.127) (0.831)

Daughter’s Square Age -0.021 0.020 -0.030* 0.020 -0.126%** 0.012

(0.014) (0.017) (0.017) (0.017) (0.021) (0.015)

Mother’s Age -0.375 -0.007 -0.504* -0.007 -0.283 -0.781%*

(0.255) (0.543) (0.265) (0.543) (0.378) (0.314)

Mother’s Age Square 0.005 0.000 0.007* 0.000 0.004 0.012%*

(0.004) (0.008) (0.004) (0.008) (0.006) (0.005)

Daughter’s PPVT 0.115%** 0.109%* 0.112%%* 0.109%* 0.205%** 0.073

(0.034) (0.062) (0.040) (0.062) (0.079) (0.047)

Daughter’s PIAT Math 0.143%%* 0.191%** 0.132%%* 0.191%%* 0.105* 0.145%%*

(0.034) (0.066) (0.039) (0.066) (0.063) (0.048)

Daughter’s Rosenberg Self-Esteem -0.027 -0.089 -0.019 -0.089 -0.106 0.017

(0.043) (0.099) (0.047) (0.099) (0.096) (0.053)

Daughter’s Pearlin Mastery Score 0.059 0.106 0.051 0.106 0.092 0.031

(0.043) (0.101) (0.047) (0.101) (0.089) (0.055)

Daughter’s Openness -0.045 -0.110* -0.028 -0.110%* 0.010 -0.054

(0.029) (0.058) (0.033) (0.058) (0.059) (0.040)

Daughter’s Conscientiousness 0.042 0.227%%* -0.007 0.227%%* 0.021 -0.020

(0.029) (0.056) (0.034) (0.056) (0.059) (0.043)

Daughter’s Extraversion 0.012 0.117%* -0.021 0.117%* -0.087 0.017

(0.029) (0.055) (0.033) (0.055) (0.062) (0.039)

Daughter’s Agreeableness 0.027 -0.085* 0.052 -0.085%* 0.013 0.088%**

(0.028) (0.049) (0.032) (0.049) (0.049) (0.039)

Daughter’s Neuroticism 0.004 -0.002 0.013 -0.002 0.044 -0.013

(0.028) (0.048) (0.032) (0.048) (0.049) (0.044)

Daughter’ Schooling 0.080%*** 0.106%** 0.074%%* 0.106%** 0.091%** 0.067***

(0.013) (0.023) (0.014) (0.023) (0.028) (0.016)

Sample Size 1069 232 837 232 247 590
BIC -0.190 -0.100 -0.019

JSSE 784.700 761.300 732.360



¢S

Table 8: Threshold Tests for Regressions: Splitting with Parents’ and Daughter’s Characteristics

This table presents bootstrap p-values of a heteroskedasticity-consistent Lagrange multiplier tests for the null hypothesis of a linear model against the alternative hypothesis of a
threshold regression model with two-regimes or multiple regimes. The threshold variable for level 1 is either the log parents’ income (PINC) or mother’s schooling (MSCH). The
threshold variable for level 2 is a measure of the daughter’s cognitive or non-cognitive ability: the Peabody picture vocabulary test (PPVT), the Peabody individual achievement
tests in math (PIAT Math), the Rosenberg self-esteem score (ROSE), the Pearlin mastery Score (PEARLIN), openness (OPEN), conscientiousness (CONSC), extraversion
(EXVERS), warm (WARM), and emotional (EMO). We also report the JSSE and BIC of the corresponding threshold regression models. The results are based on a sample that
includes only the daughters of the NLSY mothers.

Level 2
Threshold
Variable

PIAT-M
PPVT
ROSE
PEARLIN
OPEN
CONSC
EXVERS
CRIT
EMO

PIAT-M
PPVT
ROSE
PEARLIN
OPEN
CONSC
EXVERS
CRIT
EMO

Panel A: Short Regression

Panel B: Long Regression

Low High Low Low-Low Low-Low Low High Low Low-Low Low-Low

High-Low Low-High Low-High High-Low Low-High Low-High

High-High High High-Low High-High High High-Low

High-High High-High
P-value JSSE BIC JSSE BIC JSSE BIC P-value JSSE BIC JSSE BIC JSSE BIC

(1) (2) (3) (4) (5) (6) (7) (8) (1) (2) (3) (4) (5) (6) (7) (8)
Using PINC as a Level 1 Threshold Variable Using PINC as a Level 1 Threshold Variable
0.000 0.000 870.930 -0.070  856.710 -0.087  839.370 -0.063 0.425 0.001 740.920 -0.007 738.820 -0.010 717.950 0.081
0.000 0.000 870.770 -0.071 848.180  -0.097  830.680 -0.073 0.556 0.134 746.500 0.000 745.960 -0.001 730.670 0.099
0.090 0.042 877.850 -0.063 877.600 -0.063 867.180  -0.030 0.200 0.013 746.520 0.000 733.790 -0.017 718.520 0.082
0.066 0.078  875.700 -0.065 869.990 -0.072  857.420 -0.041 0.079 0.095 746.700 0.000 743.950 -0.003 728.860 0.096
0.012 0.255  879.950 -0.060 872.890 -0.068 864.570 -0.033 0.139 0.000 2.3E+13  24.153 746.560 0.000 2.3E+13  24.274
0.119 0.318 883.080 -0.057 874.760 -0.066  869.570  -0.027 0.083 0.000 1.4E+12  21.345 740.770 -0.008 1.4E+12  21.465
0.030 0.618  883.060 -0.057 874.450 -0.066  869.240  -0.028 0.262 0.128 750.170 0.005 745.230 -0.002 733.610 0.103
0.230 0.433  881.420 -0.059 876.850 -0.064  870.000 -0.027 0.027 0.414 746.550 0.000 739.480 -0.009 724.240 0.090
0.712 0.607  884.000 -0.056  885.110 -0.054  880.840 -0.014 0.256 0.205 746.810 0.000 751.070 0.006 736.090 0.106
Using MSCH as a Level 1 Threshold Variable Using MSCH as a Level 1 Threshold Variable

0.000 0.000  877.510 -0.063  863.130 -0.079  841.570 -0.060 0.141 0.091 742.830 -0.005 743.320 -0.004 722.050 0.087
0.000 0.000  863.810 -0.079  858.900 -0.084  823.640 -0.081 0.755 0.270 741.080 -0.007 747.720 0.002 724.700 0.091
0.270 0.009 876.570 -0.064  889.430 -0.049 866.930 -0.030 0.684 0.064 743.600 -0.004 743.160 -0.004 722.660 0.088
0.113 0.055 882.250 -0.058  888.060 -0.051 871.240  -0.025 0.431 0.807 753.220 0.009 748.120 0.002 737.240 0.108
0.020 0.054  889.400 -0.050 887.160 -0.052  877.490 -0.018 0.066 0.598 755.070 0.011 745.700 -0.001 736.670 0.107
0.116 0.141 890.090 -0.049  887.870  -0.051 878.890  -0.017 0.311 0.072 751.050 0.006 741.160 -0.007 728.110 0.095
0.299 0.158  890.840 -0.048  891.220 -0.047 882.990 -0.012 0.118 0.337 747.830 0.002 747.340 0.001 731.070 0.099
0.621 0.747  894.210 -0.044  891.170 -0.048 886.310 -0.008 0.000 0.091 740.410 -0.008 7.0E+413  25.270 7.0E+413  25.390
0.486 0.201 889.310 -0.050  894.640 -0.044 884.880 -0.010 0.319 0.827 751.990 0.007 750.190 0.005 738.080 0.109
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Table 9: Splitting with Parents’ and Daughter’s Characteristics

This table presents results from short and long regressions using the best multiple-regime threshold regressions in each case. Results of the corresponding linear model are also reported. For
the short regression the threshold variable is log parents’ income for the first level and child’s PPVT for the second level. For the long regression the threshold variable is the mother’s schooling
(MSCH) for the first level and the daughter’s PIAT Math score (PIAT-M) for the second level. The results are based on a sample that includes only the daughters of the NLSY mothers.

Threshold Variable (Level 1)
Threshold Estimate
90% CI for the Threshold Parameter

Threshold Variable (Level 2)

Level 1 Leg

Threshold Estimate

90% CI for the Threshold Parameter

Level 1

Level 2

Intercept

Log Parents’ Income

Child’s Age

Child’s Square Age

Mother’s Age

Mother’s Age Square

Child’s PPVT

Child’s PIAT Math

Child’s Rosenberg Self-Esteem

Child’s Pearlin Mastery Score

Child’s Openness

Child’s Conscientiousness

Child’s Extraversion

Child’s Agreeableness

Child’s Neuroticism

Child’ Schooling

Sample Size
BIC
JSSE

Short Regression

Long Regression

Panel A: Threshold Parameter Estimates

Log Parents’ Income (PINC)
10.994
[9.686,11.560]

Daughter’s PPVT

Mother’s Schooling (MSCH)
12

[10,15]

Daughter’s PIAT Math (PIAT-M)

Low PINC High PINC High MSCH
0.160 1.698 0.069
[-1.113,1.203] [-0.883,1.875] [-1.135,1.649]
Panel B: Regression Coefficients
Linear Low PINC Low PINC High PINC High PINC Linear Low MSCH High MSCH High MSCH
Low PPVT High PPVT Low PPVT High PPVT Low PIAT-M High PIAT-M
(1) (2) (3) (4) (5) (6) (7) (8) (9)

-1.253 -12.726 38.268** 13.979 53.987 -3.926 -18.327 -5.978 36.299**
(12.238) (17.328) (16.547) (25.705) (47.057) (11.151) (18.183) (19.716) (18.489)
0.428%** 0.274%** 0.433*** -0.087 0.133 0.223*** 0.333%** 0.084 0.170**
(0.040) (0.078) (0.110) (0.140) (0.187) (0.040) (0.052) (0.085) (0.079)
0.989 1.790 -2.008%* 3.414%* -1.460 1.214 2.070 1.526 -0.917
(0.852) (1.219) (1.126) (1.697) (2.126) (0.769) (1.310) (1.263) (0.854)
-0.018 -0.032 0.037* -0.062%* 0.028 -0.021 -0.037 -0.027 0.018
(0.016) (0.023) (0.021) (0.032) (0.039) (0.014) (0.024) (0.023) (0.015)
-0.407 -0.295 -0.328 -2.866%** -1.424 -0.375 -0.261 -0.415 -1.041
(0.260) (0.314) (0.399) (0.734) (2.118) (0.255) (0.316) (0.583) (0.783)
0.006 0.004 0.005 0.042%** 0.020 0.005 0.004 0.006 0.015
(0.004) (0.005) (0.006) (0.011) (0.031) (0.004) (0.005) (0.009) (0.012)
0.115%%* 0.128*** 0.147 0.022
(0.034) (0.045) (0.117) (0.105)
0.143%** 0.095%* 0.268%** 0.153%*
(0.034) (0.045) (0.067) (0.074)
-0.027 -0.022 -0.191%* 0.133*
(0.043) (0.060) (0.097) (0.075)
0.059 0.049 0.245%* -0.070
(0.043) (0.059) (0.098) (0.085)
-0.045 -0.027 0.036 -0.173%%*
(0.029) (0.040) (0.060) (0.060)
0.042 0.099** 0.087 -0.161%**
(0.029) (0.042) (0.058) (0.053)
0.012 0.017 -0.059 0.079
(0.029) (0.039) (0.059) (0.056)
0.027 0.023 0.011 0.115%*
(0.028) (0.036) (0.058) (0.056)
0.004 -0.021 -0.033 0.120%*
(0.028) (0.034) (0.059) (0.067)
0.080*** 0.084*** 0.070%*** 0.111%%*
(0.013) (0.018) (0.026) (0.026)
1069 534 199 278 58 1069 584 226 259

-0.120 -0.073 -0.190 -0.005

906.600 830.680 784.700 742.830



Table 10: Threshold Tests in Spatial Absolute Mobility

This table presents bootstrap heteroskedasticity-consistent Lagrange multiplier tests for the null hypothesis of a linear against the alternative
hypothesis of a threshold regression model. We present results for models with three alternative sets of regressors. The CHKS model uses the
preferred regressors of Chetty, Hendren, Kline, and Saez (2014); the best linear BIC model uses the regressors implied by the BIC information
criterion among the entire set of linear models; and the factor model uses the first latent factor extracted from each class of variables. We also
report the JSSE and BIC of the corresponding threshold regression.

CHKS Model Best Linear-BIC Model Factor Model
Threshold Variable P-value JSSE BIC P-value JSSE BIC P-value JSSE BIC
(1) (2) (3) (4) (5) (6) (7) (8) (9)
Segregation Factor 0.000 121.550 0.055 0.007 62.407 -0.079 0.000 109.770 0.030
Fraction of Black Residents 0.000 136.610 0.087 0.000 65.401 -0.072
Racial Segregation Theil Index 0.004 156.370 0.127 0.270 68.975 -0.063
Income Segregation Theil Index 0.000 146.950 0.108 0.014 67.781 -0.066
Share with Commute <15 Mins 0.000 118.630 0.049 0.002 65.292 -0.072
Income Distribution Factor 0.000 149.560 0.113 0.000 66.029 -0.070 0.000 127.300 0.067
Household Income per Capita for Working-Age Adults 0.000 149.560 0.113 0.000 66.029 -0.070
Gini Bottom 99% 0.000 138.940 0.092 0.000 63.850 -0.076
Top 1% Income Share for Parents 0.000 154.000 0.122 0.044 68.663 -0.064
Tax Factor 0.000 152.040 0.118 0.011 67.253 -0.067 0.033 129.970 0.073
Local Tax Rate 0.000 151.660 0.117 0.001 67.820 -0.066
Local Government Expenditures per Capita 0.000 152.040 0.118 0.009 67.253 -0.067
State EITC Exposure 0.429 163.340 0.140 0.003 69.688 -0.062
State Income Tax Progressivity 0.000 152.730 0.119 0.000 63.786 -0.076
K-12 Education Factor 0.000 139.140 0.092 0.000 64.394 -0.074 0.000 114.250 0.040
School Expenditure per Student 0.024 158.010 0.130 0.003 66.362 -0.070
Teacher-Student Ratio 0.000 145.300 0.105 0.002 67.229 -0.068
Test Score Percentile 0.000 141.200 0.096 0.000 65.118 -0.073
High School Dropout Rate 0.000 140.940 0.096 0.000 65.237 -0.072
College Factor 0.000 151.660 0.117 0.000 68.118 -0.065 0.000 127.330 0.067
Number of Colleges per Capita 0.000 147.920 0.110 0.000 66.531 -0.069
Mean College Tuition 0.000 140.970 0.096 0.000 69.302 -0.063
College Graduation Rate 0.000 158.070 0.130 0.007 68.463 -0.065
Local Labor Market Factor 0.000 133.680 0.081 0.000 65.366 -0.072 0.000 111.750 0.034
Labor Force Participation Rate 0.000 143.910 0.102 0.000 65.775 -0.071
Fraction Working in Manufacturing 0.000 139.070 0.092 0.001 64.366 -0.074
Growth in Chinese Imports 1990-2000 0.000 139.850 0.093 0.005 69.101 -0.063
Teenage Labor Force Participation Rate 0.000 133.680 0.081 0.000 65.366 -0.072
Migration Factor 0.000 156.170 0.126 0.000 66.255 -0.070 0.008 127.330 0.067
Migration Inflow Rate 0.000 149.720 0.113 0.000 66.230 -0.070
Migration Outflow Rate 0.000 156.170 0.126 0.000 66.255 -0.070
Fraction of Foreign Born Residents 0.000 154.090 0.122 0.000 65.038 -0.073
Social Capital Factor 0.000 140.410 0.095 0.000 64.462 -0.074 0.000 109.980 0.030
Social Capital Index 0.000 139.960 0.094 0.000 62.644 -0.079
Fraction Religious 0.000 134.220 0.082 0.010 66.705 -0.069
Violent Crime Rate 0.000 146.340 0.107 0.012 68.975 -0.063
Family Structure Factor 0.000 136.470 0.086 0.000 65.407 -0.072 0.000 115.280 0.042
Fraction of Children with Single Mothers 0.000 136.470 0.086 0.000 65.407 -0.072
Fraction of Adults Divorced 0.000 133.320 0.080 0.000 62.518 -0.079
Fraction of Adults Married 0.000 145.010 0.104 0.000 65.277 -0.072
Factors Using All the Variables -0.244 -0.244
Factor 1 0.000 136.470 0.086 0.000 65.407 -0.072 0.000 115.280 0.042
Factor 2 0.000 126.090 0.065 0.000 65.481 -0.072 0.000 111.520 0.034
Factor 3 0.000 155.920 0.126 0.000 62.595 -0.079 0.002 127.120 0.067
Factor 4 0.000 139.690 0.093 0.001 67.748 -0.066 0.000 120.550 0.053
Factor 5 0.000 137.800 0.089 0.050 68.720 -0.064 0.000 110.470 0.031

o4



qq

Table 11: Threshold Regression Estimates of Spatial Absolute Mobility

This table presents LS estimates for threshold regression estimates as well as for the linear model using three specifications. The CHKS model uses the preferred regressors of Chetty, Hendren,
Kline, and Saez (2014); the best linear BIC model uses the regressors implied by the BIC information criterion among the entire set of linear models; and the factor model uses the first latent

factor extracted from each class of variables.

CHKS Model

Best Linear-BIC Model

Factor Model

Linear Threshold Regression Linear Threshold Regression Linear Threshold Regression
Panel A: Threshold Parameter Estimates
Threshold variable Commute Segregation Factor Segregation Factor
Bootstrap p-value 0.000 0.007 0.000
Threshold Estimate 0.407 -0.642 -0.680
90% Confidence Interval [-1.222,1.471] [-1.088,1.308] [-1.088, 1.308]
Panel B: Regression Coefficients
Low High Low High Low High
(1) (2) (3) (4) (5) (6) (7) (8) (9)
Intercept 0.000 -0.233%** 0.339%** 0.000 -0.971*** -0.054%* 0.000 -0.320* -0.135%**
(0.025) (0.025) (0.062) (0.017) (0.286) (0.023) (0.023) (0.188) (0.025)
Segregation Factor -0.240%*** -0.475%* -0.105%*
(0.044) (0.203) (0.046)
Fraction of Black Residents 0.131%%* -1.018%* -0.015
(0.029) (0.429) (0.047)
Racial Segregation Theil Index -0.108%** -0.059%* -0.057 -0.084%** -0.022 -0.119%**
(0.030) (0.024) (0.061) (0.029) (0.058) (0.027)
Share with Commute <15 Mins 0.258%** 0.503*** 0.172%**
(0.038) (0.093) (0.043)
Income Distribution Factor -0.066 -0.107 -0.087**
(0.045) (0.099) (0.044)
Gini Bottom 99% 0.016 0.087** -0.143%*
(0.045) (0.042) (0.074)
Top 1% Income Share for Parents 0.000 -0.047 0.015
(0.030) (0.057) (0.031)
Tax Factor 0.118%** -0.008 0.119%**
(0.026) (0.054) (0.025)
State Income Tax Progressivity 0.114%%* 0.268*** 0.066***
(0.018) (0.053) (0.016)
K-12 Education Factor 0.077* 0.260*** 0.008
(0.046) (0.097) (0.043)
High School Dropout Rate -0.155%** -0.152%** -0.111%* -0.086*** -0.096** -0.086%**
(0.035) (0.029) (0.061) (0.025) (0.045) (0.027)
College Factor -0.053 -0.134* -0.025
(0.037) (0.077) (0.040)
Number of Colleges per Capita -0.073%*%* -0.081%* -0.091%**
(0.023) (0.032) (0.022)
Local Labor Market Factor 0.093** 0.173* 0.064
(0.047) (0.102) (0.050)
Fraction Working in Manufacturing -0.235%** -0.168%** -0.225%**
(0.020) (0.051) (0.023)
Migration Factor 0.035 0.055 0.037*
(0.023) (0.057) (0.023)
Migration Inflow Rate -0.063*** -0.137%%* -0.039*
(0.020) (0.044) (0.020) (0.023) (0.057) (0.023)
Social Capital Factor 0.319%** 0.347%* 0.258%**
(0.051) (0.138) (0.046)
Social Capital Index 0.327%%* 0.179*** 0.265%** 0.184%** 0.036 0.166***
(0.032) (0.033) (0.048) (0.024) (0.060) (0.026)
Fraction Religious 0.149%** 0.170%*** 0.164%**
(0.021) (0.039) (0.021)
Family Structure Factor -0.401%%* -0.531%** -0.396%**
(0.039) (0.113) (0.032)
Fraction of Children with Single Mothers -0.475%** -0.455%** -0.495%** -0.523%** -0.752%** -0.352%%*
(0.042) (0.044) (0.075) (0.057) (0.110) (0.052)
Fraction of Adults Divorced -0.076*** 0.041 -0.088%**
(0.025) (0.068) (0.025)
Sample size 509 357 152 509 126 383 509 119 390
BIC -1.042 -1.286 -1.845 -1.928 -1.226 -1.363
JSSE 164.918 118.630 73.857 62.407 137.149 109.770
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