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Abstract: Competition between and within groups of workers takes place in labor markets that
are segmented along various, often unobservable dimensions. This paper proposes a measure of
the intensity of competition in labor markets on the basis of limited data. The maximum entropy
principle is used to make inferences about the unobserved mobility decisions of workers in US
household data. The quantal response statistical equilibrium class of models can be seen to give
robust microfoundations to the persistent patterns of wage inequality. An application to labor market
competition between native and foreign-born workers in the United States shows that this class of
models captures a substantial proportion of the informational content of observed wage distributions.
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1. Introduction

Labor competition plays a central role in the determination of wages in labor markets. On the
one hand, wage differentials orient the behavior of workers in terms of job changes, geographical
migration, educational investments and other decisions regarding their labor supply. On the other
hand, the cumulative but unintended effect of these individual behaviors significantly shapes wages in
the different labor markets. An ongoing concern of political economists has been the extent to which
different groups participate in the process of labor market competition [1–3]. In particular, how are
wages of immigrants and natives shaped by their interaction in the labor market? Are native workers
competing for the same positions as immigrants, or are they mostly located in different segments of
the labor market [4,5]?

Social researchers are generally limited in their ability to study the interaction between worker
behaviors and wage outcomes by the coarse nature of their data. Large-scale social surveys are designed
to capture the current composition and socioeconomic status of the population, and researchers need to
draw inferences about the unobserved aspects of behavior that are relevant to their work. In the study
of labor market dynamics, interest often centers on the extent to which different groups of workers
are competing with each other. This depends on factors such as informational limitations, costs of job
change and the degree of market segmentation, all of which are hard to define and measure.

This paper applies a parsimonious class of social interaction models, the quantal response
statistical equilibrium (QRSE) model developed in [6], to the case of labor markets. As shown below,
the model is inspired by what may be called the Smithian conception of competition. The QRSE
class of models not only provide a very good fit to the wage data, drawn from the US Census,
but also allow inferences about the competitive behavior of workers. This is interesting for social
scientists who generally have to deal with incomplete and noisy data, particularly with regard to
behavioral information. The models proposed here rely on the maximum entropy principle to make
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such inferences about the relationship between the observed wages and the unobserved behaviors
of individuals. From the inferred joint distribution of wages and actions, we can extract readily
interpretable measures of the intensity of competition in labor markets.

Beyond the application of the QRSE models to a new type of market, this paper also extends the
framework by considering the interaction of multiple types of agents that differ in their behaviors. It is
argued that this heterogeneous agent version of the QRSE model provides a helpful tool for analyzing
competition among social groups in markets characterized by extensive segmentation. This paper
presents estimates of the competitive reach of immigrant and native workers in the US over the past 50
years on the basis of census data.

In the first part of this paper, we discuss the incomplete data problem in population surveys,
and the difficulties it poses for measures of labor competition. The maximum entropy approach
is proposed as a solution. The QRSE class of models of labor market competition is then outlined,
and extended to make minimally biased inferences about the unobserved behaviors of different groups.
In the second part, we show how our model class can be applied to Census data in the US by broad
racial and ethnic groups. Despite its simplicity, the QRSE model class can robustly account for observed
differences in wage distributions between immigrants and native-born white, Black and Hispanic
workers. Finally, the relationship with the broader literature on immigration in labor markets and
wage inequality is discussed.

2. Labor Market Competition and the Incomplete Data Problem

Labor force surveys and population censuses have been the basis of most research in empirical
immigration economics. Census data are primarily designed to estimate the sizes of different
subpopulations, including immigrants from different regions of origin, and a small set of their
socioeconomic characteristics. While this allows for a stratified analysis of national labor markets,
notably by skill level [4] and region [7], the information necessary to measure labor market competition
unambiguously is missing.

Important aspects of worker behavior are unobservable through social surveys, posing difficulties
for the measurement of labor market segmentation. In an ideal world, labor economists would have
access to detailed individual employment histories and associated information about wage levels and
full occupational characteristics for the entire population. This would allow us to observe most of the
competitive behaviors shaping the wage distribution; in particular, any actions that alter the labor
supply in particular market segments. In practical research, our data are of a much more limited kind.
No matter how detailed the survey, there will still be considerable ambiguity in defining the exact
contours of a labor market segment. There is simply no satisfactory way of accounting for the various
spatial, occupational and socio-cultural dimensions that prevent labor mobility.

As an exemplary case, consider the census data used in this paper. The census has very limited
information on behavioral aspects of labor competition such as job changes and prior employment.
More detailed longitudinal surveys on career trajectories exist, but such studies offer much smaller
sample sizes. None of these data sources offer the type of fine-grained occupational information
necessary to define labor market segments in any unambiguous sense. It is therefore desirable to find
ways of making use of the type of information available in population surveys and censuses.

The general class of models developed in [6], and further elaborated in [8,9], offers a transparent
and minimally biased measure of competition in this type of incomplete data setting. This approach
is presented here as a heuristic tool of statistical inference, and an outline for further conceptual
developments in the political economy of labor. The methodological point-of-view underlying the
argument is sufficiently different from standard economic practice to warrant a brief recapitulation.

As discussed above, survey data represent a snapshot of labor market outcomes at a given
point in time, without detailed information on individual trajectories. In such circumstances,
theoretical considerations are usually drawn upon to complement the observed data. While economic
theory can provide some broad guidelines about causal relationships in social interaction settings,
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there is very little consensus on the specific micro-kinetic laws governing behavior [10]. Rather than
proposing a specific set of behavioral rules which are then exposed to falsification along the lines of
[11], the approach followed here attempted to identify the least restrictive, most general class of models
still consistent with the observed data. Rather than claiming to have identified the uniquely correct
model of labor market competition, the goal was rather to provide intermediate results that help focus
future research.

That goal was achieved by deriving a set of probabilistic associations between observed
wage outcomes and the unobserved competitive behavior, following a broadly Smithian vision of
competition [12]. A range of specific micro-kinetic models of worker mobility and competition will be
compatible with the joint probability distribution proposed here. The model class is defined by a set
of constraints on moments of the joint distribution, which embody the common Smithian theme of
competition as a negative feedback mechanism [13].

2.1. A Maximum Entropy Solution

The problem of inferring information about the unobservable dimensions of labor market
competition on the basis of incomplete data is approached using an axiomatically well-founded
information-theoretical tool. The maximum entropy (MaxEnt) approach, developed in a series
of contributions by Edwin Jaynes [14,15], can be summarized most immediately as a heuristic for
choosing a probabilistic model that incorporates any prior information about a system under study,
while imposing no additional hidden or extraneous assumptions. In economic systems, this prior
knowledge includes, in particular, information about the structure of incentives and constraints faced
by the interacting agents [8].

Entropy is a measure of uncertainty, or equivalently of the expected amount of information
conveyed by observing the outcome of an experiment. Intuitively, the surprise at observing an
outcome k should depend negatively on its probability of occurrence pk. A rare event should surprise
an observer more than a common event. The negative logarithm of the probability of observing the
event, −log(pk), was shown by Shannon to be a consistent measure of the amount of information in
outcome k. The base of the logarithm defines the unit for the measure of uncertainty, such as bits for a
base of 2. As an example, consider the experiment of flipping a biased coin with a prior probability
of coming up with heads ph = 0.9. The amount of information conveyed by an outcome “tails” is
−log2(0.1) ≈ 3.3 bits.

On the other hand, the expected surprise value of a rare event before the outcome is known should
be quite low. The ex-ante uncertainty about the outcome of flipping the biased coin is much lower
than the uncertainty for a fair coin. Reference [15] has shown that the unique measure of expected
surprisal (or average observer uncertainty) that respects a small set of axioms is Shannon’s entropy:

S(p) = −∑
k

pk log(pk) (1)

The goal of inferring a probability distribution over possible outcomes without imposing any
hidden assumptions can be seen to be tied to maximizing the uncertainty (1) of the candidate
distribution. The MaxEnt principle directs the researcher to express her theoretical expectations in the
form of constraints on moments of the probability distribution, and then select the least committal,
most uncertain distribution that still satisfies the constraints.

Conversely, [15] has shown that given a set of constraints, realized distributions in systems
with many degrees of freedom are overwhelmingly more likely to be near the entropy-maximizing
distribution. This result has generated a research agenda of identifying distributions of social outcomes
that show some structure and stability over time and interpreting them as MaxEnt distributions.
The subsequent step is to deduce the set of constraints subject to which these candidate distributions
would be entropy maximizing.
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These constraints in the MaxEnt program constitute in effect the class of models that are consistent
with the evidence. While it may be possible to devise more elaborate micro-level models, they must
imply the same set of constraints on the moments of the joint probability distribution. Since the
evidence does not support further distinctions among potential micro-level models, parsimony would
suggest reporting the constraints directly. In economics, recent work has applied this particular
approach to the study of profit rates [16], wages [17], the growth rates of labor and capital
productivity [18] and Tobin’s q [19]. See [20] for a recent review of maximum entropy applications
in economics.

3. Smithian Class of Labor Competition Models

The conceptualization and role of labor competition from the Smithian and classical points-of-view
are active research areas [21]. Here, we take the theory to imply that workers respond to
conditions of employment by entering or leaving particular labor market segments. In the process,
entering workers will tend to place downward pressure on niche conditions and vice-versa for
leaving workers, thereby reducing the differentials that gave rise to the mobility in the first place.
Conditions of employment include a range of both observable and unobservable features and amenities,
broadly related to the ratio of labor effort required in the position to the returns from employment.
At first approximation, we can argue that (observable) wage rates serve as indices of these overall
conditions of employment, given that labor mobility would tend to make returns proportional to
labor effort in the long-run. If this is the case, we would expect the individual and uncoordinated
entry/exit behavior of workers to lead to an organized and predictable distribution of wage rates as
an unintended aggregate outcome.

From the information-theoretic point of view, the mechanism of competition conveys information
about wage outcomes by preventing them from straying too far from a common center of gravity.
The amount of uncertainty removed by the competitive process is a measure of its intensity. If a single
wage prevailed across the entire labor market, this model would suggest that the market was perfectly
competitive in the sense of standard economic theory. On the opposite end of the spectrum, wages
would be completely disorganized. A rational observer would, when asked to predict the wages of a
particular worker, merely pick any positive number at random. In this situation, Smithian competition
provides no information about wage outcomes because it is inoperative. The Smithian class of models
would interpret this situation to be one of complete segmentation, with no mobility between the labor
market niches. The observed marginal wage distributions for the US economy are, unsurprisingly,
between these extremes.

3.1. Quantal Response Statistical Equilibrium

We review here the logic of the quantal response equilibrium model proposed for the general
case in [6] and discuss its application to labor markets. Let (w, a) be the state variables of the system,
corresponding to wages (observed) and entry-exit behavior (unobserved). The quantal response
statistical equilibrium in labor markets is the joint frequency distribution f (w, a) that has maximum
entropy subject to two substantive constraints. These constraints represent a theory of competition
that links the entry-exit behavior of agents to the wage outcomes.

3.1.1. Quantal Response Behavior

Workers respond to differences in conditions of work and employment by entering or leaving
particular labor market segments. It is common practice (e.g., [22,23]) to model decisions of this type by
stipulating that workers will choose the strategy with the higher payoff u. As argued above, wages may
be viewed as suitable indices of the payoffs of different lines of employment given their regulation
by the mobility of labor. We therefore consider payoffs to be a function of segmental wages and the
action taken by the worker, u(w, a). In the absence of more detailed knowledge about the problem,
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it is convenient to assume a linear and symmetrical payoff function where u(w, enter) = (w− µ) and
u(w, exit) = (µ− w). The parameter µ here represents a reference value for the wage.

Without further modification, the assumption of payoff maximization could fit no real-world
data in which dispersion is the norm. The standard approach is to assume that deviations from
the predicted behavior reflect unobserved heterogeneity or cognitive mistakes that can be captured
by adding random errors to the payoff, where the particular distribution of errors is chosen for
computational convenience or by reference to a law of large numbers. A more psychologically
convincing and parsimonious account for the deviations in behavior is suggested by the rational
inattention framework [24,25]. In this perspective, the decision-making process is conceived of as
a communication channel in the sense of information theory. The typical agent receives signals
such as the wage rate through a channel with unknown but finite capacity, a constraint which is
interpreted as the utility cost of processing the signal. Both physiological limitations and efficiency
considerations lead to the prediction that only limited resources will be allocated to information
processing. This assumption is enough to predict a behavioral response that corresponds to the well
known logit or quantal-response pattern.

Reference [6] propose a straightforward formalization of bandwidth-constrained behavior.
Formally, the typical agent chooses the mixed strategy f (a|w) that maximizes her expected payoff,
subject to a lower bound on the entropy of the strategy:

max
{ f (a|w)≥0}

∑
a

f (a|w)u(w, a)

s.t. ∑
a

f (a|w) = 1

−∑
a

f (a|w)log ( f (a|w)) ≥ Smin.

(2)

The Lagrangian associated with this payoff maximization problem takes the form:

L = ∑
a

f (a|w)u(w, a)− λ

(
∑
a

f (a|w)− 1

)
+ T

(
∑
a

f (a|w)log ( f (a|w))− Smin

)
(3)

By solving the optimization problem using the Lagrangian method, one obtains predicted mixed

strategies of the form f (a|w) ∝ e
u(a,w)

T . Given the linear payoff structure and binary action variable
assumed here, the conditional action frequencies are:

f (enter|w) =
e

w−µ
T

e
w−µ

T + e
µ−w

T
=

1

1 + e
−2(w−µ)

T

f (exit|w) =
e

µ−w
T

e
w−µ

T + e
µ−w

T
=

1

1 + e
2(w−µ)

T

= 1− f (enter|w) (4)

This derivation of the familiar quantal response behavior helps illustrate the extreme assumptions
embedded in expected utility theory. In the absence of a minimum entropy constraint, the response of
the typical agent would be concentrated at the payoff maximizing strategy. As T → 0, the predicted
action frequencies (4) approximate Heaviside step-functions that imply immediate switching from exit
to enter as w > µ. The general case is clearly one where there are limits to the information processing
capabilities of the agents that introduce a non-zero lower bound to the entropy of the mixed strategy
Smin > 0.

While the payoff maximization problem (2) is a more intuitive starting point for social
scientists familiar with the expected utility approach, it is important to note its mathematically dual
representation as an entropy maximization problem. The dual entropy maximization program is:
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max
{ f (a|w)≥0}

−∑
a

f (a|w)log ( f (a|w))

s.t. ∑
a

f (a|w) = 1

∑
a

f (a|w)u(w, a) = ū(w, a).

An observer whose only knowledge about the decision-making process is that the expected payoff
is finite, would similarly predict conditional action frequencies of the quantal response form (see,
e.g., [26,27]). Both the payoff maximization problem subject to a minimum entropy constraint, and the
entropy maximization problem subject to an expected payoff constraint, resolve themselves into the
same Lagrangian and hence the same predicted quantal response distributions (4).

3.1.2. Competitive Feedback

The tendential regulation of social outcomes by the uncoordinated behavior of economic agents is
a core insight of political economy, famously epitomized by Adam Smith as the “invisible hand” of
markets [12]. One relevant set of behaviors involves the entry and exit behavior of workers across
labor market niches. As an unintended social consequence of their action, entrants tend to lower wages
in their target niche (and vice-versa for leavers), thereby limiting the wage differentials that gave rise
to the action in the first place. Adapting from [6], we may represent this feedback mechanism in a
constraint on the difference between the expected wage of entrants and leavers:

f (enter)E(w|enter)− f (exit)E(w|exit) ≤ δ (5)

As discussed above, if competition imposed no structure whatsoever on the system, the wages in
advantageous labor market segments would tend to be infinitely greater than those in disadvantageous
segments. The intuition behind (5) is that competition limits this divergence to some unknown but
finite amount δ.

Institutional features of the labor market make it likely that the impact of competition is
unevenly felt. Employment contracts differ systematically from one another, including in terms
of the commitment involved. Employers conceive of positions with high turnover and tight control,
and positions with internal career progression and greater autonomy. Considerations of efficiency,
quality and power will lead to systematic associations between these job characteristics and their
incentive schemes, including remuneration [28]. One possible adjustment to account for these
institutional features in labor markets is to allow for the effects of entry and exit behavior to differ
in magnitude. (Reference [29] proposed asymmetric feedback constraints in the context of liquidity
in a stock market model.) This would allow for competition to have a potentially greater impact on
low-wage sectors with highly flexible employment conditions, compared to a weaker impact of entry
on higher-wage segments with more stable conditions.

µ− f (exit)E(w|exit) ≤ δx (6)

f (enter)E(w|enter)− µ ≤ δe (7)

We will present a comparison of empirical fits for the symmetric and asymmetric
specifications below.

3.2. Labor Market Competition with Heterogeneous Workers

The standard QRSE model specifies the behavioral response of a “typical” or average worker.
It is remarkable, then, that QRSE models predict inequality of outcomes despite such a parsimonious
assumption. Reference [30] has highlighted how statistical equilibria generate horizontal inequality
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among identical agents, in contrast to the “equal treatment property” of general equilibrium models.
While general equilibrium approaches trace observed inequalities back to (exogenous) differences in
endowments and preferences of agents, statistical equilibrium models such as the QRSE emphasize
market institutions and processes as endogenous sources of inequality.

Parsimony alone is an insufficient guide for model selection in the social sciences,
particularly when social identity is expected to play a central role. Labor market competition is
precisely an occasion wherein a more disaggregated analysis may be desirable. We represent differences
between groups of workers in terms of their average behavioral responses to labor market opportunities,
as captured by group-specific decision temperatures Tm and reference wages µm. However, native and
immigrant workers both are part of the same labor market, even though concentrated in different
market niches. Therefore, we keep the constraint that the expected wage of entrants, both immigrants
and natives, exceeds that of leavers. This represents the notion that workers of all groups still compete
in the same overall labor market, even if they differ in their access to different labor market segments
and their willingness to accept low wage jobs. The assumption also appropriately reflects that we have
insufficient information about specific patterns of cross-group competition.

Finally, we add a constraint on the proportion of agents of each type m (12). While the labor
force participation of different social groups itself is endogenous to the functioning of labor markets,
incorporating this feature into our model is beyond the scope of this paper. We therefore take the
expected proportion of agents of each type to be equal to their observed proportion in our sample.

The maximum entropy program looks like:

max
({ f (a,w,m)≥0})

S( f (a, w, m)) (8)

subject to

∑
m

∑
a

∫
f (a, w, m) dw = 1 (9)

f (enter)E(w|enter)− f (exit)E(w|exit) ≤ δ (10)

f (enter|w, m) =
1

1 + e
−2(w−µm)

Tm

f (exit|w, m) = 1− f (enter|w, m) ∀ (w) (11)

f (m) =
nm

∑j nj
∀ (m) (12)

After some manipulations (see Appendix A), we find that this maximization problem has a
unique solution:

f ME(w|m) =
eS( f (a|w,m))e−β tanh( w−µm

Tm )w∫
eS( f (a|w,m))e−β tanh( w−µm

Tm )w dw
(13)

Equation (13) gives the form of each group-specific marginal wage distributions in the QRSE
model. We can obtain a range of interesting conditional distributions from the rules of probability.
In particular, we can find the joint distribution of wages and ethnicity as f (w, m) = f (w|m) f (m)

(where the f (m) are set equal to the group proportions nm
∑j nj

) and then the joint distribution f (w, a, m) =

f (w, m) f (a|w, m).
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The β parameter is the Lagrangian multiplier associated with the impact of competition on
segmental wage rates. This parameter represents the entropy benefits of relaxing the constraint on
the differential in the expected wage of entrants and leavers (5). In other words, β measures how
much more uncertain (in bits) an observer would be about the wage outcomes of a worker if the
effectiveness of competition was relaxed. In the asymmetric case there are two β parameters, one from
the constraint on the differential between the expected wage of leavers from the mean (βexit) and
similarly for entrants (βenter).

The MaxEnt distribution leaves θ = (Tm, µm, β) undetermined. We estimate these parameters
by considering (13) as the kernel to a multinomial likelihood of the observed frequency distributions
given θ. Details on the estimation method can be found in the Appendix A. Note that our data are on
(w, m), while the action variable is unobserved. Thus, the MaxEnt model f ME(w, m) is fitted to the
observed frequency distribution f (w, m).

4. Data

The data sources for this study are the US Census for 1970–2000 and the American Community
Survey, pooled across 2007–2011. For all years, public-use samples were obtained from [31].
These samples are of substantial size, ranging from 1.4 to 5.4 million observations. Samples are
restricted to respondents reporting a positive wage and at least some work last year. The sample
includes only those living in households according to the 1970 definition; see [31] for details.

Those not currently in dependent employment, in particular self-employed respondents,
are excluded from the sample. This restriction is noteworthy, since immigrants differ from native
groups in their propensity toward self-employment, with substantial variations among ethnic
groups [32–34]. In the Smithian view, self-employment ought to participate in the competitive
organization of rates of return with forms of dependent employment. However, the appropriate
ways of accounting for the different “advantages and disadvantages” ([12] p. 201) of self- as compared
to dependent employment are left for future research.

Two observed degrees of freedom are considered in this study, racial/ethnic identifiers and
labor incomes. The delineation of ethnic and racial boundaries is a contested and ambiguous task
[35]. For the illustrative purposes of this study, we distinguish between Hispanic, Black and white
immigrants, and consider their competitive behavior relative to the corresponding native-born groups.
We exclude respondents born to American citizens abroad, a group whose immigration experience is
sufficiently different to require separate treatment. Ethnic/racial identity is based on the RACESING
and HISPAN variables recorded in [31]. Other ethnic and racial groups are excluded from the sample.
There are not enough Black immigrants in the 1970 sample to reliably estimate their marginal wage
distributions (see Table A1 in Appendix B). This group is therefore dropped from the analysis as well.

Weekly wages are constructed by dividing total annual pre-tax wage and salary income received
as an employee by the number of weeks worked during the previous year. Since the number of weeks
worked is given in intervals, I follow [36] in imputing the relevant averages from earlier surveys
where detailed information is available. (Similar imputations were made for the weekly hours worked
variable in the year 1970.) As discussed below, weekly wages account for differences in unemployment
and inactivity spells, which can be substantial. Since women in particular have a higher prevalence of
part-time work, weekly wages also tend to accentuate differences in access to full-time employment.
(Unfortunately, census data does not allow for distinctions between main and other jobs, and all
wages from dependent employment are pooled together.) Finally, the wage distributions f (w|m)

for each identity group are estimated using a simple histogram approach with 29 bins of equal size.
Within each wage bin, survey weights attached to each respondent are summed up to obtain the
estimated frequencies. Observed wages are truncated at the 98th percentile. The resulting histograms
of the conditional wage distributions are the basis for the plots and model estimates in this paper.
A table of sample sizes and summary statistics can be found in Appendix B.
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Wages are deflated using the 1999 Consumer Price Index for All Urban Consumers (CPI-U).
This inflation adjustment does not account for cost-of-living differences among individuals within a
given census year, such as those which exist between urban and rural areas [37]. Some of the wage
inequality observed in the data might reflect spatial differences in the cost of living, without necessarily
producing differences in welfare. Between-group differences in wages might similarly in part reflect
spatial clustering, a well-observed phenomenon for immigrant [38] and other populations. This paper
is silent on the welfare implications of the observed wage differences.

5. Labor Competition among Broad Racial and Ethnic Groups in the US

The simple version of the Smithian labor competition model involves a single, typical agent
responding to wage differentials and causing feedback effects through her mobility behavior.
Even without further disaggregation by social identity and economic characteristics of the workers
involved, we can begin to approximate the observed wage distribution for the population of workers
in the US. We first review the results of fitting three different versions of the QRSE model class to the
population data, and then move forward with our preferred specification to an analysis of different
ethnic and nativity groups.

As illustrated in Figure 1 for the year 2010, the simple symmetric QRSE model accounts for the
supra-modal range of wages reasonably well. The model fails decisively, and not very surprisingly,
for low wages. In particular, the model predicts a large share of negative wages, an economically not
very meaningful result.

Male Female

0 1000 2000 0 1000 2000

0.00

0.05

0.10

Weekly Wage (1999 USD)

f(
w

)

Asymmetric Beta QRSE Symm. QRSE Trunc. Symm. QRSE

Figure 1. Histogram of marginal wage distributions for 2010 ACS data by sex. Overlaid three different
specifications of the QRSE model fitted to the data.

One approach for dealing with the non-negativity of wages involves simple truncation. Here,
the probability mass is set to 0 for all negative wages, and the distribution is renormalized to sum to 1
over the remaining range. As can be seen from Figure 1, this slight modification leads to a dramatic
improvement in model fit, both below and above the modal wage. Unfortunately, the parameters of
the truncated QRSE do not have an obvious relationship to the parameters of the underlying QRSE
distribution (see also, [39]).

The last parametrization we explore allows for the asymmetric impact of competition below and
above the mean. As shown in Figure 1, this model similarly provides a much improved fit. Unlike the



Entropy 2020, 22, 742 10 of 23

truncated QRSE model however, the asymmetric version gives an economic account for the precipitous
decrease in observed wage frequencies in the infra-modal wage range, compared to the much more
gentle decline above the modal wage. Of course, the asymmetric beta QRSE model could similarly be
truncated at 0. This is not done here to highlight how closely the untruncated model fits the data. In the
version of the model explored here, the asymmetry is due to the differential impact of competition
on segmental wages, but alternative specifications (perhaps involving asymmetric responsiveness in
competitive behavior) could be explored in future work.

The informational distinguishability (ID) index proposed by [40] offers a useful quantification
of the goodness-of-fit between the observed and predicted distributions ( Figure 2). The index is

defined as ID(p, q) = 1− e−DKL(p||q), where DKL(p||q) = ∑
k

pk · log
(

pk
qk

)
is the Kullback–Leibler

divergence between the predicted and observed distributions. We may think of models as devices to
compress, and hence efficiently communicate economic data. From this point of view, the ID index
represents the share of information left to be learned about wage outcomes beyond the Smithian theory
of competition.

The estimated ID measures confirm the substantial improvement in fit for the truncated and
asymmetric models relative to the simple symmetric case. Despite their parsimonious setup, these two
model specifications fit the wage distributions remarkably well, generally accounting for 95% or more
of the information contained in the group-specific wage distributions. Two exceptions are Hispanic
and white immigrants in 2000 and 2010, for which the model strains to fit the data. This is suggestive of
features of the data that have not yet been accounted for in the chosen constraints, as will be discussed
in the section on future research. The model also fails to converge for white immigrant women in
2010. This category has therefore been dropped from the analysis below. Despite the great simplicity
and parsimony of the truncated symmetric QRSE distribution, it is preferable to retain the economic
meaning encoded in the MaxEnt constraints. Unlike the truncated model, the asymmetric specification
provides an economic intuition for the rapid decline in the observed wage frequencies close to 0.
We therefore explore below the results for the asymmetric QRSE model, while leaving to future work
the implications of alternative specifications.
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Figure 2. Soofi’s informational distinguishability/goodness of fit measure for the three QRSE model
speficiations, by ethnicity. 1970–2010 Census and ACS data.

Asymmetric Labor Market Competition between Immigrant and Native Workers

The asymmetric Smithian labor market competition model can be fruitfully applied to the case of
multiple groups competing in the same labor market, but with group-specific behavioral parameters.
Figure 3 shows the observed distribution of wages for men of different race and nativity groups for
each census year (results for women are shown in Figure A1 in Appendix B). Overlaid are the fitted
marginal wage distributions and the conditional wage distributions of entrants and leavers.
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Figure 3. Histogram of observed wage distributions for men, and overlaid fitted marginal (solid) and
conditional (dashed) wage distributions. Estimated jointly for all ethnicity groups using the asymmetric
Beta QRSE model. 1970–2010 Census and ACS data.

The model appears successful at fitting most distributions well (Figure 3). For groups
characterized by extensive skew—such as white immigrants in recent years—the fit is less adequate.
As argued in the discussion section, this can give us indications of missing constraints governing the
allocation of wages. A closer look at the conditional wage distributions reveals the significance
of entrants in shaping the observed marginal wage distributions for all groups, indicating a
preponderance of “entry” in the inferred behaviors. This intuition is confirmed by analyzing the
estimated quantal response curves representing the responsiveness to job opportunities for each ethnic
group (Figure 4). Overall, workers processes wage information around rather low wage levels very
quickly, shifting into and out of jobs as wage conditions change. With higher wages, there is no
behavioral change because any job would very likely be accepted. Significant differences between
genders are also apparent, with women generally being more responsive to differentials around lower
wage levels.
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Figure 4. Predicted behavioral responses by race/ethnicity and gender. Selected years, Census and
ACS data.

Figure 5 shows the trends over time for the estimated QRSE parameters in each group.
The estimates reveal a shifting stratification among both natives and immigrants, and substantial
differences between men and women. Whites generally have the highest behavioral temperatures (Tm),
while Hispanic and Black immigrants have the lowest. Native-born Black and Hispanic workers tend
to be fairly similar in terms of both behavioral temperatures and reference wages. The most notable
feature, however, is the divergent evolution of behavioral temperatures between Hispanic and white
immigrants. This divergence coincides with the significant recomposition of the immigrant population
in the US, away from European towards Latin American and Asian countries of origin, so that the
behavioral temperature of the immigrant population as a whole has decreased substantially over the
period from 1970–1990.

In order to appreciate the significance of these behavioral predictions, it is useful to identify what
might be called the “competitive reach” of each social group. The competitive threat each group
exerts may be summarized by the wage level at which the vast majority of workers would enter a
labor market segment. In 2010 for example, 95% of Hispanic immigrant males would accept a weekly
wage above roughly 615 USD (in terms of 1999 purchasing power), down from 1040 USD in 1970.
The corresponding threshold of white immigrant males was 2710 USD (up from 1670). How do these
values compare to the native male population? For Black natives, the 95% threshold in 2010 was 722
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USD (down from 1058 USD in 1970), while for white natives the value remained roughly constant at
1660 USD. Native-born Hispanic workers saw a small decrease from 1230 USD to 1115 USD.

These results suggest that among the groups considered here, white native workers are
increasingly shielded from competition for higher wage labor market segments, except from white
immigrant workers. Most of the competitive behavior of Black and Hispanic immigrants is confined
to an increasingly narrow band around relatively low wages, although there is a substantial overlap
with native-born Hispanic and Black workers, for whom they remain significant potential competitors.
Black workers have seen some convergence towards the values of Hispanics, but there has been almost
no improvement in the position relative to whites, certainly in the decades after 1980.

For women, the changes over the same period are less dramatic, with a smaller but still
pronounced relative decline for Hispanic immigrants. Group differences overall are less pronounced,
with all groups competing around lower wage levels than men. The relative position of the different
social groups is mostly similar to men (Figure 4).
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Figure 5. Quantal response reference wages (µm) and behavioral temperatures (Tm) by race/ethnicity
and gender. Estimated from the asymmetric QRSE model. 1970–2010 Census and ACS data.

Returning to the US labor markets as a whole, we find interesting variations the competitive
feedback parameters βk (Figure 6). The value of β indicates the contribution of the competitive feedback
effect to the organization of wage outcomes (i.e. to the reduction of entropy), so it can be understood
as a measure of the impact of competition.
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Figure 6. Estimated competitive feedback parameters for the impact of exit (βexit) and entry (βenter) by
gender. 1970–2010 Census and ACS data.

A number of features stand out from Figure 6. First, competition has a greater impact on wages
for women compared to men throughout the period of analysis. The effect of leaving is substantially
greater than the effect of entering, with βexit larger than βenter throughout. Finally, we find a decline in
the competitive impact of entry over the last decades of the 20th century, but little change in the wage
impact of labor segment exit except for males in the 1980s. The cumulative effect of workers entering
labor market segments therefore is increasingly less effective at competing wages down. Exit on the
other hand has about the same effect on organizing wage outcomes as it did at the beginning of the
period. At the same time therefore as group-specific measures of job mobility have diverged between
social groups, the labor market as a whole has become less competitive. This is how the Smithian
model class interprets the rise of wage inequality in the US over the past decades.

6. Discussion

The application of the Smithian class of labor competition models to immigrant and native
workers in the United States yields a series of interesting results that resonate with other findings in
the literature on migration and labor markets.

The competition of immigrant and native workers has been a perennial theme in the economic
literature (e.g., [5,36,41,42]). Generally, the focus is on immigration as a supply shock in labor markets
and its impact on average wages for different categories of workers. Underlying this literature
is a model that interprets observed average wages for different types of workers as the attained
equilibrium between supply and demand. Interest centers primarily on whether changes in the supply
of a particular type of labor are detectable in these market clearing wages, and whether there are
disemployment effects for native workers.

This paper argues for a less mechanistic interpretation of the competition between and among
immigrant and native workers. Labor markets are sub-divided into a myriad of niches or segments
which allow for varying degrees of mobility. The empirical literature on segmented labor markets
either specifies the boundaries of the segments by occupation or industry, or uses switching models [43]
to determine membership in segments. Our model is more flexible than these approaches by giving up
on the precise specification of labor market segments in favor of a simple measure of segmentation for
the market as a whole.
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Natives and immigrants may differ both in their evaluation of job opportunities in different labor
market segments, and their ability to realize those opportunities. This type of segmentation has been
documented in the literature, although its measurement has previously been dependent on an ex-ante
delineation of labor market segments [44]. The model presented in this paper can account for this
type of heterogeneity, which may reflect institutional [45] and informational barriers [46] as much as
employment discrimination [47]. While immigrant and native workers compete in the same labor
market, there may be substantial differences in their access and willingness to enter different labor
market segments.

Indeed, the US labor market is characterized by significant cleavages along race and ethnic
lines. Field experiments and audit studies reveal highly persistent discriminatory practices in
hiring decisions [48,49]. Perhaps even more important in shaping divergent labor market outcomes
between racial and ethnic groups is the cumulative impact of discrimination throughout the life
course (e.g., [50–52]), and inter-generationally [53]. Immigrants are occupying an increasingly
disadvantageous range of positions within this heavily segmented labor market.

The lower behavioral temperature of Hispanic immigrants compared to whites emerges as a
robust finding. One possible explanation concerns the selectivity of migration, which would tend to
favor workers that are particularly attuned to differences in conditions of employment. Immigrants
likely continue to evaluate different job prospects with reference to conditions in their home country,
even after having settled in their destination [54,55]. The estimated entry and exit behavior of different
immigrant groups provide some support to this notion.

The Smithian class of labor market competition models is arguably consistent with a range of
more specific models proposed in the literature. In particular, the framework is agnostic with respect
to the factors responsible for generating labor market segmentation. Jobs might differ in terms of
the surplus available for bargaining, including due to imperfect competition in product markets and
differential exposure to international competition [56].

The heterogeneous agent version of the Smithian class of models allows to broaden the analysis of
labor market segmentation to include inter-group dynamics, another aspect of labor competition that
has received continued attention in the literature. Large differences in competitive behavior between
groups, as can be found between foreign-born and native workers, may for example reflect efforts of
native workers to insulate themselves from the competition of immigrants, along the lines of split-labor
market theory [1]. The same finding would also be consistent with the strategic use of social identity
by employers to segment the workforce in the service of labor control and discipline [2]. Both types
of processes, exclusion by native workers and strategic segmentation by employers, are likely to be
accompanied by self-reinforcing feedback loops through the use of social networks in hiring and job
search [57].

In addition to the differences between the different ethnic groups, the QRSE analysis has also
uncovered perhaps even greater differences between men and women. While the approach taken
here precludes an analysis of the competitive interaction between the genders, it offers an interesting
interpretation of the well-known gender differences in wage outcomes [58]. The Smithian model
suggests that competition has a greater impact on wages among women compared to men, and women
of all ethnic groups are more responsive to wage differentials around lower wage levels. This finding
likely reflects differences in labor force participation, with women facing greater unpaid care burdens
and discriminatory hiring practices [59].

The period of analysis in this paper covers important institutional changes in the political economy
of the United States. As mentioned above, the evolution of the QRSE model parameters can be
interpreted as reflecting some of these institutional changes, while others are more challenging to
accommodate within the framework. For example, the value of the federal minimum wage has
declined in real terms since its peak in 1968 [60]. It is plausible that the decline in this wage floor has
rendered workers more vulnerable and eager to accept job prospects that would have been rejected in
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earlier periods. In addition to changes in the support of the distribution, such effects would perhaps
be reflected in declining behavioral temperatures.

Other important determinants of workers’ bargaining power, such as the pro or anti-labor stances
of different governments, are hard to incorporate into the model. It is worth noting that the period
between 1970–2010 was marked by the continued decline of labor union density among American
workers [61]. At least in the US, the inequality-reducing effects of unions among those covered by
collective bargaining contracts appear to have been stronger than any potential inequality-enhancing
effects between covered and non-covered workers [61,62]. If so, the Smithian model is liable to
incorrectly interpret low wage inequality to be indicative of more intense competition among workers,
rather than the result of collective bargaining. This illustrates the need to complement any QRSE
analysis with a discussion of the political-economic context.

The QRSE labor competition model in this study also contributes to the literature on wage
distributions. Noticing their positively-skewed and fat-tailed appearance, some authors have
characterized the wage distribution as an exponential (e.g., [63–65]). The main benefit of exponential
distributions is their extreme parsimony, being defined by only one free parameter. This parsimony
comes at a price however, particularly if we are interested in a more finely tuned analysis of the bottom
rung of the labor market. The exponential distribution predicts the highest frequency for wages just
above 0, or any other minimum wage level one cares to specify. While this dovetails with classical
political economy ideas that wages are regulated by historically-specific levels of subsistence [66],
there is a non-negligible infra-modal part in observed wage distributions for which the exponential
model fails. The QRSE model on the other hand accounts for this regularity by allowing for out-mobility
of workers from low-wage labor market segments.

Limitations and Avenues for Future Research

Applications of statistical equilibrium methods to socioeconomic systems, like all scientific
accounts of the world, have to navigate the tension between parsimony of description and the richness
of social life. Adam Smith’s analytical emphasis has been on the aggregate results of uncoordinated
interactions over long periods of time, so that most distinctions between individuals are irrelevant.
(This analytical stance is evident, for example, in Smith’s argument that observed differences in
talent (and hence productivity) are primarily the result of “habit, custom and education” rather
than “nature” ([12] p. 120).) This article has explicitly introduced distinctions between some social
groups in the competitive process. However, there are a range of other approaches to the problem
of heterogeneity that could be envisaged. It may be possible to allow for more flexible distinctions
between social groups, for example using a multi-level parametrization.

One important avenue for future research is the explicit inclusion of employers into the model.
The Smithian statistical equilibrium model interprets the observed wage distribution as the snapshot
of a dynamical process of adaptation. In the classical view of political economy, labor is able—over a
sufficiently long time-span—to adapt quantitatively and qualitatively to the requirements of capital
accumulation. Mechanisms such as migration, secondary-earner effects, and educational investments
in response to wage differentials are examples of such adaptive processes. Since the labor demand side
is only implicit in this model, it is not suitable for assessing e.g. the surplus available from exchange.

An important limitation of this study is the neglect of changes in the relative rates of labor
force participation between groups. For simplicity, the proportion of workers from each group was
constrained to equal the observed proportions. This omission is particularly relevant since there are
well-known systematic differences in the elasticities of employment for different groups. The role of
immigrant workers in regulating the labor supply, for example, has been widely recognized in the
literature [67–69]. Future research might endogenize both the proportion of agents of each type, and he
total number of workers in the system, as part of the competitive process itself.

While the proposed specifications of the QRSE model were able to account for the observed wage
distributions quite well in most cases, there were several groups for which the fit was less adequate.
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The MaxEnt heuristic indicates in such cases that there are other constraints governing the allocation
of wages that are not currently included. One important limitation arises from the limited ability of
the proposed models to account for skew. Reference [6] introduce skew by adding a constraint on the
mean wage. Subsequent work showed that this constraint is equivalent to allowing for disappointed
expectations, such that the reference value µ deviates from the realized first moment [9]. Following a
similar approach for the wage data leads to the economically not very meaningful result that “entry”
is the near-universal response at any positive wage level. Nevertheless, it would be desirable to find
ways of relaxing the assumption of realized expectations. This may require a broader interpretation of
the advantages and disadvantages of different lines of employment.

7. Conclusions

The quantal response statistical equilibrium (QRSE) model, developed in [6], suggests a novel
way of analyzing labor market competition between and among different social groups. Grounded in
basic economic theory about the unintended consequences of individual behavior, the model proposes
a parsimonious informational account of wage inequalities. With only two parameters per group and
one or two market-wide parameters we can capture a large share of the information present in wage
distributions.

Furthermore, the QRSE model allows us to extract unobserved behavioral information from the
observed wage distributions. Despite not having direct observations on behaviors, we can infer both a
measure of the responsiveness of workers to wage differentials and a measure of the cumulative impact
of individuals’ actions on wages in different submarkets. These measures also give an indication of the
degree of segmentation in a labor market, without relying on ex-ante specification of the segments.
This application illustrates the usefulness of the MaxEnt principle for socioeconomic analysis in an
incomplete data context.

Above, we have investigated what this model reveals about the structure of labor market
segmentation by ethnic group in the US. It shows heterogeneity in the job mobility behaviors by gender,
and increasing divergence of whites and Hispanic immigrants over the past decades. Native-born
African-Americans and Hispanic workers show a very similar competitive reach in terms of the range
of wages for which they are particularly sensitive to change. At the level of the US labor market as a
whole, our model indicates a substantial decrease in the degree of competitive organization of wages.
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Appendix A. Mathematical Appendix

Appendix A.1. Analytical Results

The solution to the maximum entropy program (8)–(12) can be found via straightforward
application of the Lagrangian multiplier method (see [70] for details). Below we show the derivation
for the symmetric QRSE, the asymmetric case is similar. Following [6], it is convenient to rewrite
the problem. In particular, we absorb the behavioral constraint (11) into the objective function by
decomposing the entropy:
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S( f (a, w, m)) = S( f (w, m)) + ∑
m

∫
( f (w, m)S( f (a|w, m))) dw

= S( f (w|m) f (m)) + ∑
m

∫
( f (w|m) f (m)S( f (a|w, m))) dw (A1)

where from constraint (11) we have

S( f (a|w, m)) =
1

1 + e
−2(w−µm)

Tm

log

(
1

1 + e
−2(w−µm)

Tm

)
+

1

1 + e
2(w−µm)

Tm

log

(
1

1 + e
2(w−µm)

Tm

)
(A2)

We also rewrite (10) as

f (enter)E(w|enter)− f (exit)E(w|exit) ≤ δ

∑
m

∫
( f (w, enter, m)− f (w, exit, m))w dw ≤ δ

∑
m

∫
( f (enter|w, m)− f (exit|w, m)) f (w|m) f (m)w dw ≤ δ

∑
m

∫ ( 1

1 + e
−2(w−µm)

Tm

− 1

1 + e
2(w−µm)

Tm

)
f (w|m) f (m)w dw ≤ δ

∑
m

∫
tanh

(
w− µm

Tm

)
f (w|m) f (m)w dw ≤ δ (A3)

From this rewritten problem, we form the Lagrangian:

L = S( f (w|m) f (m)) + ∑
m

∫
( f (w|m) f (m)S( f (a|w, m))) dw

−∑
m

λm

(∫
f (w|m) dw− 1

)
− β

(
∑
m

∫
tanh

(
w− µm

Tm

)
f (w|m) f (m)w dw− δ

) (A4)

We calculate the first order condition ∂L
∂ f (w|m)

= 0 and solve for f (w|m) using the normalization
constraint to obtain Equation (13).

Appendix A.2. Estimation Approach

Parameter values are maximum aposteriori estimates, obtained using the self-adapting differential
evolution algorithm as implemented in [71]. Priors for βk and µm were essentially uninformative
normal distributions, π(βk) = N (0, 100) and π(µm) = N (0, 10). A uniform prior was chosen for the
behavioral temperatures Tm. The numerical calculations relied on open-source mathematical software.
Data handling was done using [72,73], while the plots were created using [74].
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Appendix B. Supplementary Materials

Table A1. Summary statistics by sex, ethnic/racial group and census year. Sample size (N), mean and
standard deviation (SD) based on the effective sample, below the 98th percentile (P98) cut-off. Dropped
categories highlighted.

Year Sex Identity N Mean SD P98
1970 Male Black Immig. 429 587 261 1856
1970 Male Black Native 56,148 549 275 1856
1970 Male Hispanic Immig. 3832 607 295 1856
1970 Male Hispanic Native 15,828 649 305 1856
1970 Male White Immig. 10,919 830 342 1856
1970 Male White Native 517,098 804 332 1856
1970 Female Black Immig. 437 416 231 1856
1970 Female Black Native 45,135 365 262 1856
1970 Female Hispanic Immig. 2113 382 209 1856
1970 Female Hispanic Native 6846 400 239 1856
1970 Female White Immig. 7341 449 251 1856
1970 Female White Native 298,407 450 266 1856
1980 Male Black Immig. 5703 599 315 1974
1980 Male Black Native 130,068 634 331 1974
1980 Male Hispanic Immig. 36,750 586 317 1974
1980 Male Hispanic Native 55,001 678 332 1974
1980 Male White Immig. 47,538 848 388 1974
1980 Male White Native 1,316,415 830 364 1974
1980 Female Black Immig. 5720 464 242 1974
1980 Female Black Native 132,998 454 273 1974
1980 Female Hispanic Immig. 22,587 387 222 1974
1980 Female Hispanic Native 36,460 421 243 1974
1980 Female White Immig. 40,318 452 267 1974
1980 Female White Native 977,997 456 266 1974
1990 Male Black Immig. 8761 633 352 2249
1990 Male Black Native 121,871 640 357 2249
1990 Male Hispanic Immig. 69,225 533 326 2249
1990 Male Hispanic Native 68,038 680 362 2249
1990 Male White Immig. 44,507 890 455 2249
1990 Male White Native 1,478,983 821 411 2249
1990 Female Black Immig. 8664 547 308 2249
1990 Female Black Native 147,365 513 313 2249
1990 Female Hispanic Immig. 42,444 403 268 2249
1990 Female Hispanic Native 57,304 488 294 2249
1990 Female White Immig. 40,923 536 340 2249
1990 Female White Native 1,309,195 522 325 2249
2000 Male Black Immig. 13,797 677 417 2800
2000 Male Black Native 117,753 680 402 2800
2000 Male Hispanic Immig. 100,629 531 352 2800
2000 Male Hispanic Native 73,818 710 411 2800
2000 Male White Immig. 48,137 941 567 2800
2000 Male White Native 1,319,736 870 484 2800
2000 Female Black Immig. 14,245 585 369 2800
2000 Female Black Native 152,063 571 362 2800
2000 Female Hispanic Immig. 60,318 415 307 2800
2000 Female Hispanic Native 71,750 542 349 2800
2000 Female White Immig. 42043 619 436 2800
2000 Female White Native 1,261,430 597 390 2800
2010 Male Black Immig. 20,759 632 417 2711
2010 Male Black Native 127,333 630 402 2711
2010 Male Hispanic Immig. 145,403 477 327 2711
2010 Male Hispanic Native 107,518 683 428 2711
2010 Male White Immig. 57,760 917 587 2711
2010 Male White Native 1,506,568 837 498 2711
2010 Female Black Immig. 23,667 558 380 2711
2010 Female Black Native 182,544 535 360 2711
2010 Female Hispanic Immig. 101,029 372 287 2711
2010 Female Hispanic Native 113,748 533 356 2711
2010 Female White Immig. 55,435 638 470 2711
2010 Female White Native 1,528,697 603 410 2711
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Figure A1. Histogram of observed wage distributions for women, and overlaid fitted marginal (solid)
and conditional (dashed) wage distributions. Estimated jointly for all ethnicity groups using the
asymmetric Beta QRSE model. 1970–2010 Census and ACS data.
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