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ABSTRACT. In this paper we use a relatively new panel data quantile regression
technique to examine native-immigrant earnings differentials 1) throughout the
conditional wage distribution, and 2) controlling for individual heterogeneity. No
previous papers have simultaneously consider these factors. We focus on both
women and men, using longitudinal data from the PSID and the BHPS. We show
that failing to control for individual heterogeneity does indeed generate biased
estimates. Country of origin, country of residence, and gender are all important
determinants of the differential. For instance, the largest wage penalty occurs in
the U.S. among female immigrants from non-English speaking countries, and the
penalty is most negative among the lowest (conditional) wages. On the other hand,
women in Britain experience hardly any immigrant-native wage differential. We
find evidence that suggests that immigrant men in the U.S. and the U.K. earn lower
wages, but the most significant results are found for British workers immigrating
from non-English speaking countries. The various differentials we report in this
paper reveal the value of combining quantile regression with controls for individual

heterogeneity in better understand immigrant wage effects.
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1. INTRODUCTION

It is well-known that immigrants often earn significantly more or less than their
native counterparts. Numerous studies highlight the sources of these earnings dif-
ferentials, noting that human capital and language skills are particularly important.
Thus far, empirical work in this area has used relatively basic regression techniques,
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including panel data models and quantile regression. It is clear that individual het-
erogeneity is an important factor in estimating earnings differentials for immigrants.
Furthermore, it behooves us to learn about the effect of immigrant status through-
out the conditional wage distribution, not simply at the mean. Using a new panel
data regression technique, we simultaneously account for individual heterogeneity and
generate parameter estimates across the conditional distribution of earnings.

We focus this analysis on data from the United States and the United Kingdom,
two countries with sizable immigrant populations and clear value for English language
ability. Most previous papers in the immigration literature use Census data, and we
contribute to this area using two studies with substantial immigrant subsamples: the
U.S. Panel Study of Income Dynamics and the British Household Panel Survey. The
extensive longitudinal data enable us to create specifications similar to those in pre-
vious papers, while employing a new technique (explained in detail below) in order to
determine better estimates of native-immigrant earnings differentials. Furthermore,
despite the fact that increasing proportions of women are in the labor force, most
previous work focuses only on men, but in this paper we study wages for both men
and women.

2. LITERATURE REVIEW

A broad segment of the literature highlights wage differences between immigrants
and natives, often citing the specific sources for these differentials. Borjas (1989)
provides one of the seminal papers in this area. Using a longitudinal survey of scien-
tists and engineers, he documents the effects of assimilation and cohort on immigrant
earnings. With data on immigrants to Israel, Weiss, Sauer, and Gotlibovski (2003)
find that lifetime earnings are 57% lower than those for natives. The majority of the
wage differential is due to foreign education and experience.

Focusing on returns to human capital, Friedberg (2000) finds that foreign invest-
ments generate lower returns than those in the destination country. Using US data,
Bratsberg and Ragan (2002) document the higher earnings immigrants receive from
obtaining human capital in the US. They further show that this result is not due
to ability bias or returns to language ability; instead, greater degree attainment and
higher returns result in higher wages for immigrants.

Using Census PUMS data, Chiswick and Miller (2007) find that occupation is
significantly correlated with immigrant education and experience. Furthermore, pre-
immigration experiences generates higher returns when examined within occupations.
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Green (1999) presents multinomial logit models of occupational choice, and finds
that Canadian immigrants are generally more skilled than natives, and also more
occupationally-mobile. This study provides a clear contrast to findings about the US
labor market. Another source of variation within immigrant earnings is race. Clark
and Lindley (2006) use a pooled cross-section from the UK Labour Force Survey
and find wage differentials among immigrants. Notably, nonwhite immigrants receive
lower pay than white immigrants to the UK.

More recent studies use longitudinal data to investigate the role of language fluency
and to determine whether wage gaps persist over time. Duleep and Dowhan (2002)
use longitudinal social security data to examine earnings growth for men. They find
that wage growth was greater in recent years than in the 1960s. Furthermore, over
the 1960-1992 period, immigrants experienced more wage growth than natives did.
Chiswick, Lee, and Miller (2005) use longitudinal data from Australia and further
document the importance of skill and assimilation in improving earnings. The authors
contend that longitudinal estimates (generated by an inertia model) mirror those for
the cross-section. However, it is possible that a panel longer than 3.5 years could
generate differences.

Lubotsky (2007) uses longitudinal social security data to explore the immigrant /native
wage gap. Comparing panel data estimates to those from cross-sectional data, Lubot-
sky finds that the gap is more persistent, suggesting that cross-sectional estimates
(such as those from the Census) are biased. Furthermore, his results reveal that as-
similation is less prevalent in panel data analyses. Part of the reason for this finding
is the likely outmigration of some in immigrant cohorts.

In a unique study that investigates both genders, Butcher and DiNardo (2002)
compare wage density estimates using Census PUMS data. The authors find impor-
tant differences for men and women; for instance, the minimum wage has a great
impact on the female distribution than it does for the male. Their results support
Lubotsky’s (2007) finding that changes in the returns to skill contribute substantially
to the growth in the gap between immigrants and natives.

Bleakley and Chin (2004) make an interesting contribution to the literature on
language skills by employing IV techniques. They highlight that the time of arrival
has an important impact on learning the language of the destination country. By
completing education in the US, adults who arrived as children see significant returns
to their language proficiency. Chiswick and Miller (1995) explore the endogenous
impact of language on immigrant earnings in Australia. They estimate a model for
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the determinants of language fluency and incorporate the results into earnings mod-
els. Since the estimates do not appear stable, the authors recommend that similar
analysis incorporate multiple data sets and careful selection of instruments. In an-
other panel data study, Hum and Simpson (2004) report that omitted variables bias
immigration analyses. Using fixed effects and IV techniques, the authors document
lasting immigrant /native wage differentials, providing a contrast to other studies that
report assimilation over time.

Dustmann and Van Soest (2002) provide a valuable contribution to the literature
by investigating unobserved heterogeneity and measurement error. Using German
panel data and minimum distance estimation to account for temporal correlation in
regression residuals, they report that measurement error in language fluency variables
generates pronounced downward bias in the returns to language skill. Important
data documenting language proficiency over time highlights the measurement error in
survey data. Their identification strategy involves a fixed effects model of language
proficiency on a non-linear time trend, in order to generate predictions of fluency.
The authors also present IV estimates using leads and lags of language proficiency.
In order to address unobserved heterogeneity, they assume assortative mating and
include partner and household characteristics in earnings regressions. Combining
these techniques as well as alternative instruments based upon parents’ education,
Dustmann and Van Soest provide evidence that estimates presented in the literature
are biased, and that language is even more important in determining immigrant
earnings.

Chiswick, Le, and Miller (2008) provide one of few immigration studies that explore
the distribution of returns to education and experience. Using quantile regression
and data from the US and the Australian Censuses, they find that schooling and
experience serve to expand the earnings distribution; i.e., higher returns occur at
higher values in the conditional earnings distribution. The authors also find that the
adult male native/immigrant wage differential is higher at higher quantiles, suggesting
that skill should be particularly valued in immigration policy.

3. QUANTILE REGRESSION MODELS AND METHODS

Quantile regression is a robust estimation approach that offers the possibility of
evaluating native-born/immigrant earnings differentials at different quantiles of the
conditional earnings distribution. This approach was recently used in Chiswick, Le,
and Miller (2008). In this section, we present a newly developed approach that
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allows us to explore these differentials while controlling for native-born and immigrant
unobserved heterogeneity.
We consider a model of earnings given by,

(31) Wit = w;tﬁ + o + Wit

where w;; denotes the logarithm of earnings for individual ¢ at time ¢, x; is a p x 1
vector of independent variables that includes an intercept, «; is a latent term denoting
differences in language ability and skills, and wu;; is the error term independent of a;;.

Given the possibility that the latent individual variable may be correlated with
the independent variables, it is natural to estimate a conditional mean model with
fixed effects, E(w;|zy, a;) = @, + «;. Our approach in this paper builds upon
this classical empirical strategy, estimating a fixed effects version of the conditional
quantile regression model,

(3.2) Qw,, (Tl i, i) = 23, B(75) + v,

where Q(:|) is the 7;-th conditional quantile function. The parameter B(7;) pro-
vides an opportunity for investigating how the independent variables influence the
location, scale and shape of the conditional distribution of earnings. For instance,
if we have an iid error term distributed as F' and one covariate, the quantile func-
tions Qw,, (7j|xi, ;) are parallel lines with parameter (8y(7;), 41))". The model also
include an individual effect «;;. The individual effect represents a pure location shift
effect «; on the conditional quantiles of earnings, implying that the conditional dis-
tribution for each individual have the same shape, but different locations as long as
language ability and skills are different. Notice that the individual effect does not
represent a distributional shift. It may be unrealistic to estimate it when the number
of observations on each individual is small (Koenker 2004).

A tentative approach for estimating native-born/immigrant differentials across the
conditional distribution of earnings is Koenker and Bassett’s (1978) method. How-
ever, as in the least squares case, omitting relevant variables may generate biases. It is
instructive to derive the omitted variable bias in our quantile regression model, which
can be obtained as a direct application of Angrist, Chernozhukov, and Fernandez-
Val (2006), Theorem 2. Let B(7) be the slope coefficient in a quantile regression of
earnings on x and 3;(7) the regression coefficient of earnings on a vector indicating
individual effects, z, and @. The relation between these coefficients can be written
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where w, = fol fe. (WA |z, 2)du/2, A, = x'Bs(T) — Qw(T|z, ), and e, = W —
Qw (7|, a). It is immediately apparent that the pooled quantile regression estimator
B,(7) can be biased if & and « are not independent.

Although standard panel data methods offer the possibility of estimating condi-
tional mean models while controlling for individual heterogeneity, until recently, few
papers have estimated conditional quantile function with individual specific effects.
In the next section, we introduce our estimation approaches.

3.1. Panel Data Estimators. We estimate the conditional quantile function for
earnings 3.2 employing the class of panel data estimators introduced by Koenker
(2004) and Lamarche (2010). Koenker (2004) penalized quantile regression estimator
can be obtained as the solution of a problem similar to,

(3.3) min Y >N " wips (wy — @,B(7;) — i) + APen(a)

B,a€EBXA < -
j=1 t=1 =1

where p- (u) = u(t; — I(u < 0)) is the standard quantile loss function (see, e.g.,
Koenker 2005), w; is a relative weight given to the j-th quantile, and A is the tuning
parameter.

The method proposes to jointly estimate the parameter 3 and a vector of N indi-
vidual effects a, because the standard panel data transformations are not available in
quantile regression. The strategy will increase the variability of the estimator of the
parameter of interest. To attenuate this variability, we minimize over a weighted sum
of quantile check functions including an additional (penalty) term APen(a). This
penalty term shrinks the individual effects toward zero and the degree of shrinkage
is controlled by A. For A = 0, we have the fixed effects estimator, while for A > 0,
the penalized estimator with fixed effects. It is also possible to obtain a quantile
regression estimator for the pooled data.

3.1.1. Pooled and fized effects methods. The method gives the opportunity of esti-
mating the standard quantile regression model, Qw,, (7|x;;) = x},3(7), by letting A to
be a large number. The quantile regression estimator for the pooled data is defined
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T N
/
(3.4) arg min ; Z; pr(wiy — 3, 3)

This method is convenient because it allows one to estimate time-invariant effects.
However, it may produce biased results as illustrated before. It is possible to control
for unobserved heterogeneity by introducing individual effects,

J T N
(35) arg 5 5161%31;.,421 Zl Zl /)rj Wit — ;tﬁ(Tj) - ai)
j= =
Although this method allows us to address the possibility of endogenous covariates,

its use is limited if the interest is on time-invariant native-born/immigrant earnings
differentials.

3.1.2. Penalized quantile regression. The penalized estimator with fixed effects gives
us the possibility of estimating these differentials while controlling for language ability
and skills. The estimator is defined as,

J T N
(3.6) arg min SN pr(wi — 2 B(ry) — o) + )\Zpos ).

j=1 t=1 i=1

It is immediately apparent that for obtaining B(T,)\), we will need to select the
parameter A\. This choice helps to reduce the additional variability introduced by
the estimation of the individual effects. Following Lamarche (2010), we select A

considering a simple variance minimizing strategy:
(3.7) A = arg ir){f {trX},

where tr3¥ is the trace of the asymptotic covariance matrix. Alternatively, we consider
a method that is similar to the classical cross validation approaches (e.g., CV, GCV).
We tentatively select the tuning parameter following a procedure motivated by the
standard AIC-type approach, A = arginf ||[a(7, )|y + df\/(2NT), where (7, \) =
w — @'B(T,\) — &(\) and df, is the number of nonzero estimated parameters. The
number of nonzero estimated coefficients represents a simple estimate of the degrees
of freedom. This A selection device is time consuming and needs to be implemented
by considering a grid.



4. DATA

In this analysis we use samples from the U.K. and the U.S. The U.K. data are from
the British Household Panel Survey (BHPS), and our sample of 2254 natives and
immigrants is from 1991 through 2002. The BHPS provides gross weekly earnings for
all employed individuals, and we convert these amounts to real 2002 pounds using the
U.K. Consumer Prices Index. We would prefer to analyze hourly wages, and made a
simple conversion from weekly to hourly using reported hours worked. Unfortunately,
such a conversion yields spurious correlation and measurement error, so we focus on
weekly wages instead. The U.S. data are from the Panel Study of Income Dynamics
(PSID) that is administered on odd years. Our sample of 3776 workers begins in 1997
and continues every other year through 2005. Hourly earnings are converted to real
2005 dollars using the Consumer Price Index for all urban consumers.

Descriptive statistics for our samples are listed in Table 6.1, separately by gender
and immigrant status. Average weekly wages in the U.K. are £459 and £255 for
natives, and £542 and £304 for immigrants. In the U.S., native men earn $26 per
hour on average, and women earn $18, compared to $15 for immigrants. The gender
wage gap appears greater in the U.K., but it is important to remember that the
British data are reported weekly, not hourly. Furthermore, immigrants in the U.K.
have higher average earnings than their native counterparts, while the opposite is
true in the U.S.

To aid comparison across the BHPS and PSID surveys, we attempt to match edu-
cation variables. Intermediate qualifications involve a roughly equivalent amount of
study time in the U.S. and U.K., for example, yielding a high school diploma through
BA degree in the US or O level through 1st Degree in the U.K. Among natives, 85%
of men and 84% of women have this level of education in Britain, and 81% of men
and 85% of women have this in the States. Advanced qualifications are defined as
professional and doctoral degrees in the U.S. or Higher Degree in the U.K. Native-
born Americans have achieved this level of education at the rates of 11% of men and
10% of women, while Britains have attained at 5% of men and 2% of women. Im-
migrants are comparably well-educated in the U.K., and males have more schooling
than their native peers; 13% of men and 9% of women have advanced qualifications.
Unsurprisingly, immigrants to America have substantially lower levels of education,
with only 45% of men and 63% of women holding intermediate qualifications.
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Average experience levels are roughly equivalent across the surveys, though the
women in our sample have slightly higher (potential) job tenure, as measured by age
minus education minus 5. Marital rates are quite high in our sample, with a clear
majority in all subgroups. In each subcategory, women work fewer hours per week
than men do, and Americans work more hours than Britons. It also appears that
immigrants work more hours on average than natives do. We know that unionization
is more prevalent in the U.K. than in the U.S. However, in Britain women are more
likely than men to be in union jobs. Immigrants comprise a small proportion of our
samples, with quite equal gender divisions in the UK, but more men in the US. We
also see that the vast majority of immigrants to both countries originate from non-
English speaking nations. Finally, within our samples, U.K. immigrants have been in
the country for more than 25 years on average, while years since migration is about
17 in the U.S.

5. EMPIRICAL RESULTS

This section presents results from two basic specifications. We first estimate a
model similar to Chiswick et al. 2007, and we mainly focus on the differences between
classical quantile regression estimates and panel data quantile regression estimates.
The results seem to indicate that unobserved heterogeneity, possibly associated with
language ability and skills, plays an important role and needs to be accounted for in
the regressions. We then estimate panel data models augmented by other covariates
typically considered in the literature.

5.1. BHPS sample. Table 6.2 presents quantile regression results obtained from
employing the penalized quantile regression approach. The upper block of the table
shows quantile regression results and the lower block shows penalized quantile regres-
sion results. We do not include (fixed effects) results for A = 0 because the time-
invariant effects of interest are not identified. Moreover, the last column presents
estimates of the classical mean regression model that is most closely associated with
the quantile regression approach. For instance, the results shown in the upper block
correspond to simple OLS and the results shown in the lower block correspond to
random effects models.

The first column in Table 6.2 presents our choice for the tuning parameter \. As
discussed before, the selection of the tuning parameter is a fundamental aspect of
the method. One may see the shrinkage mechanism as a model selection device. To
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illustrate the point, we plot the number of estimated individual effects as a function
of the tuning parameter in Figure 6.1. The first panel illustrates how the degree of
shrinkage represented by the number of non-zero individual effects changes with A in
our BHPS sample of male workers. For A\ — 0, &;(\) ~ &;(0) =~ ¢&;, and the estimated
conditional quantile function is,

QWit (T|wit> Oé,') = m;t/é(Ta )‘) + d,()\) = w;t/é(Ta O) + dl(0)7

which represents an estimated quantile regression model with individual effects. On
the other hand, for A ~ 12, we have that &;(\) = 0 for all male workers in our BHPS
sample, implying that the estimated quantile regression model is,

Qi (@i, i) = 24 B(T.\) + di(N) = 2},8(r) = Qu, (T|za)-

This model corresponds to employing classical quantile regression techniques on a
panel data model. This range of values of \’s and the associated (3’s raises the
following question: What is the value of A\? The modified AIC approach and the
optimal shrinkage method agree that A should be relatively small. The values of
A= {0.5,0.2} shown in the lower part of Table 6.2 are obtained by the optimal
shrinkage method described in equation 3.7 and the modified AIC method.

When we turn to the results for male workers in the BHPS in the upper block of
Table 6.2, we see that the mean results are relatively informative on the effects of the
intermediate and advanced qualifications on earnings. For instance, while the mean
difference between earnings of workers with intermediate qualifications and no quali-
fications is exp(0.207) — 1 ~ 0.230 or 23.0 percent, the difference at the 0.1 quantile is
17.1 percent. The real advantage of the approach in this context can be seen however
when we investigate the effect of being born in an English speaking country. The
mean effect suggests a 35.7 percent earnings differential between workers born in an
English speaking country and natives, while the effects at the 0.1 quantile and 0.9
quantiles indicate a significantly different 11.8 percent and 61.3 percent. It is interest-
ing to see that the earnings differentials change sign by country of origin. The effect
of being born in a non-English speaking country is negative and significant across
the quantiles of the conditional distribution of earnings, but the estimated effect of
being born in an English-speaking country is positive and significant across quantiles
of the conditional distribution. We are cautious in interpreting this result, because
unobserved language ability could be correlated with these independent variables.
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We introduce individual effects and reestimate the models. The results are pre-
sented in the lower block of Table 6.2. We continue to see negative signs for the
effect of being born in a non-English speaking country, and positive signs of the effect
of being born in an English-speaking country. We note, however, that some of the
effects are not significant. The results suggest that the effect of language on earnings
is important at the lower tail of the conditional distribution of earnings. While being
born in a non-English speaking country is associated with a reduction of 17.4 percent
in earnings, being born in an English speaking country is associated with an increase
in 48.4 percent in earnings. Moreover, it is interesting to see that while the effect
of being born in an English speaking country tends to increase across quantiles in a
model without individual effects, it tends to slightly decrease across quantiles in a
model with individual effects.

Table 6.3 presents results for female workers. The results from pooled methods
indicate no differences between immigrants born in non-English speaking countries
and native-born workers. However, there seem to be significant positive differences
between immigrants from English speaking countries and natives at the 0.25, 0.5 and
0.9 quantiles of the conditional distribution of earnings. These results are robust to
the inclusion of individual effects in the model. The effect of being born in English
speaking countries on earnings changes from a positive and significant 28.4 at the 0.1
quantile to a significant 21.4 percent at the 0.9 quantile.

Turning to the effects of the other independent variables, it is interesting to ob-
serve that the effects of intermediate and advanced qualifications are reduced at the
upper tail when we introduce individual effects. The earnings differential attributed
to intermediate qualifications relative to no qualifications is 60.0 percent at the 0.9
quantile, which is dramatically reduced to 23.9 percent in the model estimated in the
bottom part of Table 6.3.

Tables 6.4 and 6.5 offer panel data estimates based on a model that incorporates
additional covariates typically considered in the literature. We introduce, in addition
to the independent variables used before, indicators for time of arrival to the U.K.,
years since migration to the U.K., controls for workers race, hours worked, number
of children and union membership. Our primary focus continues to be the native-
born/immigrant earnings differentials. The results in Table 6.4 suggest that male
immigrants from non-English speaking countries are heavily penalized in terms of
earnings, while immigrants from English speaking countries do not experience any

wage differential. This penalty tends to decrease as we go across the quantiles of the
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conditional earnings distribution. On the other hand, Table 6.5 suggest that there is
no native-born/immigrant differential on earnings among female workers.

Further examining the results for men, we see that additional controls do not
substantially alter the returns to education or experience, but in the full model we
realize that the prior positive effect of marriage reflects a bias due to omitted variables.
On the other hand, additional variables yield lower returns to schooling for women
at the upper and lower quantiles. Experience generates significant benefits and the
marital penalty disappears. We have also included immigrant cohort indicators and
years since migration quadratically. These controls have no marked effect for women
or men. We also see no real wage penalty for nonwhite racial groups. Increasing
hours worked benefits women far more than men, as does union status. Perhaps
unsurprisingly, children have no effect on men’s earnings, but yield approximately 7%

lower wages for women.

5.2. PSID sample. Tables 6.6 and 6.7 show results for the PSID sample. Table 6.6
presents results for male workers and Table 6.7 presents results for female workers.
These tables are similar to the tables presented before. The upper block shows results
from models that include results for the effects of interest, location dummies, and
year dummies. The lower part of the table shows results for models with the same
covariates, location dummies and year dummies, as well as individual effects. In the
last column, we present conditional mean results that are most closely associated with
the quantile regression results.

We now discuss the selection of the tuning parameter A in the PSID sample. As be-
fore, we plot the number of individual effects that are not equal to zero in the bottom
panels of Figure 6.1. Notice that for A ~ 5.5, we have that &;(\) ~ 0 for all male and
female workers. These results correspond to classical quantile regression techniques,
because the method ignores individual heterogeneity. On the other hand, for A — 0,
&;(A) =~ &;(0) = &, representing a quantile regression version of the fixed effects
model. The estimated model includes approximately 2000 estimated parameters in
the regression corresponding to the sample for male workers, and approximately 1700
estimated parameters in the sample for female workers. The optimal value of the
shrinkage parameter is 0.5 in Tables 6.6 and 6.7, similar to the value obtained by the
AIC-type approach.

Table 6.6 shows larger earnings differentials attributed to educational qualifications
than in the BHPS. The effects of intermediate qualification is positive and significant



13

across quantiles, ranging from 38.9 percent at the 0.1 quantile to 70.1 percent at
the 0.9 quantile. The differences at the quantiles of the conditional distribution
associated with advanced qualifications imply a 104.6 percent at the 0.1 quantile and
176.2 percent at the 0.9 quantile. When individual effects are included, the estimated
effects at the lower tail are increased, suggesting a relatively constant gap across
quantiles of the earning distribution.

In the PSID, the immigrant/native earnings gap is negative and significant. For
instance, workers on non-english speaking countries have earnings 43.3 percent lower
than the native worker at the 0.1 quantile, and 31.4 percent lower than natives at
the 0.9 quantile. Additionally, workers born in English speaking countries earn 22.6
percent less than natives at the 0.1 quantile, and 36.2 percent at the 0.9 quantile.
These estimated earnings differentials continue to be negative and significant in the
models with individual effects.

It is interesting to examine the sensitivity of the results to the choice of the tun-
ing parameter A\. We briefly investigate the effect of the tuning parameter A on
the estimates corresponding to the coefficient associated with non-English speaking
countries in our sample of male workers. By increasing A\, we can examine the results
corresponding to different ways of addressing individual heterogeneity: from a fixed
effects approach for A & 0, to a classical quantile regression approach for A > 5.5.
For simplicity, we present in Figure 6.2 the effects corresponding at the {0.1,0.5,0.9}
quantiles of the conditional distribution of earnings distribution. The pooled quantile
regression results indicate heterogeneous effects across the quantiles of the conditional
earnings distribution, although this heterogeneity seems be attributed to unobserved
differences in language ability and unobserved skills. The estimated differentials are
smaller when the tuning parameter A tends to zero.

Finally, it is also interesting to see that the earnings differential associated with
country of origin appears to be gender specific. Table 6.6 shows that immigrants earn
less than natives, but Table 6.7 suggests that only the effect associated with being
born in a non-English speaking country is significant at standard levels. When we
estimate a model with additional covariates (Tables 6.8 and 6.9), we find that this
result is robust to the inclusion of additional variables.

The findings of Table 6.9 suggest that native-immigrant earnings differentials are
not associated with immigrant status. The estimated effects associated with being
born in a non-English country are negative and significant across the quantiles of the
conditional distribution of earnings. The evidence suggests that immigrants who have
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weak English proficiency receive lower wages. The estimated effects associated with
being born in an English speaking country also suggest that immigrants earn lower
wages, although English proficiency seems to erase the differentials between natives
and immigrants among relatively high paid workers.

As with the British data, the full model reveals very similar returns to education
and experience for men in the U.S. In contrast to the British sample, we see significant
cohort effects in the U.S. The cohort penalty is less for younger groups. However,
immigrants with more years since immigration see higher earnings, particularly in the
upper quantiles. High-earning immigrant men appear to have gained U.S.-specific
skills that are valued in the labor market. The U.S. data show significant wage
differences across racial and ethnic groups, as expected. Male workers in the U.S.
earn higher wages when they have children and if they belong to a union.

Turning to women in the U.S., the returns to schooling are lower again in the full
model. Here, marital status yields no penalty, but each child lowers a woman’