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ABSTRACT
We introduce a method that extends the traditional Oaxaca-Blinder decom-
position to both the full distribution of an outcome of interest and to set-
tings where group membership varies along a continuum. We achieve this
by working directly with the joint distribution of outcome and group
membership and comparing it to an independent joint distribution. Like all
decompositions, we assume the difference is partially due to differences in
characteristics between groups (a composition effect) and partially due to
differences in returns to characteristics between groups (a structure effect).
We use reweighting functions to estimate a counterfactual joint distribu-
tion representing the hypothetical if characteristics did not vary according
to group while returns to characteristics did. The counterfactual allows us
to decompose differences between the empirical and independent distri-
butions into composition and structure effects. We demonstrate the
method by decomposing multiple measures of immobility for white men
in the U.S.
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1. Introduction

A common problem faced by economists is one of understanding the differences in an outcome
between groups, such as wages between men and women. A method often used to investigate
such differences is a variation of the Oaxaca-Blinder (OB) decomposition (Blinder, 1973; Oaxaca,
1973).1 The decomposition begins with the recognition that the two groups likely have different
distributions of characteristics valued in the labor market, and they may also receive different
returns to these characteristics. The method is then based on a simple hypothetical scenario.
Suppose a counterfactual world in which women were to retain the returns they actually received
for their characteristics but had identical distributions of characteristics as men. We would then
have three sets of wages—(a) women’s actual wages, (b) men’s actual wages, and (c) women’s
counterfactual wages. By comparing (a) to (c), we can identify what portion of the total gender
wage gap is due to woman having different distributions of characteristics than men, and by com-
paring (b) to (c), we can identify the portion due to women receiving different returns to charac-
teristics than men. The former is commonly termed a ‘composition’ or explained effect. The
latter portion is the ‘structure’ or unexplained effect and is commonly interpreted in the wage
gap literature as some form of discrimination.

The traditional OB decomposition focuses on mean differences between two groups; the coun-
terfactual is the average earnings of women if they had the average characteristics of men.

� 2019 Taylor & Francis Group, LLC
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1See Black and Devereux (2011) for a fairly extensive review of the decomposition literature in economics.
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However, recent literature has extended this focus in two main directions. One body of research
has expanded the focus to the entire distribution of earnings (Chernozhukov et al., 2013;
DiNardo et al., 1996; Firpo et al., 2007; Machado and Mata, 2005; Rothe, 2015). While there are
several approaches to achieve this, they all aim to characterize the full counterfactual distribution
of women’s earnings if they had the characteristics of men. This is then compared to the actual
distribution of women’s and men’s earnings to derive composition and structure effects compris-
ing the gender gap. Methods in this strand of literature allow one to investigate things such as
differences in the 10th or 90th quantiles of the earnings distributions between men and women.

A second body of research retains the focus on mean differences but seeks to expand the
application to problems where the group distinction varies along a continuum, such as socio-
economic status (Nopo, 2008; Ulrick, 2012). These methods still focus on the expectation of the
outcome of interest conditional on group membership as in the traditional OB decomposition,
but they apply flexible estimation strategies to handle continuous group indexing. Methods in
this second strand of literature allow one to investigate mean differences in outcomes between
people from different percentiles of the continuum such as the average college grade gap between
students from the 10th and 75th income percentile (Ulrick et al., 2018). The counterfactual in
this extension is the average grade students from households in the 10th income percentile would
obtain if they had the characteristics of students from households in the 75th income percentile.

This paper seeks to extend the traditional OB decomposition in both of these directions simul-
taneously—to the full distribution of the outcome of interest and to settings where group distinc-
tion varies along a continuum. In other words, we seek to retain the broad view of the first
extension by keeping interest on the full distribution of the outcome of interest, but also seek the
flexibility to allow the group indexing to be continuous as in the second extension. We overcome
technical hurdles to doing this by approaching the problem from a different angle.

Although the technical approaches may differ, all decompositions are essentially interested in
some comparison between conditional distributions—how outcomes differ between groups. This
is true whether the focus of interest is differences in averages or quantiles of some outcome and
regardless of whether the ‘groups’ are discrete or vary along a continuum. In the traditional OB
approach, as with the extensions cited above, the mechanics of the decomposition also operate on
conditional distributions or functions thereof; the literature that follows the methodology of
DiNardo et al. (1996) work directly with separate distributions conditional on group membership,
while the literature that follows the approach of Nopo (2008) and Ulrick (2012) work with flex-
ible forms of the conditional expectation function (i.e., expected outcome conditional on group
membership). Instead, the mechanics of our decomposition work directly with the joint distribu-
tion of the outcome and group membership. A joint distribution framework more easily lends
itself to applications where groups vary along a continuum. The conceptual framework for our
alternative approach is that asking what explains differences in outcomes between groups is
equivalent to asking why the joint distribution of outcomes and group membership is not inde-
pendent. Our decomposition is then concerned with estimating a counterfactual joint distribution
that addresses ‘what would the joint distribution look like if there were no relation between group
assignment and characteristics but there remained a relation between group assignment and
returns to characteristics?’ This counterfactual is then compared with the observed joint distribu-
tion of outcomes and groups and an independent joint distribution of outcomes and groups.

Extracting useful information directly from joint distributions, however, can be conceptually
challenging as well as data intensive. Thus, as in nearly all empirical studies, we analyze joint dis-
tributions by characterizing various conditional distribution functions. Therefore, after estimating
the counterfactual joint distribution, we investigate how this counterfactual distribution differs
from the empirical or independent joint distribution by comparing various bivariate regressions
of outcomes on group assignment (e.g., mean, quantile, nonparametric). These comparisons allow
us to decompose the empirical-independent difference for these measures into composition and
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structure effects. In other words, while our decomposition conceptually relies on joint distribu-
tions (empirical, independent, and counterfactual), we rely on estimates of conditional distribu-
tion functions in our empirical application in order to extract easily usable and understandable
relationships.2

Methodologically, the approach is an extension of the reweighting method of DiNardo et al.
(1996) to joint distributions. Their method asks ‘what would womens’ wage distribution look like
if they had the characteristics of men?’, and the counterfactual distribution is estimated through a
weighting scheme based on the probability of being a man given your characteristics. In a parallel
setting, our approach would ask ‘what would the joint distribution of gender and wages look like
if characteristics were independent of gender?’ Similar to DiNardo et al. (1996), we estimate this
counterfactual joint distribution through a weighting scheme, but instead, based on the full distri-
bution of gender conditional on characteristics. This approach allows us to go beyond settings
with binary groups, such as the gender gap, to tackle problems where groups of interest vary
along a continuum without relying on arbitrary segmentation of the continuum, as can be found
in some applications (Cameron and Heckman, 2001; Frenette, 2007; Richey and Rosburg, 2018).

We illustrate the ease and power of our method with an application to the intergenerational
economic mobility of U.S. white males surveyed in the 1979 National Longitudinal Survey of
Youth (NLSY). The objective of the application is to better understand the differences in incomes
of children that come from homes with different parental income levels. We base our wage struc-
ture on an extended Mincer equation that includes education, experience, and cognitive and non-
cognitive measures and consider multiple immobility measures including the standard
intergenerational elasticity of income (IGE), quantile regression counterparts to the IGE, and
nonlinear versions of both. While the interpretation of the estimated composition effect is fairly
straightforward—children from wealthier homes likely have higher levels of characteristics valued
in the labor market (e.g., education) which lead to higher wages—the interpretation of the esti-
mated structure effect is less straightforward. In traditional decomposition settings, such as gen-
der and racial wage studies, the structure effect is commonly interpreted as a measure of
discrimination. Richey and Rosburg (2018), however, argue that a more fitting interpretation in
the mobility context is a household advantage linked to higher parental incomes, such as profes-
sional connections of the parents, parental knowledge/awareness of job market and education
opportunities, or perhaps greater financial flexibility to facilitate job search. All of these would
result in higher returns to similar productive characteristics much in the way discrimination in
gender/race wage gap studies shows up as differing returns to such characteristics.

Results from our application reveal substantial, and previously unobserved, nonlinearities in
the empirical and counterfactual relationships. Linear mean and quantile IGE regressions tend to
mask these nonlinearities and therefore produce somewhat misleading results. By applying our
decomposition method to nonlinear models, we reveal heterogenous effects across conditional
quantiles of offsprings’ incomes as well as between low and high parental income levels. For
example, parental income appears to act as a safety net with a larger effect on lower quantiles
than on higher ones, an effect previously noted by Eide and Showalter (1999). But, this effect is
confined to lower income households and is driven by the composition component. Policies
aimed at the composition effect, or equalizing characteristics such as education, would therefore
likely benefit the worst performing sons from the poorest households. Conversely, as parental
income increases it has a larger effect on the top quantiles than on lower ones causing a widening
of the right tail of the conditional distribution. But, this effect is confined to higher income

2More specifically, our decomposition methodology is wholly concerned with joint distributions as is reflected in the model
notation. Our application, however, is concerned with understanding differences in joint distributions and relies on conditional
distribution functions (e.g., quantile and mean bivariate regressions). So while the mechanics of estimating our counterfactual
operate on joint distributions directly, pattern extraction from the joint distributions operate on conditional distribution
functions within our application.
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households and is primarily driven by the structure component. These results suggest a strong
role of ‘advantage’ in explaining the high incomes of the best performers from the highest income
households. While it is important to note that identification of these effects in our empirical
application rely on a key identification assumption (ignorability) and that drivers of immobility
and wage gaps may evolve over time (Albrecht et al., 2015; Maasoumi and Wang, 2019; Richey
and Rosburg, 2017), the descriptive nature of our results still illustrate the importance of looking
beyond simple mean or linear relationships, and thus, highlight the flexibility and usefulness of
the proposed method.

2. Method

To ease exposition, we discuss the details of our method in light of our application. Let off-
spring’s income be denoted yc and parental income be denoted yp.

3 We investigate the empirical
joint distribution—f ðyc, ypÞ—and seek to understand why the two variables are not independent,
i.e., why do we not observe f ðyc, ypÞ � f ðycÞf ðypÞ: To better understand this difference, we focus
our empirical application on specific estimates of conditional distribution functions, such as the
slope parameter from linear regression of yc on yp (i.e., the IGE), and denote such distributional
measures as �ð�Þ: Thus, we investigate various Measures of Immobility (MIs)4:

D�
MI ¼ �ðf ðyc, ypÞÞ � �ðf ðycÞf ðypÞÞ: (1)

Now, let x represent individual attributes valued in the labor market; we seek to identify what
aspect of the MI is caused by children from wealthier homes having different distributions of char-
acteristics—a composition effect—and what aspect is caused by children from wealthier homes
receiving different returns to their characteristics in the labor market—a structure effect. Note that
any joint distribution of yc and yp can be written as: f ðyc, ypÞ ¼

Ð
f ðycjyp, xÞf ðxjypÞdxf ðypÞ: Thus,

the composition effect comes into play via f ðxjypÞ—how the distribution of individual attributes
vary with parental income. The structure effect comes into play via f ðycjyp, xÞ—how the distribution
of yc conditional on x varies with yp, or ‘how returns to x vary with yp’. For brevity, we refer to
these pieces as the ‘composition component’ and the ‘structure component’ of the joint distribution;
these are the components we will manipulate to form our counterfactual and achieve our
decomposition.

If there were only two groups, say children from households below and above median house-
hold income, this problem could be framed in the traditional OB setting. In that case, separate
wage structures would be made explicit for children from above and below the median, i.e.,
fgðyjxÞ ¼ mgðxÞ for g ¼ f1, 2g, rather than be implicitly defined within f ðycjx, ypÞ: Similarly, in
such binary settings, separate distributions of characteristics would be made explicit for children
from above and below the median, i.e., fgðxÞ for g ¼ f1, 2g, rather than be implicitly defined
within f ðyp, xÞ: However, to allow for the continuous nature of parental income, we do not revert
to such explicit conditioning but rather work directly within the framework based on f ðycjx, ypÞ
and f ðyp, xÞ:

To aid our discussion, we introduce notation for joint distributions where subscripts on a dis-
tribution denote whether the structure and composition component (with the former listed first)
come from the actual (‘a’) or independent (‘i’) distribution (i.e., fstruct¼fa, igjcomp¼fa, ig). Therefore,
we can express the actual joint distribution of (yc, yp) as faja:

3Our actual focus, like much of the mobility literature, is log earnings; we refer to ‘income’ for short.
4The reader should note that for all distributional features of interest we will investigate - various slope parameters of mean
and quantile regressions - the corresponding parameter for the independent joint distribution is zero, so for our
purposes �ðfðycÞfðypÞÞ ¼ 0:

4 J. RICHEY AND A. ROSBURG



fajaðyc, ypÞ ¼
ð
f ðycjx, ypÞf ðxjypÞdxf ðypÞ: (2)

The independent joint distribution can be expressed as fiji and results from a scenario in which the
distribution of x and the conditional distribution of yc are independent of parental income:

fijiðyc, ypÞ ¼
ð
f ðycjxÞf ðxÞdxf ðypÞ: (3)

Now, consider the counterfactual joint distribution faji:

fajiðyc, ypÞ ¼
ð
f ðycjx, ypÞf ðxÞdxf ðypÞ (4)

which represents the counterfactual joint distribution that answers the question ‘what if the distri-
bution of productive characteristics were independent of parental income levels, but returns to
those characteristics remained dependent on parental income levels?’

With these three distributions, we can identify the composition and structure effect of the MI
of interest. The composition effect answers the question: what is the difference between the MI
derived from the empirical joint distribution and one derived from our hypothetical distribution
where all children had the same distribution of characteristics? It is denoted: D�

X ¼ �ðfajaÞ �
�ðfajiÞ: Conceptually, this tells us how much of the MI is due to the varying distribution of char-
acteristics related to parental income levels. The structure effect answers the question: what is the
difference between the MI derived from our hypothetical distribution where all children had the
same distribution of characteristics and one derived from the independent joint distribution? It is
denoted: D�

S ¼ �ðfajiÞ � �ðfijiÞ: This tells us how much of the MI is due to returns to characteris-
tics varying with parental income levels.

Together, the composition and structure effects represent a decomposition of the MI:

D�
MI ¼ D�

X þ D�
S : (5)

Importantly, note that:

fajiðyc, ypÞ ¼
ð
f ðycjx, ypÞf ðxÞdxf ðypÞ (6)

¼
ð
f ðycjx, ypÞ f ðxÞ

f ðxjypÞ f ðxjypÞdxf ðypÞ (7)

¼
ð
f ðycjx, ypÞwðyp, xÞf ðxjypÞdxf ðypÞ (8)

where the ‘reweighting’ functions can be rewritten utilizing Bayes’ rule as wðyp, xÞ ¼ f ðxÞ
f ðxjypÞ ¼

f ðypÞ
f ðypjxÞ : Therefore, the counterfactual joint density can be rewritten as:

fajiðyc, ypÞ ¼
ð
f ðycjx, ypÞ f ðypÞ

f ðypjxÞ f ðxjypÞdxf ðypÞ: (9)

From the above derivation, one can see that our method extends the approach of DiNardo
et al. (1996) to joint distributions and that their approach is naturally embedded within ours as a
conditional version (conditioning on a value of the membership index). Specifically, consider a
version of our counterfactual that is conditioned on a specific level of yp ¼ y†p using the formula-
tion in Eq. (7):

fajiðycjyp ¼ y†pÞ ¼
ð
f ðycjx, yp ¼ y†pÞ

f ðxÞ
f ðxjyp ¼ y†pÞ

f ðxjyp ¼ y†pÞdx: (10)
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This parallels the counterfactual in DiNardo et al. (1996). Applying their approach to the gen-
der gap where the counterfactual is assumed to be the wage distribution of women if they had
the characteristics of men yields:

fwjmðyÞ ¼
ð
f ðyjx, sex ¼ wÞ f ðxjsex ¼ mÞ

f ðxjsex ¼ wÞ f ðxjsex ¼ wÞdx: (11)

The comparison of Eqs. (10) and (11) highlights the relationship between the two approaches
with a key difference. The counterfactual in Eq. (11) assumes one group (women) has the charac-
teristics of the other group (men). Instead, our counterfactual (Eq. (10)) assumes every person, as
well as the specific group defined by y†p, has the unconditional distribution of characteristics
(f(x)). By focusing on the full joint distribution, our counterfactual simultaneously equalizes all
groups’ distribution of characteristics and naturally extends the DiNardo et al. (1996) reweighting
approach. In practice, this allows us to apply regression methods to the full joint distribution and
obtain more general results. Further, such conditioning as in DiNardo et al. (1996) is only prac-
tical (or even feasible) with a limited number of groups. In settings with a continuum of groups,
one would need to set arbitrary groupings and work with multiple conditional distributions (e.g.,
Richey and Rosburg, 2018). Working directly with the joint distribution is more natural and
allows flexible analysis without the burden of multiple conditional distributions. Moreover, as we
will see in our results, a discrete approach necessarily limits what one can learn about the coun-
terfactual and is contingent upon the chosen segmentation.

The weights, wðyp, xÞ, can be estimated by using several well-documented methods. The distri-
bution f ðypÞ can be estimated via kernel density estimation while f ðypjxÞ can be estimated with
the nonparametric conditional density estimator of Hall et al. (2004).5, 6 Once weights are esti-
mated, they can be used in the estimation of any function of the joint distribution to obtain a
counterfactual version. This is done by re-estimating weighted versions of regressions of interest
using the weights wðyp, xÞ: Standard errors for counterfactual regression parameters can be calcu-
lated by bootstrapping the two-step process: (1) estimate weights and (2) estimate weighted
regressions.

Thus, our approach can be implemented through the following multi-step process7:

1. Estimate parameters of interest from regressions of yc on yp for the empirical and independ-
ent joint distribution—�ðfajaÞ and �ðfijiÞ:8

2. Estimate fiðypÞ for each individual i ¼ f1, 2, 3::::Ng via a kernel density estimator.
3. Estimate fiðypjxÞ for each individual i ¼ f1, 2, 3::::Ng via the nonparametric method of Hall

et al. (2004).
4. Construct wiðyp, xÞ ¼ fiðypÞ

fiðypjxÞ for each individual i ¼ f1, 2, 3::::Ng:

5We use the KernSmooth package in R for fðypÞ and the ‘np’ package for fðypjxÞ:
6Like all nonparametric estimators, dimensionality can be a concern for the Hall et al. (2004) method. However, there is some
work, particularly Izbicki and Lee (2016), which shows the method performs rather well in simulation exercises based on
sample sizes very similar to our application (n ¼ 1,000 compared to our n ¼ 1,357), though the computational time is shown
rather large; and our application is based on x of dimension six, whereas their simulations go as high as twenty. Thus, while
this limitation should be noted, there is some evidence regarding stability of the estimator indicating it should not be an
overwhelming concern.
7We note here that this reweighting approach is not the only way one may go about estimating such counterfactuals, much
as there are several approaches to estimating counterfactuals in the traditional discrete group decomposition literature
(Chernozhukov et al., 2013; DiNardo et al., 1996; Firpo et al., 2007; Machado and Mata, 2005; Rothe, 2015). In a previous
version of this paper, under a different title, we proposed an alternative, more ‘brute force’ approach to the counterfactual
(Richey and Rosburg, 2016). That approach paralleled Machado and Mata (2005) and took an ‘estimate-and-simulate’ approach
that was very computationally intensive and required estimation of complex interactive conditional CDFs (i.e., Fðycjx, ypÞ). The
approach provided here builds off the foundation of that paper, but provides what we believe is a simpler estimation
procedure that avoids estimation of complex interactive conditional CDFs.
8Note again, for all of our applications the parameter of interest for the independent distribution is zero.
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5. Estimate counterfactual parameters via weighted versions of regressions of interest—�ðfajiÞ:
6. Construct composition effects as �ðfajaÞ � �ðfajiÞ:
7. Construct structure effects as �ðfajiÞ � �ðfijiÞ: In our application, this is equivalent to our

counterfactual estimates (�ðfajiÞ) since, as noted in footnote 4, regression coefficients for the
independent case are zero.

8. Bootstrap steps 2–7 to construct standard errors for counterfactual/decomposition parameters
of interest.

There are two implicit choices we have made in constructing our counterfactual: the ‘order’ of
the decomposition and our choice for f(x). Here, we briefly discuss these choices and possible
alternatives.

All decompositions must choose which counterfactual to consider (i.e., the order of the
decomposition). Above, we considered the counterfactual if the distribution of characteristics was
independent of parental income but returns to characteristics were allowed to vary with parental
income as empirically observed. An alternative is the counterfactual if the returns to characteris-
tics were independent of parental income but characteristics varied with parental income as

empirically observed. If one did wish to consider the alternate counterfactual—fijaðyc, ypÞ ¼Ð
f ðycjxÞ~wf ðxÞdxf ðypÞ, where ~w ¼ f ðypjxÞ

f ðypÞ —one would first need to obtain the ‘independent data’ to

reweight. However, obtaining this independent data is not trivial. While this could be done by
randomizing parental income over the other variables and then continuing as above, this
approach would likely add substantial noise to the estimator without a substantially large data set.
Thus, we do not pursue this counterfactual here. Which counterfactual is more appropriate will
depend on the question of interest. For example, the counterfactual we consider here is most
appropriate for questions related to the effects of equalizing characteristics, such as how equaliz-
ing education and test scores might shrink various MI.

Our chosen counterfactual also requires a choice regarding the distribution of characteristics
assumed to prevail in the independent distribution. A computationally appealing choice, and the
one assumed above, is the observed unconditional distribution of characteristics—f(x). This aligns
with Nopo’s (2008) definition of the composition effect—the part due to differences in character-
istics between individuals and the ‘average’. This, however, is in contrast with most of the trad-
itional decomposition literature. Most of the literature selects a ‘base group’ and the
counterfactual assumes all individuals had the distribution of the base group, e.g., f †ðxÞ; this is
also the strategy chosen by Richey and Rosburg (2018), within a transition matrix setting,
whereby their counterfactual is if children from all family quartiles had the distribution of char-
acteristics as those coming from the wealthiest quartile of homes. From an interpretation stand-
point, this alternative does have some advantages; the counterfactual would then consider
outcomes if all children were ‘lifted up’ to the characteristics of those from the wealthiest
homes. Conversely, our choice equalizes all children attributes to the average, which necessarily
lifts up some while pushing others down. However, there are tradeoffs to the base group
approach. If one wished to consider a base group f †ðxÞ for the counterfactual, there would be

an additional term in the constructed weights: f †ðxÞ
f ðxÞ : The additional term adds noise to the esti-

mation of the weights. Therefore, while feasible, we do not pursue a base group approach due
to this concern.

Our approach aims to separate out composition and structure effects. To correctly identify
these effects, we must assume that, conditional on the observable characteristics, any unobserved
characteristics affecting wages are identically distributed across parental income levels. For
example, if wealthier families had more ‘motivated’ or ‘unmotivated’ children (unobserved), the
decomposition will still be identified as along as the distribution of motivation is identical across
parental income when conditioned on observables. This assumption is generally referred to as
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‘conditional independence’ or ‘ignorability’.9 If this assumption does not hold, our structure effect
may incorrectly pick up differences in unobserved productivity characteristics. In absence of this
assumption, our results would be, like many in the decomposition literature, merely descriptive
in nature.

3. Application: intergenerational economic mobility

It is well established that many labor market outcomes, such as earned income, differ systematic-
ally according to parental income. A simple regression of log offsprings’ incomes on log parental
incomes provides the IGE, a common measure of the intergenerational link within the economic
mobility literature; IGE estimates for the U.S. range from 0.30 to 0.60.10 What is less well known
is what drives this persistence of income across generations. Interest in this latter question has
initiated several avenues of research. For example, researchers have attempted to identify the
causal effect of parental incomes or investments on children incomes (Cardak et al., 2013; Shea,
2000), the split between nature and nurture in the connection (Bj€orklund et al., 2006), and spe-
cific environmental drivers of the link (Chetty and Hendren, 2018); others have attempted to
account for intergenerational persistence through mitigating factors (Blanden et al., 2007; Richey
and Rosburg, 2017).

This paper differs from much of the mobility literature because, rather than identifying roles
played by specific variables, we seek to understand how much of the intergenerational persistence
is due to children from wealthier homes having different levels of characteristics and how much
is due to these children receiving different returns for these characteristics. We recognize, how-
ever, that many of the effects identified in the aforementioned strands of mobility research are
related to both varying levels of characteristics and varying returns to characteristics. For
example, a neighborhood effect, as in Chetty and Hendren (2018), could lead to greater educa-
tional achievement but also better networking that provides greater returns for those educational
gains. Thus, we believe investigating intergenerational mobility through a decomposition lens pro-
vides a complimentary perspective to previous findings. Our paper is most closely related to
Richey and Rosburg (2018) who also take a decomposition approach to understanding economic
mobility. Their research takes an existing discrete decomposition method (Rothe, 2015) and
applies it to discrete groupings of individuals within a transition matrix setting. As such, their
analysis relies on arbitrary segmentations of the distribution. The approach proposed here
removes the segmentation restrictions imposed by a transition matrix setting. To illustrate how
our proposed method provides a more nuanced picture of intergenerational mobility, we will pro-
vide a comparison of our model results to results based on a discretized approach.

3.1. Measures of immobility

The intergenerational mobility literature provides various measures that represent different ways
to summarize or capture some aspect of the joint parent-offspring distribution of incomes. Our
method can decompose any of these measures by simply re-estimating weighted versions of the
measure of interest with our calculated weights—wðyp, xÞ: Here, we focus on the traditional linear
IGE, quantile regression counterparts to the IGE, and nonlinear versions of both. Other popular

9See Fortin et al. (2011) for a detailed discussion of identifying assumptions in decomposition methods. Also note ignorability
is a less restrictive assumption than independence, which would require the unobservables to be independent of the
covariates. Only ignorability is needed for identification of the structure-composition decomposition.
10See Mazumder (2005) or Black and Devereux (2011) for an overview of this literature. The large range in the estimated IGE
arises from a variety of data issues including life-cycle and measurement error biases (B€ohlmark and Lindquist, 2006; Haider
and Solon, 2006; Nybom and Stuhler, 2017).
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methods for measuring (im)mobility, not covered here, include transition matrices and directional
mobility measures (Bhattacharya and Mazumder, 2011).

Much of the economic mobility literature estimates intergenerational mobility by modeling
expected log earnings of a child ½lnðycÞ� as a linear function of log parental earnings ½lnðypÞ� :

E lnðycÞjyp
� � ¼ aþ blnðypÞ: (12)

The value b is the IGE and ð1� bÞ is a measure of intergenerational economic mobility. This
simple relationship is the workhorse of much of the existing literature on economic mobility. By
comparing the observed (actual) IGE with the counterfactual IGE, we can ascertain what portion
of the observed IGE is structural or compositional in nature.

While the standard IGE approach tells us how the conditional mean of offspring income varies
with parental income, it is often informative to look beyond the mean effect. A natural extension
to the basic IGE is through quantile regressions. The goal of a quantile regression, first intro-
duced by Koenker and Bassatt (1978), is to identify the effect of an explanatory variable on differ-
ent quantiles of the conditional distribution of the dependent variable. For example, previous
results for the U.S. have shown parental income has a larger effect at the lower end of children
conditional income distribution, which may reflect parental income acting as a safety net (Eide
and Showalter, 1999). Our method allows us to investigate not only how the relationship varies
across the distribution but also what mechanism (compositional or structural) drives the relation-
ship across the conditional distribution. We model the conditional quantile of offspring log
income as:

QlnðycÞjlnðypÞðsÞ ¼ as þ bslnðypÞ (13)

where s is the quantile of interest. The coefficient vector bs will, in general, differ for each quan-
tile. Our decomposition method will identify the portion of each bs that is structural or compos-
itional in nature.

Both of the above models are specified with linear functional forms. While such linear approx-
imations to the conditional earnings function are quite common in the economic mobility litera-
ture, a key theme in the work by Becker and Tomes (1979, 1986) is that, in the face of credit
constraints, nonlinearities may exist in the relationship between generations.11 Furthermore, if
nonlinearities exist, simple linear IGE estimates can cloud mobility comparisons (Bratsberg et al.,
2007). Thus, more flexible estimation procedures through higher order polynomials, kinked/seg-
mented regressions, or nonparametric approaches may be more appropriate for understanding
the intergenerational link. Our method can handle any such approach by estimating an empirical
and counterfactual version of each model with appropriate weights. In our application, we explore
high order polynomial and kinked regression versions of the mean and quantile regressions to
allow nonlinearities in both the empirical and counterfactual relationships. Finally, to compare
our results with those derived from a discrete approach, we parallel our regression results by esti-
mating slope parameters between the discrete distribution’s statistics of interest (see Section 3.4).

3.2. Data

The data for our application is the 1979 National Longitudinal Survey of Youth (NLSY79). The
NLSY79 is a panel survey of youths aged 14–22 in 1979. It includes a cross-sectional representa-
tive survey (n¼ 6,111), an over sample of minorities and poor whites (n¼ 5,295), and a sample
of military respondents (n¼ 1,280).12 We use only the cross-sectional representative survey.

11See Corak and Heisz (1999) and Grawe (2004) for work along these lines.
12The over sample of military and poor whites were discontinued in 1984 and 1990, respectively.
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We limit the sample to white males who reported living with a parent for at least two of the
first three years of the survey, and since parents’ (average) income is a key variable of interest, to
those with reported parental income for those years; parental income is measured as the sum of
income from both parents averaged over observation years.13 Offspring income is average
reported wage and salary income from 1994, 1996, and 1998 and limited to those not enrolled in
school. All incomes are deflated to 1982–1984 dollars using the consumer price index. The data
exhibit long left tails for both income distributions, and we trim the data based on a rule of
thumb of two times the interquartile range below the first quartile for both parental and offspring
incomes. The final sample includes 1,357 individuals with a mean age of 33.6.14 Table 1 provides
summary statistics.

The variables we include in our decomposition are based on an extended Mincer equation.
The traditional Mincer equation includes education, experience, and experience squared (Mincer,
1974). We extend this basic model to include other variables that have been related to income
determination. In particular, we include a measure of cognitive ability (AFQT) and three meas-
ures of noncognitive ability (Esteem, Rotter, and Perlin).

The NLSY79 does not provide a direct measure of experience. Therefore, we construct a meas-
ure of ‘full time equivalent’ (FTE) years of experience using the weekly array of hours worked.15

One FTE year of experience is assumed to equal 52weeks times 40 hours (hours per week worked
are top coded to 40). A few older individuals in our sample completed their education prior to
the beginning of the survey and were already working during the first round of interviews in
1979. Without information on previous work experience for these individuals, we construct the
following ‘pre-survey’ estimate of FTE years (FTE<79) based on age, years of schooling, and FTE
years of experience earned in the initial survey year: FTE<79 ¼ ðAge79 � Years of Schooling79 �
6Þ � FTE79: We then add the pre-survey FTE years to the (observed) survey FTE years.

Educational attainment is measured as years of schooling. The measure of ability used in our
analysis is Armed Forces Qualifying Test (AFQT) scores. Since different individuals took the test
at different ages, the measure used is from an equi-percentile mapping used across age groups to
create age-consistent scores (Altonji et al., 2012). We use three measures for noncognitive ability.
First, we use information from the Rosenberg Self-Esteem Scale (1965). The Rosenberg Self-
Esteem Scale contains 10 statements on self-approval and disapproval; we use a summary meas-
ure of the individual’s responses to these 10 statements (Esteem). Second, we use a summary
measure from the Rotter-Locus of Control Scale (Rotter) which measures the ‘extent to which
individuals believe they have control over their lives through self-motivation or self-determination
(internal control) as opposed to the extent that the environment (that is, chance, fate, luck) con-
trols their lives (external control)’ (BLS, 2015). Rotter and Esteem were measured in the first two

Table 1. Summary statistics–NLSY79 white males.

Variable Mean St. Dev. Variable Mean St. Dev.

Parental income 33,542 18,237 Age 33.6 2.14
Offspring income 16,584 11,143 Rotter 8.42 2.33
Experience 12.90 3.34 Esteem 22.51 3.96
Education 13.72 2.58 Perlin 22.65 3.02
AFQT 0.52 0.91

Notes: Incomes are constant 1982–1984 dollars. AFQT score is standardized.

13We exclude individuals who lived with a spouse or child during these years. Measurement error in parental income is a
common concern in the mobility literature. However, recent research indicates that some mobility measures are less
susceptible to such errors relative to others (Nybom and Stuhler, 2017).
14The literature on intergenerational mobility has identified the possibility of life-cycle biases in estimates depending on age
at which children are surveyed (B€ohlmark and Lindquist, 2006; Haider and Solon, 2006; Nybom and Stuhler, 2017). However,
this literature seems to indicate such biases are minimized or eliminated when youths reach their mid-30s.
15Our measure of experience is very similar to, but slightly different from, the measure used by Regan and Oaxaca (2009).
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rounds of the survey (1979 and 1980, respectively). Therefore, the third measure we include is
the Perlin Mastery Scale measured in 1992 when respondents were in their late 20 s or early 30 s.
The Perlin Mastery Scale measures the extent to which individuals ‘perceive themselves in control
of forces that significantly impact their lives’ (BLS, 2015).

3.3. Results

Before discussing our empirical results, let us overview the structure of how we present our
results. Table 2 reports our linear and segmented IGE results and the relationship between esti-
mated effects. The four horizontal panels present results for the mean, 10th, 50th, and 90th quan-
tile regression results. Each of these panels contains three rows: ‘Empirical/Total’,
‘Counterfactual/Structural’, and ‘Composition’. The ‘Empirical/Total’ row presents the regression
results for the empirically observed relationship, so the first entry of 0.346 is the linear IGE from
our actual data set. It is important to note that since this relationship for the independent joint
distribution is zero, these values also represent the MI of interest. The ‘Counterfactual/Structure’
row represents the regression results for our counterfactual joint distribution, which is achieved
with weighted counterparts to the results in the first row. Recall that the structure effect is the
difference between the counterfactual and the independent relationship (D�

S ¼ �ðfajiÞ � �ðfijiÞ).
Again, since an independent relationship would lead to regression parameters equivalent to zero,
the counterfactual and structure effect are equivalent. The ‘Composition’ row presents our esti-
mated composition effect or the difference between the empirical relationship and the counterfac-
tual (D�

X ¼ �ðfajaÞ � �ðfajiÞ). The first column of results are estimates for slope parameters for
linear specifications. Columns two through four present results for segmented regression specifi-
cations. The ‘Low-Side’ column presents slope parameters estimated below the break point in par-
ental income. The ‘High-Side’ column presents slope parameters estimated above the break point.
Finally, the ‘Break Point’ column presents estimated kinks in the linear relationship. Figure 1 pro-
vides a visual depiction of our nonlinear analysis. The predicted empirical and counterfactual
relationships for the conditional mean and select quantiles are based on high order polynomial
regressions (fifth order in parental log income). The high-ordered models are demanding on our
data and confidence bands (not shown) tend to be large and overlap; nonetheless, they allow for
a visual depiction of the nonlinear relationships. While these polynomial regressions are more
flexible than our kinked regressions, the slope estimates from the segmented regressions are use-
ful for comparative purposes.

Table 2. Decomposition of linear and segmented IGEs for white males in the NLSY79.

Segmented regressions results

Estimated Relationship/
Linear results

Low-side High-side Break
Regression Effect IGE IGE IGE Point

Empirical/total 0.346 (0.029) 0.208 (0.047) 0.596 (0.060) 10.37 (0.34)
Mean Counterfactual/structure 0.244 (0.029) 0.100 (0.061) 0.501 (0.069) 10.36 (0.30)

Composition 0.102 (0.020) 0.108 (0.036) 0.096 (0.037) – –
Empirical/total 0.396 (0.083) 0.396 (0.083) 0.396 (0.083) – –

10q Counterfactual/structure 0.335 (0.086) 0.098 (0.152) 0.532 (0.110) 10.03 (0.57)
Composition 0.062 (0.067) 0.299 (0.145) –0.135 (0.082) – –
Empirical/total 0.316 (0.028) 0.259 (0.041) 0.662 (0.146) 10.71 (0.57)

50q Counterfactual/structure 0.232 (0.033) 0.180 (0.049) 0.503 (0.154) 10.65 (0.60)
Composition 0.084 (0.027) 0.078 (0.028) 0.159 (0.137) – –
Empirical/total 0.423 (0.060) 0.013 (0.134) 0.828 (0.077) 10.35 (0.18)

90q Counterfactual/structure 0.177 (0.063) –0.213 (0.184) 0.850 (0.130) 10.34 (0.26)
Composition 0.245 (0.055) 0.226 (0.111) –0.021 (0.108) – –

Notes: Standard errors are in parentheses. Standard errors are based on 500 bootstraps, which incorporate both stages of esti-
mation. For segmented regression results, the standard errors are calculated with a fixed break point within the bootstrap
procedure based on the empirically estimated break point.
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First, let us discuss the linear specification results provided in the first column of Table 2. The
empirical standard IGE is estimated at 0.35 and implies that as parental income increases by 1%,
offsprings’ expected income increases by 0.35%; this is on the lower end of the IGE estimates
reported in existing literature.16 The decomposition shows that the structure effect accounts for
about 70% of the IGE while the composition effect accounts for the other 30%. Therefore, in
explaining (im)mobility for white males in the U.S., differences in returns to characteristics across
households has about double the explanatory power as differences in offspring characteristics
across households. Conditional on the ignorability assumption holding, our results suggest there
is a considerable unobserved labor market advantage related to parental income beyond the role
played by higher levels of productive characteristics.

Linear quantile IGE counterparts reveal a U-shaped effect with larger effects in the tails (i.e.,
10th and 90th quantiles). As parental income increases, offsprings’ conditional wage distribution
exhibits compression at the lower end (decreasing 10–50 gap) and an extending upper tail
(increasing 50–90 gap). This increased effect at the lower end is consistent with Eide and
Showalter (1999) and suggests that parental income has a safety-net effect. Decomposition results
suggest the structure effect is the main driver at the 10th quantile at 85% of the total, which then
decreases to 42% at the 90th quantile as the composition effect plays a larger role. Therefore, the
compression at the lower end of the distribution as parental income increases appears to be
driven by the structure effect (the structure effect increases from 0.23 to 0.33 from the median to
the 10th quantile) while the extending tail appears to be driven by the composition effect (the
composition effect increases from 0.08 to 0.25 from the median to 90th quantile).

Figure 1. Top left: mean relationship; top right: median relationship; bottom left: 10th quantile relationship; bottom right: 90th
quantile relationship.

16It is not unexpected that our IGE estimate is on the lower end of the range reported in existing literature (0.30 - 0.60). IGE
estimates tend to be lower with shorter income averages (see Mazumder (2005) or Black and Devereux (2011) for discussions
of measurement error as it relates to this issue), and we use a two-year average. Ideally, we would use a longer observation
time frame but doing so has serious effects on our sample size and hinders our ability to carry out the decomposition.

12 J. RICHEY AND A. ROSBURG



At first glance, these results seem to imply some important takeaways regarding how policies
aimed at the structure or composition effect might affect mobility; that is, policies aimed at the
composition effect will have a greater effect on the outcomes of the right tail of the conditional
distribution while policies aimed at the structure effect will have a greater effect on the left tail of
the conditional distribution. However, as noted previously, linear specifications may not be a
good approximation to the empirical or counterfactual intergenerational relationships. Therefore,
we turn to our nonlinear results.

The polynomial conditional mean results, as well as segmented mean regressions, reveal nonli-
nearities in the intergenerational relationship with a larger IGE at higher levels of parental
income. The empirical IGE is 0.20 at low parental income levels (‘Low-Side IGE’) and 0.60 at
high parental income levels (‘High-Side IGE’). Moreover, decompositions illustrate that removal
of the composition effect has differing effects for the average son from lower income households
than higher income households. The segmented regressions suggest an even 50–50 structure-com-
position split at the lower end of parental income but an 85–15 split at higher income levels.
Therefore, the 70–30 structure-composition split suggested by the linear results masks some of
the underlying heterogeneity.

A comparison of the linear and nonlinear quantile regression results reveals similar differences.
While the empirical 10th quantile conditional relationship is linear in parental income (thus, the
identical linear and low/high side IGE and no estimated break point), the 50th quantile has a
nonlinear relationship similar to that of the mean. The 90th quantile is extremely nonlinear with
no discernable relationship at low parental income levels and a very high estimated IGE at high
parental income levels (0.83). These results imply a compression of the left tail of the distribution
as parental income increases only among sons from lower income households (0.40 IGE at the
10th quantile vs. 0.26 IGE at the 50th quantile for the ‘Low-Side IGE’); for sons from higher
income households (‘High-Side IGE’), the 10–50 spread increases as parental income increases
(0.40 IGE at the 10th quantile vs. 0.66 IGE at the 50th quantile). In a similar pattern, we see a
shrinking 50–90 gap among sons from lower income households but a widening gap for sons
from higher income households. This implies a uniform compression of the conditional distribu-
tion as parental income increases at low levels and a uniform spreading at higher parental income
levels—a more complex relationship than the linear results are able to portray. Recall, the linear
results suggested a simple compression at the left tail and extension at the right tail.

Decomposition results suggest similar heterogeneity in the drivers of these relationships. At
low parental income levels, the composition effect dominates at the 10th conditional quantile—
75% of the empirical relationship based on segmented regressions—and is the driver of the left
tail compression as parental income increases at low levels. Therefore, the ‘safety net’ effect at
low parental income levels appears to be driven by the composition effect; linear results suggested
the structure effect was the driver. If we focus on the spreading 50–90 gap at high parental
income levels, it is driven by the structure effect, which increases from 0.50 to 0.85 from the 50th
to 90th quantile. The linear results suggested the widening 50–90 gap was due to the composition
effect. Looking closer, this appears to be an anomaly of the very flat empirical relationship at low
levels changing to a negative relationship predicted by the counterfactual (though with large
standard errors and not statistically different from zero). The statistical insignificance of the struc-
ture effect in the low-side for the 90th quantile makes it hard to assign the key driver to the com-
pression of the 50–90 gap at lower parental income levels. Similarly, the statistically insignificant
composition effects in the high-side for the 10th and 50th quantiles make it hard to assign roles
for the widening 10–50 gap at higher parental income levels.

Together, these results indicate a very complex relationship with differing trends at low and
high parental income levels. Differences are found not only in the empirical relationship but also
in the decompositions; the role of the structural and compositional components in different seg-
ments of the conditional distribution of offspring income varies with the parental income range
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(i.e., ‘Low-Side’ vs ‘High-Side’). For example, the composition effect is the driver of the safety net
effect at low parental income levels. Thus, policies aimed at the composition effect would likely
benefit the worst performing sons from the poorest households. Alternatively, the spreading
50–90 gap at high parental income levels is driven by the structure effect. This indicates a strong
role of ‘advantage’ in explaining the high incomes of the best performers from the highest income
households.

While not directly comparable, these two findings are generally in line with the findings of
Richey and Rosburg (2018). They find that the composition effect accounts for about 60% of the
increased likelihood of children from the poorest quartile of households ending up in the lowest
income quartile as compared to children from the second poorest household quartile. They also
find the composition effect only accounts for about 25% of the increased likelihood children from
the wealthiest quartile end up in the highest income quartile as compared to children from the
second wealthiest homes. Furthermore, again noting differences in methods and application,
Ulrick et al. (2018) also find that differences in college grades is better explained by differences in
characteristics at the lower end of the socio-economic continuum. These similarities suggest our
findings may be indicative of a general relationship between parental incomes and several import-
ant economic outcomes.

While all of these takeaways hinge on the ignorability assumption, we believe that such
nuanced findings (even if only descriptive in nature) provide interesting contributions to the
mobility literature that at a minimum point towards areas of potential further study. Moreover,
the ability of the procedure to reveal such heterogeneous effects highlights the flexibility of our
proposed decomposition method. Our results are also contingent on the observed cohort—the
1979 NLSY. Drivers of mobility, similar to drivers of wage gaps, are likely to evolve over time
(Albrecht et al., 2015; Maasoumi and Wang, 2019; Richey and Rosburg, 2017). The NLSY has a
second survey (the 1997 NLSY) that includes a later generation of children, but this cohort does
not include the noncognitive ability measures and the most recent available data is the 2015
wave. Using parallel assumptions for data selection would provide respondents at an average age
of 30.7 compared to 33.6 in our 1979 NLSY data set. As discussed in the data section, life-cycle
bias is a major concern in the mobility literature. Not only is the lower average age in the 1997
cohort a concern, the cohort also has an increase in education attainment which (on average)
would have delayed their working wage profiles compared to the 1979 cohort. Given these con-
cerns, along with our interest in the tails of the distribution and the increased effect at higher
parental incomes where the bias may be more prevalent, we do not believe the currently available
1997 NLSY cohort would provide a suitable comparative analysis, and therefore, we do not pur-
sue it here.

3.4. Comparison with a discrete approach

The method proposed and applied here is a natural extension and improvement over the
approach provided in Richey and Rosburg (2018). That article, like others in the decomposition
literature that address continuum groups, relies on discretizing the group membership variable.
In the case of Richey and Rosburg (2018), the discretization of choice is quartiles, which naturally
fit the article’s application of interest—transition matrices. However, a discrete approach is more
restrictive than the approach proposed here and has several limitations if applied outside of the
transition matrix setting. In particular, it imposes that everyone in a given (discretized) group has
the same structure effect. Results will therefore depend on (and vary with) the chosen discret-
ization. Further, as will be illustrated below, results from a discrete approach are simply a discrete
number of conditional distributions such that ‘quantile regressions’ would simply yield three
‘slopes’ between the four distribution’s quantiles. Moreover, to form such slopes, levels for
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parental income must be chosen which leads to results that are conditioned on another
(researcher-selected) choice.

To illustrate the advantages of our proposed approach, we estimate parallel results to those in
Table 2 using a discrete approach. We first discretize the data into quartiles according to parental
incomes. Then, we conduct four decompositions using the approach of DiNardo et al. (1996) (see
Eq. (10)) where there are four groups with y†p defined as being in each parental income quartile.
This yields four counterfactual distributions from which we can calculate means and select quan-
tiles as well as changes between the groups. To estimate ‘slope’ parameters to compare with the
results in Table 2 and Fig. 1, we use the mean of the parental incomes in each group to estimate
simple slopes between the successive groups.17 For example, the top left entry in Table 3 reports
the empirical ‘slope’ between the means of incomes from children from the first and second par-
ental quartile. This slope is estimated by dividing the difference in the means between these chil-
dren incomes by the difference in the mean of their parental incomes. Similarly, the second
column of the first row divides the difference in the 10th quantile of these children incomes by
the difference in the average of their parental incomes. These yield quasi-slope parameters across
parental income levels to compare to our main regression parameter estimates as well as our non-
parametric graphs. In what follows, we refer to the results and findings based on our proposed
method as the ‘main results’.

The ‘slope’ results for the discrete approach are given in Table 3. The mean results (first col-
umn) are generally consistent with our main results: the empirical relationship increases as paren-
tal income increases, and the composition effect dominates on the lower end while the structure
effect becomes increasingly important at the top end. The results for the decomposition at the
10th quantile (second column) also generally align with our main results, although the magni-
tudes of the empirical relationship present a changing relationship (0.29 to 0.67 to 0.43) not
observed in our main results; this difference is likely due to the arbitrary segmentation and the
fairly large standard errors. The 50th quantile results (third column) differ in magnitude to our
main results. The structure effect is <50% of the decomposition at the top end of parental
income in the discretized results (0.25 of 0.54) but explains almost all of the observed immobility
in our main results. The 90th quantile results also, in general, keep the general sense of our main
results with the overall relationship increasing with parental income and the structure effect
becoming increasingly important; however, these results leave about 25% of the explanatory
power to the composition effect at the top, something not observed in our main results.

While the discrete results align with some of the major takeaways from our main results, they
also highlight some of the shortcomings of a discrete approach compared to our proposed
approach. In particular, with the discrete approach, we cannot be confident in the magnitudes of

Table 3. Decomposition of slopes in mean/quantiles in children incomes between parental income quartile groups based on
discrete approach for white males in the NLSY79.

Mean 10th Quantile 50th Quantile 90th Quantile

First to second Empirical 0.168 (0.069) 0.294 (0.178) 0.224 (0.076) –0.111 (0.116)
Parental Counterfactual/structure 0.020 (0.068) 0.105 (0.173) 0.141 (0.081) –0.242 (0.148)
Quartile Composition 0.148 (0.051) 0.189 (0.137) 0.082 (0.064) 0.131 (0.122)
Second to third Empirical 0.402 (0.144) 0.677 (0.385) 0.273 (0.176) 0.488 (0.217)
Parental Counterfactual/structure 0.162 (0.128) 0.191 (0.366) 0.088 (0.157) 0.242 (0.310)
Quartile Composition 0.239 (0.079) 0.486 (0.239) 0.185 (0.101) 0.247 (0.218)
Third to Fourth Empirical 0.575 (0.097) 0.428 (0.228) 0.542 (0.115) 0.952 (0.258)
Parental Counterfactual/structure 0.395 (0.094) 0.373 (0.273) 0.248 (0.126) 0.672 (0.203)
Quartile Composition 0.180 (0.055) 0.055 (0.172) 0.293 (0.089) 0.280 (0.182)

Notes: Standard errors are in parentheses. Standard errors are based on 500 bootstraps, which incorporate both stages
of estimation.

17While we have the actual parental income for each individual, the decomposition treats everyone in each quartile as simply
a group member and thus it would be incorrect to reinsert this information to attempt actual regressions.
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the effects as they are dependent on the segmentation. This creates some results that seem to
contradict our main results (changing magnitudes of the 10th quantile effect, the smaller role for
the structure effect at the 50th quantile at the top end, and the non-negligible role of the compos-
ition effect at the 90th quantile at the top end). Also, due to the segmentation of the data, there
is increased uncertainty in the ‘slope’ estimates, which creates challenges for inference. Further,
while some of the major takeaways of the results from both methods generally align, it is more
natural to work with one joint distribution and analyze direct regression results rather than com-
paring quantiles and means between arbitrary discrete groups.

4. Conclusion

Recent advances in decomposition methods have expanded the applicability beyond their trad-
itional settings. Many methods have been introduced to evaluate differences across the full distri-
bution of the outcome of interest, and to a lesser degree, some have been introduced to expand
beyond discrete group settings. This paper proposes a simple method that extends the traditional
decomposition method in both directions simultaneously. Our method achieves this by re-
framing the problem: rather than ask why groups differ in their outcomes, we ask why the joint
distribution of group membership and outcome are not independent. Thus, the focus is on
decomposing the difference between the empirical and an independent joint distribution of out-
come and group index. Reweighting functions are used to generate a counterfactual joint distribu-
tion which represents outcomes if characteristics were independent of group membership but
returns to characteristics still depended on group membership; this counterfactual allows us to
identify what part of the relationship between the outcome and the group membership is due
to characteristics varying with group membership (a composition effect) and what part is due to
returns to characteristics varying with group membership (a structure effect). This method can
easily be applied to any distributional feature of interest of joint distributions.

We applied the proposed method to the economic mobility of a cohort of white males sur-
veyed in the 1979 NLSY and investigated multiple versions of the IGE. We find a standard IGE
of 0.35 with a 30–70 composition-structure split in explanatory power. However, this simple
mean relationship hides large nonlinearities across parental income levels as well as large hetero-
geneity in drivers across the son’s conditional quantiles. Quantile and nonlinear results suggest a
more complex relationship that can easily be overlooked or misrepresented by focusing on mean
or linear specifications. Overall, our application highlights the important role that varying returns
to characteristics across parental income levels plays in explaining intergenerational mobility,
something that, to our knowledge, has not been explored in previous mobility literature.

While we focus our application on economic mobility, the method proposed here can be
applied to any joint distribution where the relationship is believed to be due to differing levels of
intermediate variables and differing returns to them across group membership. Furthermore,
while we focus on mean and quantile regressions as well as nonlinear versions of each, the
method can be applied to any function of joint distributions such as transition matrices, direc-
tional migration measures, or other more complex measures.
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