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How does the US labor market absorb low-skilled immigration? In the
short run, high-immigration locations see their low-skilled labor force
increase, native low-skilled wages decrease, and the relative price of
rentals increase. Internal relocation dissipates this shock spatially. In
the long run, the only lasting consequences are (a) worse labor market
conditions for low-skilled natives who entered the labor force in highimmigration years, and (b) lower housing prices in high-immigrant locations, when immigrant workers disproportionately enter the construction sector and lower construction costs. I use a quantitative dynamic
spatial equilibrium many-region model to obtain the policy-relevant
counterfactuals.

I. Introduction
Despite large inflows of immigrants into many OECD countries in the last
20 or 30 years, there is no consensus on the causal impact of immigration on labor market outcomes. Two reasons stand out. First, immigrants
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decide both where and when to migrate given the economic conditions
in the source and host countries. Second, natives may respond by exiting
the locations receiving these immigrants or reducing inflows to them.
The combination of these two endogenous decisions makes it hard to estimate the causal effect of immigration on native labor market outcomes.
Various strategies have been used to understand the consequences of
immigration on labor markets. Altonji and Card (1991) and Card (2001)
compare labor market outcomes or changes in labor market outcomes in
response to local immigrant inflows across locations. To account for the
endogenous sorting of migrants across locations, they use what is known
as the immigration networks instrument: past stocks of immigrants in
particular locations are good predictors of future flows. Using this strategy the literature typically finds that immigration has only limited effects
on labor market outcomes in the cross section or in 10 year first differences: a 1% higher share of immigrants is associated with a 0.1%–0.2%
wage decline.1 Also doing an across-location comparison, Card (1990) reports that the large inflow of Cubans to Miami in 1980 (during the Mariel
boatlift) had a very limited effect on the Miami labor market when compared to four other unaffected metropolitan areas, although this evidence has recently been challenged (Borjas 2017).2
In contrast to Altonji and Card (1991) and Card (2001), Borjas, Freeman, and Katz (1997) argue that local labor markets are sufficiently well
connected in the United States that estimates of the effect of immigration
on wages using spatial variation are likely to be downward biased because
workers relocate across space. Instead, Borjas (2003) suggests comparing
labor market outcomes across education and experience groups, abstracting from geographic considerations. Using this methodology with
US decennial census data between 1960 and 1990, he reports significantly larger effects of immigration on wages. A 1% immigration-induced
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1
Altonji and Card (1991) estimates using first differences between 1970 and 1980 and
instruments result in a significantly higher effect. The same exercise, using other decades,
delivers lower estimates.
2
I discuss in detail the similarities and differences between this paper and Card (1990)
when I discuss the main short-run wage results and I provide a longer discussion in app.
A.8. In a recent paper, Borjas (2017) has challenged the results of Card (1990). Borjas’s
findings are very much in line with the findings reported in this paper. Relative to Borjas
(2017) I document the full path of adjustment to the unexpected inflow of Mexican workers, by documenting internal migration responses and by providing evidence on the
longer-run effects. Moreover, in this paper I use the short-run estimates in a structural spatial equilibrium model to study counterfactual scenarios. To complement this body of evidence, in Monras (2019) I analyze both the wage and internal migration responses during
the Mariel boatlift and feed the results into a simpler version of the structural model developed in this paper.
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increase in the labor supply in an education-experience cell is associated
with a 0.3%–0.4% decrease in wages on average, and as much as 0.9% for
the least-skilled workers. Borjas’s (2003) identification strategy, however,
relies on the exogeneity of immigrant flows into skill-experience cells. Indeed, this has been the main controversy in the immigration debate:
whether we should look at local labor markets or should instead focus
on the national market.
This paper builds on previous literature to better understand the effects of low-skilled immigrants on labor market outcomes in the short
run, the transition path, and the longer run. For this, I concentrate on
Mexican migration over the 1990s. I start by using the Mexican peso crisis
of 1995 as a natural experiment that increased unexpectedly the number
of Mexican arrivals in the United States. This allows me to identify key
short-run labor and housing market elasticities that have been the focus
of much of the previous literature. The key innovation is to use an identification strategy that combines the standard networks instrument with
an exogenous push factor, which I argue is crucial for identification when
there is persistence in labor market dynamics. I then turn to analyzing
longer-run patterns over the entire decade using decennial census data.
My contribution in this part of the paper is to develop a new instrumental
variable (IV) strategy for Borjas (2003) type regressions—based on the
age distribution of the unexpectedly large arrival of Mexicans following
the peso crisis—and to explain why using cross-experience variation
and cross-location variation leads to seemingly different results. Finally,
I use the short-run estimates in a dynamic structural spatial equilibrium
model to study transitional dynamics, the general equilibrium, and a
number of policy-relevant counterfactuals, also an innovation in this
literature.
My findings emphasize that in order to evaluate the labor market impact of immigration, it is crucial to think about time horizons and the dynamics of adjustment. These results help to reconcile previous findings
in the literature: I document how local shocks have large effects on impact but quickly dissipate across locations and affect the national-level
market outcomes of only some cohorts of workers. This connects the
“spatial correlations” approach, pioneered by Card, and the “national
labor market” approach, defended by Borjas, using as a starting point a
new “natural” experiment that affected multiple locations instead of just
one, as is common in most of the literature using natural experiments,
since it was driven by the largest immigrant group in the United States:
Mexicans. The results also highlight the relative importance of internal
migration, local technologies, and the housing market in the absorption
of immigrant shocks.
In December 1994, the Mexican government, led by Ernesto Zedillo,
allowed greater flexibility of the peso vis à vis the dollar. This resulted in
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an attack on the peso that caused Mexico to abandon the peg. It was
followed by an unanticipated economic crisis known as “the peso crisis”
or the “Mexican tequila crisis” (Calvo and Mendoza 1996). Precise estimates on net Mexican immigration are hard to obtain (see Passel 2005;
Hanson 2006; Passel, Cohn, and Gonzalez-Barrera 2012). Many Mexicans
enter the United States illegally, potentially escaping the count of US statistical agencies. However, as I show in detail in section II, all sources
agree that 1995 was an unexpectedly high immigration year.3 As a result
of the Mexican crisis, migration flows to the United States were at least
40% higher, with 200,000 to 300,000 more Mexicans immigrating in
1995 than in a typical year of the 1990s. I can thus use geographic (states
and metropolitan areas), skill, and time variations to see whether workers
more closely competing with these net Mexican inflows suffered more
from the shock and to study the adjustment mechanisms.4
The results are striking. I show that a 1% immigration-induced lowskilled labor supply shock reduces low-skilled wages at the state or metropolitan area level by around 0.7%–1.4% and widens the rental price gap
(i.e., the gap between rental prices and housing prices) by 0.5% on impact. Soon after, wage and rental gap spatial differences dissipate. This
is due to significant worker relocation across locations. While in the first
year the immigration shock increases the share of low-skilled population
almost one-to-one in high-immigration locations, these differences dissipate in around 2 years.5 This helps to understand why, while the effect
is large on impact, it quickly dissipates across space. By 1999, the fifth
year after the shock, wages of low-skilled workers in high- relative to lowimmigration locations were only slightly lower than they were before
the shock. Thus the US labor market for low-skilled workers adjusts to
unexpected supply shocks quite rapidly.
Housing markets also react differently to Mexican immigration depending on the time horizon. In the short run, the rental gap increases
in high- relative to low-immigrant locations. This is a likely consequence
of the relative increase in the demand for rentals given that more than
3
Using data from the 2000 US census and the US Department of Homeland Security
(documented immigrants), estimates of undocumented immigrants from the Immigration and Naturalization Service (INS) as reported in Hanson (2006), estimates from Passel,
Cohn, and Gonzalez-Barrera (2012), and apprehensions data from the INS, we see an unusual spike in the inflow of immigrants in 1995.
4
A similar instrumental strategy based on push factors and previous settlement patterns
is used in Boustan’s (2010) study of the black migration. Also, Foged and Peri (2016) use a
similar strategy using negative political events in source countries.
5
Over the 1990s the share of low-skilled workers in high-immigration locations increased with immigration (Card and Lewis 2007). The relocation documented in this paper explains how unexpected labor supply shocks are absorbed into the national economy.
Changes in the factor mix, absent unexpectedly large immigration-induced shocks, can be
explained through technology adoption in Lewis (2012). I discuss this point in detail in
secs. III.F, IV.E, and VI.C.
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80% of Mexicans live in a rented unit upon arrival, compared to 30% of
natives. However, the short-run increase quickly dissipates. In the longer
run, that is, over the period 1990–2000, the rental gap did not increase
more in high relative to low Mexican immigrant locations. This a consequence of the fact that over this 10 year horizon high Mexican immigrant locations experienced similar relative decreases in both housing
prices and rents. A 1% Mexican-immigration-induced increase in lowskilled workers led to a relative decline in housing and rental prices of
around 1%. This, in turn, is explained by the fact that a very large fraction of Mexican workers entered the construction sector over the 1990s,
displacing many natives and putting downward pressure on native wages
in the sector. As an example, in California more than 100,000 low-skilled
Mexicans entered the construction sector, while around 80,000 native
low-skilled workers left it. Since the bulk of the construction costs are labor costs (Gyourko and Saiz 2006), this is a likely explanation for the
smaller increase in housing prices and rents in high-immigrant locations
such as California. This evidence adds to previous literature a new reason why immigration may lead to house price declines over the long
run, which had previously suggested that native preferences for avoiding
high-immigrant neighborhoods was the main reason behind similarlooking results (Saiz and Wachter 2011; Sa 2015).
Given that there are spillovers across locations through internal migration, I cannot use the cross-location comparisons arising from the natural
experiment to investigate the longer-run effects of immigration on labor
market outcomes. I take two avenues to try to shed some light on longerrun effects and on the transition path. First, I show that the estimates
obtained using cross-space and cross-age cohort comparisons are remarkably different when comparing changes in labor market outcomes between 1990 and 2000. Across space, wage and employment outcomes
become only slightly worse in locations that received large Mexican inflows compared to locations receiving fewer inflows, even after instrumenting the regressions using the standard networks instrument. This
is fully in line with the previous literature and confirms that local shocks
dissipate quickly. However, when abstracting from locations, the wage increase between 1990 and 2000 for workers who entered the low-skilled labor market in particularly high immigration years during the 1990s is significantly smaller than for those who entered in lower immigration years.
Similar results are obtained for employment rates. This is in line with
what Oreopoulos, von Wachter, and Heisz (2012) document for college
graduates who enter the labor market in bad economic years: entering
the labor market in a difficult year may have long-lasting consequences.
This is in the spirit of Borjas (2003) regressions but, importantly, I use the
peso crisis as a factor generating exogenous variation in immigration inflows across experience-skill cells. Crucial for this exercise is the fact that
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the age distribution of Mexican arrivals is very similar across years and
does not seem to change with the peso crisis, which allows me to build
a new IV strategy for Borjas (2003) type regressions.
A second avenue to study the long-run consequences of immigration is
through the lens of a structural dynamic spatial equilibrium model,
which allows me to study the general equilibrium and counterfactual scenarios. The model has many locations, two factor types (low- and highskilled workers), and two types of housing (rented and owned units).
Workers can with cost move across space and housing markets. Workers
take as given current and future local prices, and decide where to locate
in the following period. Only a fraction of workers in the model decide
where to locate in the following period, which adds, potentially, some
stickiness to the evolution of both wages and housing prices. The model
features two types of workers and two types of housing markets. High- and
low-skilled workers are imperfect substitute factors in production, but
compete in the housing markets. Both high- and low-skilled workers have
heterogeneous preferences over rental and homeowned units, which
makes the rental and homeownership units look like imperfect substitutes at the location level.
To estimate the model I use two sets of moments. First, I use the natural
experiment to estimate the short-run responses of labor market outcomes to local shocks. Second, given that in the long run the model collapses to a standard spatial equilibrium model, I apply methods that have
been used in recent static spatial equilibrium literature to estimate the
economic fundamentals in each location (Allen and Arkolakis 2014;
Ahlfeldt et al. 2015; Redding and Rossi-Hansberg 2018). More specifically, I compute the value of local amenities and local productivity that
rationalize the distribution of people and prices across locations in the
year 1990, that is, before the Mexican inflows of the 1990s. Starting from
this 1990 spatial equilibrium, I can then simulate wage and house price
dynamics by shocking the model with the flows of Mexican immigrants
observed each of the years during the 1990s. How the economy reacts depends on the elasticities estimated using the natural experiment. Thus,
the model generates wage and adjustment dynamics exclusively from
the Mexican inflows, given the parameter estimates. The model correctly
generates dynamics in local labor and housing markets that are fully in
line with the data.
I then use the model to perform three counterfactuals. First, I simulate
the evolution of wages and housing prices at the local level had the peso
crisis not occurred. This allows me to study the role of geographic mobility and local technological change in absorbing Mexican immigration. I
show that a model where local technologies adapt to expected local factor endowments matches the data better than a model with fixed technologies: when local technologies adapt to expected inflows, internal
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migration plays a smaller role in the adjustment process over the longer
run. This is in line with Lewis’s (2012) seminal contribution. Relative to
Lewis (2012), this paper shows that internal migration is an effective
mechanism to dissipate unexpected immigrant inflows, while local technologies help to absorb expected inflows. This helps to explain why previous research only found partial internal migration responses to immigrant shocks (see, e.g., Card and DiNardo 2000; Peri and Sparber 2011),
while I find that internal migration likely plays a bigger role in unexpected
immigrant shocks.
Second, I study the role of restrictive immigration laws unilaterally applied by one US state. In particular, I study the counterfactual evolution
of wages and other outcomes in the hypothetical case that Arizona effectively managed to stop all Mexican immigrants from entering the state.
The protective effects of these policies are likely to be small. This is
due to the existing links across US states generated through internal migration. The gains for low-skilled workers in Arizona are on the order of
1%–3% higher wages during the immigration wave and the following 4 or
5 years.
Finally, I use the model to study the role of housing markets. Empirically, I show that Mexican immigrants play two different roles in housing
markets. On one hand, they demand housing, primarily rental units,
and so exert pressure on rental markets. On the other hand, they disproportionately enter the construction sector, creating downward pressure
on labor costs and thus on overall construction costs. This generates a
downward trend in housing market prices in high relative to low Mexican immigrant locations. The model captures these two facts. It also captures the fact that by 1999 (i.e., 5 years after the initial shock), the rental
gap is back in equilibrium. By switching off the expenditure on housing,
the model shows the counterfactual evolution of the value of living
across locations when housing markets are taken into account and when
they are not, which largely reflects the weight of housing expenditures
on total income and whether a person is a renter or a homeowner.
Not taking into account that immigration disproportionately affects renters understates the real wage effects for this group of workers.
Overall, this paper offers a much more complete picture of how immigration affects the host economy. It shows, by combining a new natural
experiment and recent developments in quantitative spatial equilibrium
models, that time horizons and adjustment processes are crucial to understand the seemingly diverging estimates in previous literature.
Related literature.—This paper contributes to three important literatures. First, it contributes to the understanding of the effects of lowskilled immigration in the United States. Following the pioneering work
by Card (1990) and Altonji and Card (1991), I use variation across local
labor markets to estimate the effect of immigration. I extend their work
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by combining Card’s immigration networks instrument with the Mexican
peso crisis as a novel exogenous push factor that brought more Mexicans
than expected to many—not just to one as in Card (1990) or Borjas
(2017)—US local labor markets.6 This unexpectedly large inflow allows
me to understand the timing and sequence of events in response to an
immigration shock. When more immigrants than expected enter specific
local labor markets, wages decrease more than is suggested in either Card
(2001) or Borjas (2003). The decrease in wages prompts net interstate labor relocation that leads the shock to dissipate across space. This explains
why in the longer run, as I document, the effect of immigration on wages
is small across local labor markets but larger across age cohorts (Borjas
2003). This paper adds to Borjas’s (2003) longer-run results an instrumental variable strategy based on the age distribution of the unexpected
inflow of Mexican workers that resulted from the Mexican peso crisis.
More broadly there are a substantial number of papers using natural
experiments to assess the labor market impacts of immigration on labor
market outcomes (Card 1990; Hunt 1992; Friedberg 2001; Angrist and
Kugler 2003; Cohen-Goldner and Paserman 2011; Glitz 2012; Borjas 2017;
Borjas and Monras 2017; Dustmann, Schonberg, and Stuhler 2017).
None of these papers use their natural experiment to estimate a structural
model. Thus, their focus is mainly on short-run effects. Among these
papers, Dustmann, Schonberg, and Stuhler (2017) and Cohen-Goldner
and Paserman (2011) stand out as being closely related to this paper.
Dustmann, Schonberg, and Stuhler (2017) consider the role of both local
labor markets and internal migration in the adjustment process. However, given the nature of their experiment, their analysis is on the effect
of foreign-born commuters, not immigrants. In addition, since they focus
on commuters, they do not consider the role of housing markets as I do,
and given that they do not structurally estimate their model, they cannot
use it to perform counterfactual exercises that inform about how immigration affects host economies. Cohen-Goldner and Paserman (2011)
also study wage dynamics generated by immigration shocks using a natural experiment. However, they do not use their estimates in a structural
model and they focus on high-skilled migration—Soviet émigrés toward
Israel in the 1990s—rather than low-skilled workers.
Second, it contributes to the literature of spatial economics. A number
of recent papers, using various strategies, have looked at the effects of
negative shocks on local labor demand (see Beaudry, Lewis, and Doms
2010; Hornbeck 2012; Autor, Dorn, and Hanson 2013a, 2013b; Hornbeck
6
All these papers can only compare one treated location (e.g., Miami in 1990) to a
number of control locations, and there is a long debate on how to best construct these control locations (Borjas 2017; Clemens and Hunt 2018; Peri and Yasenov 2019). Instead, in
this paper there are many locations affected, allowing me to build a continuous treatment
strategy.
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and Naidu 2014; Diamond 2015; Notowidigdo 2020). In line with most
spatial models (see Blanchard and Katz 1992; Glaeser 2008), I report
how negatively affected locations lose population after a shock, something that helps markets to equilibrate. The relocation of labor leads to
a labor supply shock in locations that were not directly affected. This creates spillovers from treated to control units, something that is also emphasized in Monte, Redding, and Rossi-Hansberg (2018) when studying
commuters, which are an important source of bias in immigration studies
doing cross-location comparisons using decennial census data. Together
with Allen and Donaldson (2018), Caliendo et al. (2018), Monras (2018),
Nagy (2018), and Caliendo, Dvorkin, and Parro (2019), this is one of the
first papers to introduce dynamics in a quantitative spatial equilibrium
model. Relative to these papers, I allow in the model a separate role for
labor and housing markets and interactions of different types of agents
across them, something that is new in this literature.
Finally, this paper contributes to the literature that investigates the role
of immigration in housing markets. This literature has found mixed results, which largely depend on the geographic unit of analysis. At the
neighborhood level, studies usually find that immigration leads to house
price declines (see Saiz and Wachter 2011; Sa 2015). This has been explained mostly by the unwillingness of natives to live in these neighborhoods, which, together with income effects, has dropped the demand
for housing in high-immigrant neighborhoods relative to low-immigrant
ones. Using broader geographies, Saiz (2007) finds that immigrants tend
to put pressure on the housing market, which results in house price increases. Saiz (2007) considers legal immigrants only, given that he relies
on Immigration and Naturalization Service (INS) data. Mexicans differ
from average legal migration in a number of dimensions: they are disproportionately low-skilled, undocumented, and work in the construction
sector. This can explain the difference in the results in this paper relative
to Saiz (2007). Instead, my findings are fully comparable to Saiz (2003).
Using the Mariel boatlift as a natural experiment, and relying on the fact
that most Cubans entered the rental market in Miami, Saiz (2003) reports
rental price increases in Miami, relative to a comparison group, of the
same magnitude as the relative increase in rental gaps reported in this
paper. This literature has not investigated the role that certain groups
of immigrants may play in the construction sector, which I argue is important to understand the longer-run house price dynamics.
In what follows I first present a brief description of the large Mexican
immigrant wave of the 1990s, in section II. Then, I analyze the shortrun evidence in section III and the long-run evidence in section IV. In section V I introduce a quantitative dynamic spatial equilibrium model of the
labor and housing markets in the United States. I discuss how I bring the
model to the data and perform counterfactual exercises in section VI.
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II. Historical Background and Data
A.

Mexican Immigration in the 1990s

As reported in Borjas and Katz (2007), in 1990 the great majority of Mexican immigrants were in California (57.5%). During the decade of the
1990s, the largest increases in the share of Mexicans in a state’s labor
force were in Arizona, Colorado, California, New Mexico, and Texas.
Within the 1990s, however, there was important variation in the number
of Mexicans entering each year. There are a number of alternatives with
which to try to obtain estimates on yearly flows between Mexico and the
United States. A first set of alternatives is to use various data sources to
obtain a direct estimate of the Mexican (net) inflows. A second set of alternatives is to look at indirect data, such as apprehensions at the USMexico border. I discuss these in what follows and in appendix B.1
(apps. A–D are available online).
The first natural source is the March Current Population Survey (CPS)
from Ruggles et al. (2016). The CPS only started to report birthplaces in
1994. Before 1994, however, the CPS data report whether the person is of
Mexican origin. These two variables allow us to track the stock of Mexican
workers in the United States quite well.7 Figure 1 clearly shows that a significant number of Mexicans entered the US labor force in 1995. Using
either the “Mexican origin” variable or the “birth place” definition, figure 1 shows that in 1994 Mexicans represented around 5% of the lowskilled labor force. By 1996 this increased to over 6%. In levels, around
500,000 low-skilled Mexicans entered the United States in 1995 and 1996,
up from around 200,000 or 300,000 a year before 1995.8 It is also worth
emphasizing that, as I show explicitly in appendix A.1, see figure D.2 and
table D3 (figs. D.1–D.9 and tables D1–D11 are available online), the observable characteristics of the Mexican immigrants in the United States do not
change significantly before and after 1995. In sum, as the top-right graph
7
These two variables identify more or less the same number of Mexicans. This can be
seen in the top-left graph of fig. 1, which shows the share of Mexicans using the birth place
and the Mexican origin information. In table D3 discussed in app. A.1 I show that around
83% of the workers who have value 108 in the “hispan” variable are born in Mexico.
8
In the CPS data there is a significant change in the weights of Mexicans relative to nonMexicans between 1995 and 1996. In fact, using the supplement weights, the increase in
the Mexican low-skilled labor force only occurs in 1995. Using the supplement weights
for 1996 results in a drop in the share of Mexican workers. This is entirely driven by the
change in weights between 1995 and 1996 and unlikely to be the case in reality: it is hard
to defend that net flows move from around 500,000 to a negative number. Note that this
only affects the comparisons between periods before 1995 and after 1996. When I show
graphs that contain pre- and post-1995 data I use as weights the average weight of Mexicans
and non-Mexicans for all the sample period. When I run regressions using data from before and after 1995 I do not use the supplement weights. Using the supplement weights
does not change any result, as can be seen in the old working paper version of this paper
(Monras 2015), but it increases the noise in the results. I document in detail this change in
the weights in app. B.
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F IG . 1.—Share of Mexicans in the US low-skilled (LS) labor force and Mexican inflows.
The top-left graph plots the share of Mexicans among low-skilled workers in each year of
the 1990s using various definitions of “Mexican.” I use two different variables, the “birth
place,” which is available starting in 1994 (and for which I show the weighted and
nonweighted series), and the “Mexican origin” to identify Mexicans. The top-right graph
compares the share of Mexicans in the data to the share predicted by fitting a linear trend
in the preshock periods. The bottom-left graph shows the overall (net) Mexico inflows using CPS data. The bottom-right graph shows apprehensions at the US-Mexico border using
data provided in Hanson (2006). More details can be found in the text and in appendix B.

of figure 1 clearly shows, relative to the trend in Mexican arrivals, there
is a clear increase in 1995 and 1996. In the bottom-left graph of figure 1
I show the CPS estimate of these inflows. In table D1 I show that these
numbers are consistent with the numbers in US census data.9
There are a number of ways to obtain alternative yearly estimates other
than by exclusively using the CPS. They all coincide to a large extent in
the magnitude of the increased Mexican inflows, particularly for 1995,
but they diverge somewhat in later years. Many of these alternative estimates rely on the question in the 2000 census: “When did this person
come to live in the United States?” (Ruggles et al. 2016). This yields
9
I use census data to compute stocks of Mexican workers in the United States in 1990
and 2000. For 1995 I combine information on the US census and the Mexican census of
2000, since they both contain locational information 5 years prior to the survey. Using this
information I can then compute average inflows of Mexicans every 5 years. These averages
are in line with the yearly inflows obtained from the CPS.
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an estimate of the number of Mexicans still residing in the United States
in 2000 who arrived in each year of the 1990s. This is shown in the middle graph of figure D.1. Passel, Cohn, and Gonzalez-Barrera (2012) use
this information to build their estimates, shown in the right graph of figure D.1.
Another piece of evidence suggesting higher inflows in 1995 is the
evolution of the number of apprehensions over the 1990s (data from
Gordon Hanson’s website; see Hanson and Spilimbergo 1999; Hanson
2006). The bottom-right graph of figure 1 shows the (log) monthly adjusted apprehensions.10 The spike in September 1993 coincides with
the launching of Operation Hold the Line in El Paso, Texas. At the beginning of 1995 there is a clear increase in the number of apprehensions
that lasts at least until late 1996. This seems to coincide with the estimates
of the flow of Mexicans from the CPS that I use for my estimation.
B. Labor Market Outcome Variables
I use standard CPS data to compute weekly wages at the individual level. I
compute them by dividing the yearly wage income (from the previous
year) by the number of weeks worked.11 I only use wage data of full-time
workers, determined by the weeks worked and usual hours worked in the
previous year. From individual-level information on wages, I can easily
construct aggregate measures of wages. I use both men and women to
compute average wages.12 I also use the CPS data to compute other labor
market outcome variables. I use CPS data to count full-time employment
levels and employment rates, and I use population counts to look at relocation. For employment levels, I simply compute the number of individuals who are in full-time employment. For relocation, I compute the
share of low-skilled individuals, that is, irrespective of whether they are
working or not. I define high-skilled workers as workers having more
than a high school diploma, while I define low-skilled workers as having
a high school diploma or less.
I consider all Mexicans in the CPS as workers, since some may be illegal and may be working more than is reported in the CPS. This makes
the estimates I provide below conservative estimates. I define natives
as all those who are non-Mexicans or non-Hispanics, and use the two interchangeably in the paper. I provide evidence considering only US-born
as natives in appendix A.5.
10
To build this figure I first regress the number of apprehensions on month dummies
and I report the residuals.
11
An alternative to the March CPS data is the CPS Merged Outgoing Rotation Group
files. I obtain similar estimates when using this alternative data set.
12
Results are stronger when I only use males, in line with the fact that Mexican migrants
tend to be disproportionately males.
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Throughout the paper I use two different geographic units of analysis:
states and metropolitan areas. The advantage of using states is that all
population is covered and state boundaries are well defined. The most
important advantage of using metropolitan areas is that they better represent local markets; however, they have the disadvantage that rural population is lost. In particular, I can follow 163 metropolitan areas (identifiable on IPUMS) for which average wages can be computed for each
year of the 1990s and are covered by both the CPS and the censuses of
1980 and 2000. Among those, there are six metropolitan areas that are
not covered in the 1990 US census, which is why the number of observations drops to 157 when using 1990 census data. While metropolitan areas are urban commuting zones, I cannot use rural commuting zones for
most of the analysis because the CPS did not register the county of residence prior to 1996.13
Another disadvantage of using metropolitan areas is that the number
of Mexicans observed in each metropolitan area is small and measured
with error. This hurts the strength of the first stage. To avoid this, I complement CPS data at the metropolitan level with data from the 2000 census. Specifically, I combine the Mexican flows between 1994 and 1995
with the geographic distribution in 1995 of Mexicans who in 2000 responded that they arrived in the United States in 1995. This is possible
thanks to the questions in the US census on the year of arrival and the
residence 5 years prior to the interview.14
C. Housing Market Outcome Variables
To study the housing market I use the data from the Department of
Housing and Urban Development’s Fair Market Rent series (FMR)
and price indexes from the Federal Housing Finance Agency’s (FHFA)
House Price Indexes (HPIs), which are computed at both the state and
metropolitan area level.
I follow Saiz (2007) when using the fair market rents data. The FMR
records the price of a vacant two-bedroom rental unit at the 45th percentile of the MSA’s distribution. To obtain state-level rental prices I simply
aggregate metropolitan areas to the state level using population in the

13
In the United States there are a bit over 700 commuting zones (the number depends
on whether we take the definition for 1990 or 2000) that should capture local labor markets beyond the metropolitan area. A description of commuting zone data is provided
at https://www.ers.usda.gov/data-products/commuting-zones-and-labor-market-areas
and in the work by Autor, Dorn, and Hanson (2013a). See the CPS coverage of the variable
“county” at https://cps.ipums.org/cps-action/variables/COUNTY (last visited October
2018). Further details are explained in app. B.2.
14
We use a similar strategy in Borjas and Monras (2017) to obtain estimates of Cubans
across locations in the early 1980s during the Mariel boatlift.
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metropolitan area as weights. Housing price indexes are provided by the
FHFA independently at the metropolitan area and state levels. They are
built from transaction data for the period 1975 to 2015, and take into account the internal structure of cities. As is well known, there is a gradient
in land values in rays departing from the central business district. More
details about these price indexes are reported in Bogin, Doerner, and
Larson (2016). I use the series with base year 1990. This means that
the price index is equal to 100 in each location in 1990, which means,
in turn, that there is no variation in housing prices across states or metropolitan areas in that year. I discuss this in more detail when I report
yearly standard errors in the estimation. See section III.E.
D. Summary Statistics
Table 1 shows a number of characteristics of Mexicans in the United
States. It is divided into three panels. Panel A shows the distribution of
Mexicans by skill in the United States and in California—the highest
Mexican immigration state. It is evident from this table that Mexican
immigrants compete mostly in the low-skilled market. In 1994, Mexican
workers represent around 6% of the low-skilled labor force in the United
States, while they represent only 1% of the high-skilled. In California,
Mexicans represent as much as 30% of the low-skilled labor force, while
only 7% of the high-skilled. This suggests that an unexpected increase in
the number of Mexicans workers is likely to affect low-skilled workers,
and can be considered almost negligible for the high-skilled. This is
important since it provides an extra source of variation. As argued in
Dustmann, Frattini, and Preston (2013) it is sometimes difficult to allocate immigrants to the labor market they work in, given that education
may be an imperfect measure when there is skill downgrading. In this
case, a large fraction of Mexican workers are low skilled and likely to
compete with the low-skilled natives, so this is not an issue for this study.
Panel B shows the importance that Mexicans have in the construction
sector, particularly in high-immigration states such as California. In 1990
roughly 9% of low-skilled Mexicans and natives worked in construction.
However, over the 1990s many Mexicans started to flow into this sector.
The share of Mexicans in construction moved from 5% of the overall
workforce in construction in 1990 to 12% by 2000. In California it moved
from 21% to 33%. Perhaps more strikingly, while around 100,000 Mexicans entered the construction sector in California over the decade,
76,000 natives left the sector. This table also reports average wages of natives and Mexicans in the sector.
Finally, panel C shows the importance that Mexicans have in the rental
market. Above 60% of low-skilled Mexicans lived in rental units by the
year 1990. This is double the same figure for natives. Among Mexicans
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TABLE 1
Characteristics of Mexican Workers
United States

California

A. Skill Distribution
(CPS Data 1994)
Low-skilled Mexicans (bpl) / low-skilled population
Low-skilled Mexicans (hispan) / low-skilled population
High-skilled Mexicans (bpl) / high-skilled population
High-skilled Mexicans (hispan) / high-skilled population
Low-skilled / total population

.057
.058
.013
.015
.521

.315
.324
.068
.076
.517

B. Construction Sector
(Low-Skilled Workers)
Mexicans in construction / total Mexicans (1990 census)
.09
Natives in construction / total natives (1990 census)
.08
D Mexicans in construction (1990–2000)
592,868
D natives in construction (1990–2000)
1,138,228
Mexicans in construction / total workers in construction
(1990)
.05
Mexicans in construction / total workers in construction
(2000)
.12
Average weekly wage in construction, natives (1990; USD)
502.9
Average weekly wage in construction, Mexican (1990; USD)
367.8
Average weekly wage in construction, natives (2000; USD)
700.3
Average weekly wage in construction, Mexican (2000; USD)
479.1

.08
.09
110,028
276,962
.21
.33
634.4
400.2
829.1
539.3

C. Rental Market
(Low-Skilled Workers)
Mexicans in rented units / total Mexicans (1990 census)
Natives in rented units / total natives (1990 census)
Mexicans in rented units / total Mexicans (1990 census;
1987–1990 arrivals)

.63
.32

.67
.43

.82

.84

Note.—This table shows various characteristics of Mexican workers in the United States
using CPS and census data. Panel A reports the share of Mexicans using the variables “bpl”
and “hispan” from the CPS among high- and low-skilled workers (defined as above and below high school diploma) in the United States and in the highest Mexican migration state,
California. It also reports the relative distribution of skills nationwide and in California.
Panel B focuses on low-skilled workers in the construction sector. It reports the share of
Mexican workers among total Mexican workers, and relative to all construction workers.
It also reports the change in native construction workers and Mexican construction workers between 1990 and 2000. Panel C reports characteristics of the housing market. In particular, it reports the share of Mexicans and natives living in rented units.

who just arrived in the United States this number is even larger, as shown
in the table, and jumps to 82%.15
Table D2 reports summary statistics for the main variables used for the
estimation. It is divided into two panels. Panel A shows state-level statistics, while panel B shows metropolitan area ones. The table reports average labor market outcomes in 1994 and 1995.
15
Recent arrivals are defined as Mexican immigrants arriving in the United States between 1987 and 1990 observed in the 1990 US census. I obtain similar numbers using
the equivalent information in the 2000 census.
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III. Short-Run Effects of Mexican Immigration
A.

Short-Run Identification Strategy

To investigate the short-run effects of immigration on labor market outcomes, I compare the changes in labor market outcomes across states or
metropolitan areas, given the change in the share of Mexican immigrants among low-skilled workers:16
Dln ys 5 a 1 b  D

Mexs
1 DXs  g 1 εs ,
Ns

(1)

where ys is our labor market outcome of interest, s are states or metropolitan areas, Mexs =Ns is the share of Mexicans divided by low-skilled
workers in the labor market of interest, Xs are time-varying state or metropolitan area controls, and εs is the error term. I follow Bertrand,
Duflo, and Mullainathan (2004) in first-differencing the data. This is
the recommended strategy when there is potential serial correlation
and when clustering is problematic because of the different size of the
clusters (MacKinnon and Webb 2017) or an insufficient number of clusters (Angrist and Pischke 2009). It also highlights the exact source of
variation.
In the baseline specification, I simply compare 1994 to 1995, as postshock period. I also use different sets of years as the preshock period
and group them as one period, as an alternative strategy. Looking at the
difference between the preshock period and the year 1995 allows me to estimate the effect of immigration before the spillovers between regions due
to labor relocation contaminate my strategy. In my preferred specification,
I control for possibly different linear trends across states and individual
characteristics by netting them out before aggregating the individual observations to the post- and preshock periods.
Crucially, I run the regression in equation (1) in a period when
Mexican migrants moved to the United States for arguably exogenous

16
Given that the population does not change very much in the short-run horizons, using
DMexs =Ns,1994 (the change in Mexicans divided by the number of workers in 1994) instead
of DðMexs =Ns Þ does not matter very much for the estimates of b. This matters more for the
estimates of the longer-run local labor demand elasticity shown in table 9. Note also that
this specification for wages as dependent variable is obtained directly from a local CES
(constant elasticity of substitution) production function that combines high- and low-skilled
workers. That is, starting from the demand curve for low-skilled workers, we obtain
lnðwage low-skilledÞ 5 a 2 ð1=jÞ lnðlow-skilledÞ 1 ð1=jÞ lnðgdpÞ 5 a 2 ð1=jÞ lnðMexicans 1
non-Mexican low-skilledÞ 1 ð1=jÞ lnðgdpÞ 5 a 2 ð1=jÞ ln½1 1 ðMexicans=non-Mexican
low-skilledÞ 2 ð1=jÞ lnðNon-Mexican low-skilledÞ 1 ð1=jÞ lnðgdpÞ ≈ a 2 ð1=jÞðMexicans=
non-Mexican low-skilledÞ 2 ð1=jÞ lnðnon-Mexican low-skilledÞ 1 ð1=jÞ lnðgdpÞ:
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reasons.17 Even if the reasons to emigrate were arguably exogenous, Mexican immigrants potentially chose what locations to enter based on local
economic conditions. To address this endogenous location choice I rely
on the immigration networks instrument. I use the share of Mexicans in
the labor force in each state in 1980 to predict where Mexican immigrant
inflows are likely to be more important. This is the case if past stocks of
immigrants determine where future inflows are moving to. The first-stage
regressions are reported in table 2. In particular, I show the results of estimating the following equation:
D

Mexs
Mex1980
s
5a1b
1 DXs  g 1 εs ,
Ns
Ns1980

(2)

where the variables are defined as before, and where the superscript 1980
refers to that year. The share of 1980 refers to the entire population, but
nothing changes if I use the share of Mexicans in 1980 among low-skilled
workers exclusively. I choose the former because immigration networks
can be formed between individuals of different skills.
Column 1 in table 2 shows that the initial share of Mexicans in 1980
was 4–6 times larger at the state level (panel A) and in metropolitan areas (panel B) by 1995. This is a natural consequence of the massive Mexican inflows over the 1980s and early 1990s and the concentration of
these flows into particular states and, to a large extent, metropolitan areas. Column 2 shows that the flows of Mexican workers between 1994
and 1995 also concentrated in these originally high immigration states
and metropolitan areas.
Columns 3 and 4 of table 2 report the same regressions but for highskilled workers. Column 4 shows that it is also true that the share of Mexicans among the high-skilled is higher in the states that originally attracted
more Mexicans. It is not true, however, that the change of high-skilled
Mexicans between 1994 and 1995 is also well predicted by the importance
of Mexicans in the state labor force in 1980. Similar results apply to metropolitan areas; see panel B and figure D.4.
In appendix A.2, I discuss the threats to my identification strategy in
detail. In particular, I discuss potential confounders like the effect of
the depreciation of the peso on international trade flows, selection into
migration following the peso crisis, and changes in the labor supply and
17
Note that an alternative specification would be a difference in difference in levels
where the continuous treatment is instrumented by the past importance of Mexicans in
each location, and where the first difference distinguishes before and after the shock. This
specification has some problems with the estimation of the standard errors (see Bertrand,
Duflo, and Mullainathan 2004), which is why I use the one I report in this section. This specification also addresses concerns raised in recent papers (see Borusyak, Hull, and Jaravel
2018; Goldsmith-Pinkham, Sorkin, and Swift 2018; Jaeger, Ruist, and Stuhler 2018; Adao,
Kolesar, and Morales 2019) related to the identification strategy and inference.
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TABLE 2
First-Stage Regressions for the Estimation of the Causal Effect
of Mexican Immigration on Wages
Share Mexican, LS, OLS
(1)

(2)

Share Mexican, HS, OLS
(3)

(4)

A. State-Level Regressions
Share of Mexicans in 1980, LS

6.116
(.270)

.452
(.0896)

Share of Mexicans in 1980, HS
Observations
R2
First-differenced

51
.967
No

51
.240
Yes

5.405
(.356)
51
.939
No

2.197
(.399)
51
.012
Yes

B. Metropolitan Area–Level Regressions
Share of Mexicans in 1980, LS

4.232
(.512)

.298
(.0656)

Share of Mexicans in 1980, HS
Observations
R2
First-differenced

163
.813
No

163
.684
Yes

3.480
(.546)
163
.766
No

.247
(.546)
163
.014
Yes

Note.—Columns 1 and 3 show the regression of the share of Mexicans in the labor force
in 1995 on the same variable in 1980. Columns 2 and 4 show the same regression but firstdifferencing the dependent variable. This table is the first-stage regression for the IV in table 3. Robust standard errors are reported. Panel A uses cross-state variation, while panel B
uses cross-metropolitan-area variation. LS refers to low-skilled workers and HS refers to
high-skilled workers.

remittance behavior of Mexicans already in the United States as a response to exchange rate changes (Nekoei 2013).
B. Wages
In this section I estimate the causal effect of immigration on US local
wages, using equation (1). A simple graphical representation using raw
data gives the intuition of the estimates I later report. Figure 2 shows
the evolution of the average low- and high-skilled wages in California
and the evolution of low-skilled wages in a lower Mexican immigration
state like New York.18 Wages are normalized to 1 in 1994 to make the comparisons simpler. A few things are worth noting from figure 2. First, lowskilled wages decreased in 1993. In some states, unlike in California,
high-skilled wages also decreased in that year. This is probably a result
of the economic downturn in 1992. Second, when comparing low- and
high-skilled wages in California we see that low-skilled wages clearly decreased in 1995 and 1996 and then recovered their preshock trend, while,
18
New York and California are comparable in terms of overall immigrant population,
but Mexicans are much more prevalent in California than in New York.
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F IG . 2.—Evolution of wages (raw data). The top graph reports the low- and high-skilled
average wage in California, a high Mexican immigration state. The bottom graph shows average low-skilled wages in a high-immigration state such as California and a low-immigration
state such as New York. I exclude Hispanics from the average low-skilled wage computations.

if anything, high-skilled wages increased slightly in 1995. By the end of the
decade high-skilled wages increased in California, probably showing the
beginning of the dot-com bubble. When instead we compare low-skilled
wages in California and New York, we observe that the decrease in California is more pronounced than that of New York, where Mexican immigration was much less important. The estimation exercise identifies the
effect of immigration on wages by comparing the sharp decrease in lowskilled wages in high-immigration states such as California relative to
lower-immigration states such as New York in 1995.
Panel A of table 3 reports the results of estimating equation (1) using
cross-state variation. In columns 1 and 2, I report the results of the regression of native low-skilled average wages on the share of low-skilled Mexican workers among the low-skilled labor force in 1995. We observe in column 1 that there is no correlation in the cross section between wages and
immigration. In column 2, I instrument the share of low-skilled Mexicans
by the share of Mexicans in the labor force in 1980. The IV result in the
cross section is very similar. It points to the fact that in the cross section
there is no systematic relationship between higher stocks of immigrants
and lower wages. Many things can explain this result. A simple explanation, although not the only one, is that the US labor market may have
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Observations
R2
Controls
Wages detrended
First-stage F-statistic

D share of Mexicans, LS

Share of Mexicans, LS

Observations
R2
Controls
Wages detrended
First-stage F-statistic

D share of Mexicans, LS

Share of Mexicans, LS

163
.046
No
No

2.115
(.0525)

51
.000
No
No

.00499
(.0620)

(2)

(1)
2.000791
(.0645)

(4)

(5)

2.602
(.234)
51
.077
No
No

2.733
(.265)
51
.125
Yes
No

Yes
No
26.73

2.832
(.439)
51

Yes
Yes
26.73

2.721
(.381)
51

(6)

D Wage,
Non-Mexican, IV

No
No
68.33

163

2.186
(.0383)

21.397
(.549)
163
.055
No
No

21.518
(.544)
163
.082
Yes
No

Yes
No
19.14

22.295
(.374)
163

Yes
Yes
19.14

22.218
(.368)
163

B. Metropolitan Area–Level Regressions, Low-Skilled Workers

No
No
511.5

51

(3)

D Wage,
Non-Mexican, OLS

A. State-Level Regressions, Low-Skilled Workers

Wage,
Non-Mexican, IV

Wage,
Non-Mexican, OLS

TABLE 3
Causal Effect of Immigration on Wages

Yes
Yes
19.14

21.418
(.331)
163

Yes
Yes
26.73

2.708
(.307)
51

(7)

D Wage, Individual
Controls, IV
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2.246
(.273)
51
.013
No
No

2.301
(.288)
51
.062
Yes
No
Yes
No
26.73

.114
(.414)
51
Yes
Yes
26.73

.119
(.441)
51

No
No
68.33

163

2.0165
(.0699)
2.661
(.368)
163
.011
No
No

2.426
(.381)
163
.034
Yes
No
Yes
No
19.14

2.744
(.435)
163

Yes
Yes
19.14

2.719
(.437)
163

D. Metropolitan Area–Level Regressions, High-Skilled Workers

No
No
511.5

51

.127
(.0810)

Yes
Yes
19.14

2.0111
(.417)
163

Yes
Yes
26.73

.170
(.229)
51

Note.—Columns 1 and 2 show the cross-sectional regression of the average low-skilled native wage on the share of low-skilled Mexicans relative to lowskilled workers in 1995. In col. 2 the regression is instrumented using the immigration networks IV. The following columns show the first-differenced
(using 1994 data) regressions, i.e., a comparison of the pre- and postshock periods. The instrument in these subsequent columns is also the immigration
networks IV. Column 7, which is my preferred estimate, reports average wages controlling for individual characteristics using Mincerian regressions. It also
uses 1992–1994 (instead of only 1994) as the preshock wage levels. Controls include the change in (log) low-skilled labor, (log) high-skilled labor, (log)
state GDP, and (log) exports to Mexico. Panels A and C use cross-state variation, while panels B and D use cross-metropolitan-area variation. Robust standard errors are reported. LS refers to low-skilled workers.

Observations
R2
Controls
Wages detrended
First-stage F-statistic

163
.000
No
No

.00828
(.0529)

Share of Mexicans, LS

D share of Mexicans, LS

51
.025
No
No

.109
(.0940)

Observations
R2
Controls
Wages detrended
First-stage F-statitstic

D share of Mexicans, LS

Share of Mexicans, LS

C. State-Level Regressions, High-Skilled Workers
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systematic ways of equilibrating the labor market returns across regions.
This is in line with previous literature, and cannot be interpreted as evidence that immigration has no effect on wages.
In column 3, I make an important first step toward identifying the
effects of Mexican immigration on US low-skilled workers. When firstdifferencing the data, we observe that between 1994 and 1995, when for
exogenous reasons the inflow of Mexicans was larger, native wages decreased more in states where the share of Mexicans increased more. Column 4 introduces as controls the change in (log) GDP, the change in
(log) exports to Mexico, and changes in (log) employment levels by skill
group, which could be potential confounders. The coefficient in column 4 is similar to that of column 3.
A threat to identification is that Mexican migrants endogenously decided where to migrate within the United States in 1995 based on the labor market conditions at destination. To address this concern, I use the
share of Mexicans in the labor force in 1980 to know where the Mexican
immigration shock is more likely to be more important. Column 5 shows
that this is important. It increases the size of the negative coefficient by
more than 10%, suggesting either that Mexican workers do indeed decide based on local labor market conditions or that there is some classical
measurement error in how the share of Mexican workers is computed in
the CPS, which attenuates the ordinary least squares (OLS) estimates. Another concern for identification is addressed in column 6. It could be that
the trend of low-skilled workers is different between states. To address
this, I first regress wages on location-specific linear trends and I use the
residuals to compute the change in wages between 1994 and 1995. This
reduces the size of the negative estimate, but by little. A final concern
is that given the fact that the CPS is a repeated cross section, it can be that
the workers in different years systematically differ, creating differences in
wages that are unrelated to the effect of Mexicans, but rather due to the
data. Column 7 shows that when controlling for individual characteristics
in a first-stage Mincerian regression, and allowing for state-specific linear
trends, we obtain an estimate of around 20.7.19 In this column, the preshock period is 1992–1994. This is also another reason why the estimated
coefficient is slightly smaller, since in 1993, wages in California—the

19
This estimate, however, is a conservative estimate. There are two reasons for this. First,
I consider all Mexican as potential workers, and measure the shock relative to the full-time
non-Mexican labor force. If I were to consider the shock as the Mexicans who are working
in 1995, the Mexican immigration shock would be smaller, and thus the estimated inverse
local labor demand elasticity larger. Second, among the many estimates of the size of the
shock I discussed earlier, I use the largest one. This is the natural one since it is obtained
from the CPS data. Using the other estimates of the yearly inflows of Mexicans would result, again, in a larger inverse local labor demand elasticity.
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highest Mexican immigration state—were slightly lower, as discussed previously. This is my preferred estimate.20
In panel B of table 3 I repeat the exact same exercise as in panel A, but
using cross-metropolitan-area variation. Qualitatively the results are the
same as in panel A. Quantitatively the estimates suggest larger effects
than when using cross-state variation. A possible reason for this difference is that immigration is, primarily, an urban phenomenon. As documented in Albert and Monras (2019) most immigrants concentrate in
cities, and among them, in larger ones—something that is also true for
Mexican immigrants. This may generate a negative trend in wages in urban relative to rural areas in high-immigration states, which results in
a more negative estimate when using metropolitan area variation. Panels A and B give a range of estimates of the inverse demand elasticity that
goes from 20.7 to 201.4.
In panels C and D of table 3 I repeat the exact same regressions of panels A and B but using the high-skilled workers’ wages instead. The results
show that low-skilled Mexican immigration did not affect the wages of
high-skilled native workers. In the cross section, as shown in columns 1
and 2, high-skilled wages in high-immigration states are slightly higher.
When first-differencing, independently of the specification used in table 3, we observe that the unexpectedly large inflow of Mexican workers
in 1995 did not decrease the wages of native high-skilled workers in highimmigration locations. This can be thought as a third difference-indifference estimate or as a placebo test.
We can combine the results shown in panels A, B, C, and D of table 3
into a single equation using D lnðhs =ws Þ as dependent variable in equation (1), where hs indicates the average wage of high-skilled workers, so
that hs =ws represents the wage gap between high- and low-skilled workers.
This specification directly identifies the inverse of the elasticity of substitution in a model of perfect competition and two factors of production
(high- and low-skilled workers). I present such a model in section V. This
is also the inverse of the relative local labor demand curve, something
that I discuss further in section V.C and in appendix A.6.21

20
Throughout, the R 2 values of these regression are a bit low. This is due to the large
variance in small low-immigration states.
21
An alternative specification is to use the Mexican shock to estimate the relative increase in the ratio of low- to high-skilled workers, and with this variation, estimate how
the change in relative wages between low- and high-skilled workers changes with the
change in the relative supply induced by migration. This is like a three-stage strategy. Because of these three steps, there is more noise in this specification. Point estimates are,
however, identical. I report this alternative specification in table D8. Another advantage
of the specification in the main text is that it directly reports the effect of immigration
on the relative wage of the main two labor factors in the economy. I discuss table D8
and these points in app. A.6.
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As before, I report in table 4 results using cross-state (panel A) and
cross-metropolitan-area (panel B) variation. Estimates of the inverse of
the elasticity of substitution between high- and low-skilled workers cluster around 1. I use this estimate when I bring the model to the data.
In appendix A, I discuss several robustness checks. First, I show that the
results presented in this section are robust to excluding California or
Texas, in both OLS and IV specifications (see table D5) and using both
cross-state and cross-metropolitan-area variation. This is important since
in this paper I use an exogenous migration inflow that affects various regions in the United States, something that Card (1990) or Borjas (2017)
does not have with the Cuban Mariel boatlift migrants; these papers essentially rely on five observations (the difference in average wages in five
cities over two periods). I also show in the appendixes (see table D6) that
I obtain similar results if I consider the high school dropouts or the high
school graduates exclusively as the group of workers competing with the
Mexicans. This is in contrast to what Borjas (2017) finds. In Borjas (2017)
it is shown that only high school dropouts are affected by the inflow of
Marielitos, while in this paper both high school dropouts and high school
graduates seem to be affected by the inflow of Mexicans. Many reasons
can explain this divergence. First, Miami can be a special labor market,
a bit different from the average local labor markets in the United States,
and in that local labor market the difference between high school dropouts and graduates may be larger. Second, Cuban migrants might have
been a bit special. Many sources claim that an important part of the
Marielitos were Cubans released from Cuban prisons, and so perhaps less
prepared to enter the labor market. And third, maybe the difference between high school dropouts and graduates was more relevant in the early
1980s than in the mid-1990s. I also show in the appendixes that the results
are very similar if I include or exclude all foreign-born people when defining natives—in the previous tables I only exclude Mexicans and define
natives as the rest; see table D7.
C. Employment
I have focused in tables 3 and 4 on the short-run impact of immigration
on wages. However, if wage adjustments are not fully flexible, some labor
market consequences of immigration may only be seen in employment
outcomes (within the region under study) or in internal migration, as I
explore in the following section. To estimate the effect of immigration
on employment within locations I substitute in the previous specification
wage changes by (log) employment rate changes.
Table 5 shows the results. This table displays results for low- and highskilled workers using cross-state and cross-metropolitan-area variation. In
general, wages seem to respond more strongly than employment rates,

68.33

163

.0623
(.0276)

511.5

51

.0423
(.0279)

Wage Gap, IV
(2)

51
.031

.434
(.358)
.0431
(.0928)

A. State-Level Regressions

(4)

D Wage Gap, OLS

.485
(.334)
.0436
(.0941)
2.271
(.478)
2.000241
(.00994)
51
.037

(5)

163
.014

.822
(.434)

163
.049

.838
(.425)
.0928
(.0370)

1.008
(.407)
.0929
(.0372)
2.564
(.614)
2.0140
(.0121)
163
.058

B. Metropolitan Area–Level Regressions

51
.026

.381
(.331)

(3)

20.70

163

1.181
(.367)

25.47

51

.776
(.415)

(6)

20.77

163

1.262
(.362)
.0932
(.0367)

37.05

51

.795
(.387)
.0701
(.0913)

(7)

D Wage Gap, IV

19.22

1.395
(.387)
.0932
(.0367)
2.644
(.617)
2.0163
(.0119)
163

27.51

.883
(.408)
.0719
(.0908)
2.407
(.545)
2.00155
(.00954)
51

(8)

Note.—This table shows the regression of the change in the wage gap between high- and low-skilled workers on the share of Mexicans in the low-skilled
labor force between 1994 and 1995. The wage gap is computed as the adjusted average wage of high-skilled workers, divided by the adjusted average wage
of low-skilled workers. The table also identifies the elasticity of substitution between high- and low-skilled workers. LS refers to low-skilled workers. An
alternative estimate of this elasticity is reported in table D8. The structure of this table follows table 3. Panel A uses cross-state variation, while panel B
uses cross-metropolitan-area variation. Robust standard errors are reported.

Observations
R2
First-stage F-statistic

D (log) exports to Mexico

D (log) state GDP

D relative labor supply

163
.004

.0288
(.0387)

Share of Mexicans, LS

D share of Mexicans, LS

51
.011

.0337
(.0355)

Observations
R2
First-stage F - statistic

D (log) exports to Mexico

D (log) state GDP

D relative labor supply

D share of Mexicans, LS

Share of Mexicans, LS

Wage Gap, OLS
(1)

TABLE 4
Wage Gap between High- and Low-Skilled Workers

TABLE 5
The Short-Run Employment Response

(log) Employment
Rate, Native,
OLS
(1)

(log)
Employment
Rate, Native,
IV
(2)

D (log)
Employment
Rate, Native,
OLS
(3)

(4)

D (log)
Employment
Rate, Native,
IV
(5)

A. State-Level Regressions, Low-Skilled Workers
Share of
Mexicans, LS
D share of
Mexicans, LS
Observations
R2
Controls
First-stage
F-statistic

2.176
(.0473)

51
.112
No

2.169
(.0511)

51
No

2.0840 2.0276
(.238) (.232)
51
51
.002
.020
No
Yes

511.5

.131
(.323)
51
Yes
19.26

B. Metropolitan Area–Level Regressions, Low-Skilled Workers
Share of
Mexicans, LS
D share of
Mexicans, LS
Observations
R2
Controls
First-stage
F-statistic

2.195
(.0402)

163
.114
No

2.199
(.0440)

163
No

2.402 2.379
(.386) (.389)
163
163
.003
.003
No
Yes

68.33

.0308
(.554)
163
Yes
19.15

C. State-Level Regressions, High-Skilled Workers
Share of
Mexicans, LS
D share of
Mexicans, LS
Observations
R2
Controls
First-stage
F-statistic

2.0391
(.0235)

51
.016
No

2.0371
(.0228)

51
No

2.0525 .00576
(.215) (.204)
51
51
.001
.026
No
Yes

511.5

.749
(.440)
51
Yes
19.26

D. Metropolitan Area–Level Regressions, High-Skilled Workers
Share of
Mexicans, LS
D share of
Mexicans, LS
Observations

2.0627
(.0316)

163

2.199
(.0440)

163

.229
(.263)
163

.314
(.273)
163

.381
(.250)
163
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TABLE 5 (Continued)

(log) Employment
Rate, Native,
OLS
(1)

(log)
Employment
Rate, Native,
IV
(2)

.023
No

No

2

R
Controls
First-stage
F-statistic

68.33

D (log)
Employment
Rate, Native,
OLS
(3)

(4)

D (log)
Employment
Rate, Native,
IV
(5)

.002
No

.011
Yes

Yes
19.15

Note.—This table estimates the employment responses to the unexpected inflow of
Mexican immigrants following the Mexican peso crisis. The table follows the structure explained in table 3. Panels A and B show the results for low-skilled workers at the state and
metropolitan area level, respectively. Panels C and D report the estimates for the highskilled workers. LS refers to low-skilled workers. Robust standard errors are reported. Controls include the change in (log) state GDP and in (log) exports to Mexico.

since employment rates did not differentially change in high- relative to
low-immigrant locations when I use state-level variation and metropolitan
area–level variation; see panels A and B. Given that employment rates
seem to be less responsive than wages I abstract from them in the model
of section V.
D. Rental Prices
A potentially important consequence of immigrant shocks is that they
may affect local housing, which typically consists of rental and homeowned units.22 Most low-skill Mexican workers enter the rental market,
thus likely affecting the rental price more than housing prices. For example, among Mexicans that arrived in the United States between 1987 and
1990, over 80% were living in rental units according to the 1990 US census; see table 1. In the short run, rental markets are thus much more likely
to be affected by immigration than housing prices. I concentrate in this
section on the rental market, leaving a longer-run analysis of both markets
(i.e., rentals and housing prices) for section IV.D.
To estimate the effect of Mexican migration on housing markets I
adopt the same estimating equation and strategy as before but with rental

22
If rental units and homeowned units are the same good and there are no frictions in
the economy, then rental and selling prices should move in parallel. It is very likely, however, that there are heterogeneous preferences for owning vs. renting an apartment that
make the two types of homes look like imperfect substitutable goods. I explain this in more
detail in sec. V.
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prices as outcome variable. Table 6 shows the results. As before, columns 1–
3 show cross-sectional evidence. It is quite clear, using both cross-state and
cross-metropolitan-area variation with both OLS and IV, that rental prices
are higher in higher Mexican immigration locations. The magnitude of
the estimates suggest that a 10 percentage point higher Mexican immigrant share among low skilled is associated with 4% higher rental prices,
and a higher gap in rental prices relative to the location house price
index (col. 3).
This positive correlation between rental prices and immigrant shares
could be driven by a number of factors. As explained in Albert and
Monras (2019), immigrants care relatively less about local prices because
part of what they consume is not related to where they live but rather to
where they come from. This could explain the positive correlation between immigrant shares and rentals that we see in the data, but this does
not necessarily imply that immigrants lead to rental price increases.23
Columns 4–7 show first-differenced specifications, akin to the ones
shown in table 3. The OLS regressions already suggest that unexpected
increases in immigrant population tend to increase local rental prices.
This is true when looking at both cross-state and cross-metropolitan-area
variation regardless of whether controls are introduced or not. Columns 6
and 7 show the IV estimate of the effect of immigration on rental prices
and the gap in rental prices relative to housing prices. The IV estimate
effectively puts higher weight on locations with higher past Mexican immigrant settlements. This tends to lower the IV estimate on rentals, mainly
because some high Mexican immigrant locations such as California experienced drops in both house prices and rentals during the 1990s—
something that can be at least in part explained by the disproportionate
entry of Mexican workers into the construction sector, as I explain in detail in section IV.D. One simple way to control for this is to look at the gap
between rentals and housing prices, which is akin to using the gap in
wages between low- and high-skilled workers shown in table 4. This is
shown in column 7. This IV estimate suggests that unexpected increases
in migration lead to relative increases in the part of the housing market
most heavily used by Mexican immigrants (i.e., rentals) relative to housing prices. Quantitatively the estimate implies that an increase of the lowskilled workforce in a location of 10% leads to a short-run increase in
rentals relative to housing prices of around 5% or 6%, or, given that
low-skilled population is on average half of the population, an increase
of 1% of the population in a city leads to around 1% increase in rental
prices. This estimate is similar to previous estimates in the literature, particularly in the United States (see Saiz 2003).
23
Not even in the cross-sectional IV regressions since past immigrants also had a comparative advantage relative to natives on expensive locations.

.422
(.185)
51
51
.035

.279
(.399)

51
.074

.223
(.378)
2.00328
(.00342)
.167
(.145)

(5)

141
377.4

377.4

.380
(.159)

141
.023

.205
(.229)

.130
(.191)
2.00715
(.00833)
.505
(.281)
141
.140

B. Metropolitan Area–Level Regressions

511.5

(4)

D (log)
Rentals, OLS

A. State-Level Regressions

(log)
Rental Gap
(3)

141

.338
(.158)

511.5

.382
(.186)
51

(log)
Rentals, IV
(2)

83.67

.0304
(.153)
2.00598
(.00795)
.535
(.278)
141

399.6

51

.0449
(.272)
2.00296
(.00320)
.193
(.147)

D (log)
Rentals, IV
(6)

83.67

.555
(.165)
2.0366
(.0127)
2.834
(.403)
141

399.6

51

.676
(.346)
2.0342
(.00659)
2.431
(.236)

D (log)
Rental Gap, IV
(7)

Note.—This table reports estimates on the rental market and the rental market relative to the selling prices, to the unexpected inflow of Mexican immigrants following the Mexican peso crisis. Panel A reports estimates at the state level, while panel B reports estimates at the metropolitan area level. Columns 1, 2, and 3 report cross-sectional results, while cols. 4, 5, 6, and 7 report first-differenced specifications. The number of metropolitan areas is 141
because there are 22 metropolitan areas that are in the CPS data that are not covered by the FHFA price indexes. LS refers to low-skilled workers. Robust
standard errors are reported.

Observations
R2
First-stage F-statistic

D (log) state GDP

D (log) exports to Mexico

D share of Mexicans, LS

141
.121

.335
(.143)

Share of Mexicans, LS

Observations
R2
widstat

.402
(.172)
51
.083

Share of Mexicans, LS

D (log) state GDP

D (log) exports to Mexico

D share of Mexicans, LS

(log)
Rentals, OLS
(1)

TABLE 6
Causal Effect of Immigration in the Housing Market
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E. Wage and Rental Price Dynamics
At first sight, the estimated local labor demand elasticity may seem large.
There is a large literature suggesting that over longer time horizons it
is not the case that locations receiving higher shares of immigrants experienced lower wage increases.24 Similarly, it may seem strange that if
rental prices increase, there are not more people buying, which should
equilibrate rentals and housing prices over the longer run.
In fact, time horizons matter enormously. To show this, I do two exercises. First, I plot the relative wage of low-skilled workers and the rental
gap in high- relative to low-immigration states; see figure 3.25 This is a
simple difference-in-difference exercise that helps to see how the treatment changes over time, and serves as a visual check on pretrends for the
regressions shown above. The patterns are clear. For wages, there seems
to be a slight, negative trend in the series, which in the regression framework is taken into account by the location of specific year trends. The estimate for 1995, however, is significantly lower than what would have
been predicted by this small negative trend. Wages in high-immigration
states stay lower for around 3 years, before returning to the preshock
trend. This suggests that if we expand the postshock period in the empirical specifications discussed in the previous section we will obtain increasingly smaller estimates of the inverse of the local labor demand elasticity for low-skilled workers. I come back to this in table 7.
The right graph of figure 3 shows the dynamics for the rental gap. The
graph looks almost like the mirror image of the figure for wages. While
there is no significant difference in the evolution of the rental gap between
high- and low-immigrant locations, the gap significantly increases in 1995.
It remains significantly high for 3 years and then returns to equilibrium.26
24
Llull (2018) is an important exception. He also uses push factors to estimate wage
effects. It is less clear whether in his case, however, he can correctly distinguish whether
workers escaping from adverse conditions at origin, such as wars, enter the labor market
corresponding to their education level or whether the circumstances push them to disproportionately enter the low-skilled labor market irrespective of their education. This is crucial for estimation of the causal effect of migration on wages, and is not a concern in the
concrete case of Mexican immigrants.
25
High-immigration states include Arizona, California, Nevada, New Mexico, Texas,
and Utah. I build the figure by running individual-level regressions and interactions of
a high-immigration state dummy and time dummies. The confidence intervals are constructed using standard errors clustered at the metropolitan level. I also control in these
regressions for individual characteristics.
26
The figure displays 90% confidence intervals allowing errors to be heteroskedastic
across states and years. Given that the housing price data is an index reference to 1990
for each state independently, this means that there is no variation across states in 1990
and that variation grows over time. Not taking this into account results in standard errors
that increase over time. Note also the level difference in rental gaps between high- and
low- immigrant locations reported in cols. 1–3 of table 6. Specifically, I use the generalized
least squares command “xtgls” in Stata allowing for heteroskedastic and correlated error
structure.

F IG . 3.—Differential effect on wages and rental gaps by year. The graph on the left shows the relative low-skilled wage in all the high-immigration
states (HIS) relative to the low-immigration states. The vertical dashed lines are 90% confidence intervals constructed using standard errors clustered
at the metropolitan area. The graph on the right shows the rental gap, i.e., the (log) price of rentals minus the (log) housing price index in all the highimmigration states relative to the low-immigration states. The vertical dashed lines show 90% confidence intervals constructed on standard errors allowing for serial correlation and heteroskedasticity. See further details in the main text.
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TABLE 7
Time Horizons

Time Horizon

Inverse-Elasticity Estimate

95% Confidence
Interval

A. Low-Skilled Wages: State Variation
Change in wages:
From 1992–94 to 1991 (placebo)
From 1992–94 to 1995 (main estimate)
From 1992–94 to 1995–96
From 1992–94 to 1995–97
From 1992–94 to 1995–98
From 1990 to 1999

2.0779
2.708
2.639
2.637
2.413
2.255

.163
2.401
2.029
2.191
2.0239
.0586

2.318
21.015
21.249
21.083
2.803
2.569

B. Low-Skilled Wages: Metropolitan
Area Variation
Change in wages:
From 1992–94 to 1991 (placebo)
From 1992–94 to 1995 (main estimate)
From 1992–94 to 1995–96
From 1992–94 to 1995–97
From 1992–94 to 1995–98
From 1990 to 1999

2.696
21.418
21.255
21.237
2.945
2.384

2.180
2.769
2.574
2.728
2.541
.007

21.213
22.066
21.935
21.746
21.348
2.839

C: Rental Gaps: State Variation
Change in rental gap:
From 1994 to 1992 (placebo)
From 1994 to 1995 (main estimate)
From 1994 to 1995–96
From 1994 to 1995–97
From 1994 to 1995–98
From 1994 to 1995–99

2.368
.584
.639
.561
.231
2.157

.456
1.235
1.456
1.640
1.702
1.792

21.193
2.0663
2.178
2.519
21.240
22.106

D. Rental Gaps: Metropolitan Area Variation
Change in rental gap:
From 1994 to 1992 (placebo)
From 1994 to 1995 (main estimate)
From 1994 to 1995–96
From 1994 to 1995–97
From 1994 to 1995–98
From 1994 to 1995–99

2.545
.555
.604
.560
.259
2.469

.0802
.878
1.006
1.077
1.933
2.0358

21.170
.232
.202
.0431
2.415
2.902

Note.—This table shows estimates of inverse low-skilled labor demand elasticities and
rental price elasticities using various time horizons. All regressions follow col. 7 of table 3
and col. 7 of table 6, but while in those tables the postshock period is always 1995, in this table I show estimates in which the postshock period takes progressively more years into account, and placebo estimates in which the postshock year is a preshock year.

An alternative strategy to look at how time horizons matter is to run the
same specification used in the previous sections, see column 7 of table 3
and column 7 of table 6, but expanding the postshock period or taking
the difference with respect to a preshock period, which can be seen as
a placebo exercise. That is, while in the estimates shown in tables 3–6
the postshock period is only 1995, we can extend it to include also 1996,
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or 1996 and 1997, etc., or we can use 1991 or 1992 as a placebo postshock
year. This is what I report in table 7.
In panels A and B of table 7 I report the effect of the immigration
shocks using different numbers of postshock horizons using state-level
and metropolitan area–level variation. We can see in this table that first,
when I expand the postshock time period the inverse local low-skilled labor demand elasticities tend to be smaller. They are the lowest when considering variation across the entire decade, as seen in the last row of each
panel, and as I will discuss in section IV. This suggests that there are
mechanisms that help to absorb these local shocks. Second, when I use
instead preshock data as placebo postshock years, I obtain estimates that
are statistically indistinguishable from 0. As before, estimates tend to be
larger when using cross-metropolitan-area variation than with cross-state
variation, a likely consequence of the fact that immigrants cluster more in
metropolitan areas than in rural areas, as discussed in Albert and Monras
(2019).27
In panels C and D I investigate the dynamics in the rental gap, using
state-level and metropolitan area–level variation. These dynamics are, as
has been suggested already, the mirror image of the wage dynamics.
The effect of immigration on the rental gap is positive on impact, but
it attenuates over time. As before, when using preshock data to construct
a placebo postshock period, I obtain estimates that are statistically indistinguishable from 0.
F. Relocation of Workers
Why do these wage effects dissipate over time? Or in other words, how do
these labor market effects spill over between high- and low-immigration
states? Does labor relocate across space in response to local shocks? This
is what the spatial equilibrium literature would suggest. The exogenous immigration shock of 1995 is unevenly distributed across US states, offering
an opportunity to see how workers relocate from high-immigration locations to low-immigration locations when hit by an unexpected inflow of
low-skilled workers.28
27
Especially with metropolitan area variation there seems to be a slight, negative relationship between wage changes and the migration shock prior to the shock that is not fully
controlled for by the linear location-specific trends fitted over various years. One way to
control for this in postshock data is to include as a control baseline wage levels in the regressions. In table D4 I report this. This table shows that when controlling for baseline
wage levels, the estimates using metropolitan area variation and state-level variation are
more similar. The estimates using state-level variation are unaffected by the inclusion of
baseline controls.
28
Another paper that documents spillovers across local labor markets from internal migration in a very different country (India) and setting (rural-urban migration) is Imbert
and Papp (2020).
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Figure 4 shows evidence suggesting that this is the case. In this figure I
plot the evolution of the share of native low-skilled population and the
overall share of low-skilled population in high- and low-immigration
states.29 First, figure 4 shows that the share of native low-skilled workers
keeps decreasing over the decade both in high- and low-immigration
states. This reflects the well-known secular increase in education levels
in the entire United States which has been documented in the literature
on skill-biased technological change; see Katz and Murphy (1992) or
Acemoglu and Autor (2011). This is also true for the overall share of
low-skilled population, even if it decreases less fast in high-immigration
states (due to immigration). Effectively, Mexican workers seem to be replacing native low-skilled workers in high-immigration states. This is reinforced by the observation, not directly observable in the graph because
I normalize the different shares to 1 in 1994, that the share of native lowskilled population is larger in low-immigration states. This is perhaps not
surprising, but it has not been emphasized in other papers. In the left
graph, we observe how the overall share of low-skilled workers (dashed
line) increases in 1995 in high-immigration states. This is entirely driven
by Mexican workers. When we exclude them from the computation of
low-skilled population, we observe how the share of native low-skilled
workers is closer to following its trend. In the right graph we see that this
does not happen in 1995 in the low-immigration states. Instead, in 1995
the share of low-skilled workers keeps decreasing in the low-immigration
states. This trend, however, changes in 1996 and 1997, reflecting the effect of internal relocation after the immigration shock.
In what follows, I simply quantify the relocation responses shown in
figure 4, following the recommended approach established in the literature; see Peri and Sparber (2011) for a discussion. More specifically,
I follow Card (2005) and run the following regression:
D share low-skilleds 5 a 1 b  D share Mexicanss 1 DXs 1 εs , (3)
where the share of low-skilled is the share (among the entire population)
of low-skilled individuals and is computed using both natives and immigrants. In this case, the inflow of low-skilled workers should increase oneto-one the overall share of low-skilled workers in the first year (if there is
no immediate relocation) and then decrease in the subsequent year or
years if there is some relocation.

29
In this graph, since I use pre-1994 data, I define Mexican workers using the variable
Hispanic from the CPS. Also, given the change in the weights between 1995 and 1996 I do
not use the supplement weights to compute these shares. See more details in sec. II, app. B,
and fig. D.7.

F IG . 4.—Share of low-skilled population in high- and low-immigration states. The two graphs show the overall share of low-skilled and the nonHispanic share of low-skilled population in high- (left) and low-immigration states (right). High-immigration states include Arizona, California, Nevada,
New Mexico, Texas, and Utah. Low-immigration states are the rest of the United States.

8.556

163
.119
No

.430
(.0833)

972.5

51
.019

.119
(.0805)

IV
(2)

163
.013
Yes

.290
(.244)

51
.249

(5)

IV
(6)

Yes
36.33

51
Yes
50.10

1.077
(.293)
.876
(.0586)
51
51
.004

163
.013
Yes
Yes

.290
(.254)

Yes
Yes
8.416

Yes
Yes
8.392

163

1.112
(.571)
.912
(.0501)
163

2.102
(.484)

163
.001
Yes

2.0631
(.159)

(8)

163
.002
Yes
Yes

2.0722
(.162)

51
.025
Yes

2.111
(.397)

OLS

2.153
(.383)

(7)

B. Metropolitan Area–Level Regressions

51
.255
Yes

1.253
(.217)

A. State-Level Regressions

(4)

1.244
(.254)

OLS

1.230
(.233)

(3)

Yes
Yes
8.392

163

2.642
(.874)

Yes
36.33

51

2.791
(.373)

(9)

2.741
(.412)
2.246
(.168)
51

(10)

Yes
Yes
8.416

2.522
(.911)
2.111
(.0863)
163

Yes
50.10

IV

Change between 1995 and 1996

D Share of Low-Skilled Population
Change between 1994 and 1995

Note.—This table shows three sets of regressions. In cols. 1 and 2 it shows the cross-section regressions of the share of low-skilled population on the
share of Mexicans. Columns 3–6 show the change in the share of low-skilled population between 1994 and 1995 on the change in the share of Mexicans.
In cols. 7–10 the change in the share of low-skilled population is from 1995 to 1996. Controls include D (log) state GDP and D (log) exports to Mexico.
Robust standard errors are reported. See more details in the text.

Observations
R2
First-differenced
Controls
First-stage F-statistic

D share of low-skilled natives
163
.125
No

.357
(.0730)

Share of Mexicans (over population)

D share of Mexicans

51
.019

.118
(.0814)

Observations
R2
Controls
First-stage F-statistic

D share of low-skilled natives

D share of Mexicans

Share of Mexicans (over population)

OLS
(1)

Share of Low-Skilled
Population, 1995

TABLE 8
The Short-Run Relocation Response
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Table 8 shows the results of estimating (3) in 1995 and 1996, that is,
the year of the shock and the year after. As before, columns 1 and 2 show
the cross-sectional regressions. They show that states with more Mexican
migrants tended to have a slightly higher share of low-skilled workers in
1995. This is entirely driven by immigrants. If we used the share of native
low-skilled workers as dependent variable, we would obtain a negative
coefficient.
In columns 3–6 I investigate what happens in 1995. An estimated coefficient equal to 1 would mean that there is no sign of immediate relocation. That is, in 1995, the share of low-skilled workers increases one-toone with the Mexican inflows. As before, panel A shows the results at the
state level, while panel B repeats the exercise at the metropolitan area
level. In column 3 I show that even with a simple OLS regression I obtain
a coefficient that is already close to 1 when using cross-state variation.
Across metropolitan areas the coefficient is lower than 1, suggesting that
there may be some interesting within-state, urban-rural internal migration that I do not explore in this paper. In column 4 I include controls
and in column 5 I use an IV specification. Coefficients stay quite constant when using cross-state variation and tend to increase when using
cross-metropolitan-area variation. My preferred estimate is shown in column 6.30 There I show the estimate using an IV strategy and controlling
for the change in native low-skilled population. This allows for different
trends in the native low-skilled population across space. In this specification, I obtain a tight estimate very close to 1, both using cross-state and
cross-metropolitan-area variation. This estimate suggests that once we
take into account state or metropolitan area specific trends, the unexpected inflow of Mexican workers in 1995 led to a one-to-one increase
in the share of low-skilled population.
Columns 7–10 investigate what happened in 1996, 1 year after the unexpectedly large inflow of Mexicans that increased the share of lowskilled workers in the high-immigration states. We immediately see that
with the OLS estimates we already obtain an estimate significantly
smaller than 1. The IV estimate, suggests, in fact, that the share of low-skilled
workers almost reverts back to where it was before the unexpected inflow
of Mexican workers. This is the case when I use cross-state variation and
when I use cross-metropolitan-area variation, although in the latter case,
estimates are much more noisy. The negative coefficients are evidence
that there was some labor relocation taking place the year after the
unexpectedly large inflow of Mexican workers of 1995 and is in line with
30
An alternative to this column is to run two separate regressions, one using as dependent variable the share of low-skilled population, and the other one using the share of native low-skilled population (where the estimate would show a 0). In order to save some space
I opted for simply including the change in the share of native population as a control.

3054

journal of political economy

figure 4. This strong response can generate the wage dynamics previously discussed, something that becomes even more clear when I discuss
the model in section V.31
IV. Longer-Run Effects of Mexican Immigration
The fact that there is some relocation of low-skilled workers away from
high-immigration states as a response to a negative shock to wages and
rental gaps, and convergence across space, makes it more difficult to evaluate the longer-run effects of immigration on labor and housing market
outcomes. Simply put, internal migration generates spillovers between
treatment and control units that tends to attenuate the estimated effect.
There are a number of alternatives one can adopt to shed more light on
the longer-run consequences of immigration. These can be divided between longer-run empirical comparisons and counterfactual wage and
housing price evolutions from a structural model. I present the empirical
long-run results in this section, and move to the structural modeling in
sections V and VI.
A.

Long-Run Identification Strategy

To investigate the long-run impact of immigration across locations I use
the following regression:
D00 – 90 lnys 5 a 1 b 

D00 – 90 Mexs
1 εs ,
Ns,90

(4)

where D00 – 90 indicates the difference between 1990 and 2000 of the relevant variable. It is important to note that in this specification, I use the
relative inflow of Mexican workers instead of the change in the share
because I consider the population at the beginning of the period to be
the size of the relevant labor market. Given the population growth over
the 1990s in the United States, this strategy obtains a smaller estimate
(in absolute value) than using the change in the share of Mexican workers. Thus, the results shown in what follows are conservative estimates.32
This specification is very similar to the ones used in Card (2001) and
especially Altonji and Card (1991). As mentioned before, the presumption that Mexicans may be choosing where to migrate within the United

31
There are various internal and international migration responses that could explain
these internal migration patterns. I discuss them in detail in app. A.7.
32
In the previous short-run regressions, this distinction does not matter so much because
the population growth in a given year is significantly less pronounced than over an entire
decade. Note that without population growth, the two specifications are identical.
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States motivated the construction of the networks instrument. The validity of the immigrant network instrument requires that new inflows of
Mexican workers be strongly influenced by the past stock of Mexicans
in the United States and that there be no spillovers across states. I report
the results in table 9, commented on below. The exact formulation of the
instrument follows equation (2), but applied to the 10 year differences.
An alternative specification for investigating the long-run impact of immigration is used by Borjas (2003). He assumes that there are spillovers
between geographic units and completely forgets about them in his main
specifications. Instead, Borjas (2003) uses cross-cohort or cross-age (denoted by a) variation to study the long-run effect of immigration. That is,
D00 – 90 ln ya 5 a 1 b 

D00 – 90 Mexa
1 εa :
Na,90

(5)

The assumption in this case is that different age cohorts of potential
migrants do not take into account the labor market outcomes of their
own group when migrating. Under this assumption, an OLS regression
would estimate the causal effect of immigration on outcomes ya if workers of different age groups are imperfect substitutes. It is likely, however,
that migrants at least in part look at their relevant labor market opportunities when deciding to migrate, and this includes any of their own
characteristics, among which is experience. This last concern also suggests that we must find a valid instrument for this regression so as to interpret the estimate causally. I build such an instrument based on the unexpectedly large inflow of Mexicans in 1995 and on the fact that the age
distribution of Mexican immigrants was very constant over the entire
1990–2000 decade, as shown in figure D.2. Specifically, I construct the
following:33
predicted migrantsa 5

Mexican migrants aged a at arrival
 Mexj :
total Mexican arrivals
j51991
(6)
2000

o

That is, I assign the inflow of Mexicans at year t using the age distribution
of the entire decade to match the particular age cohort that receives the
shock. If there are some years with an unexpectedly large inflow of immigrants and the age distribution of this inflow is not affected, then there
will be some native cohorts with unexpectedly large competition. This
is the nature of this IV. Given that the age distribution of Mexican arrivals

33
In the regression I use 46 age categories that include ages between 20 and 65 years
old, both included. When looking at high-skilled workers I use ages between 25 and 65,
also both included.

TABLE 9
Long-Run Effect of Mexican Immigration on Low-Skilled Wages and Employment
Source of Variation
Cross State
OLS
(1)

IV
(2)

Cross MSA
OLS
(3)

IV
(4)

Cross Age
OLS
(5)

IV
(6)

A. Dependent Variable: D (log) Native Low-Skilled Wage
Relative inflow of Mexicans,
1990–2000
Observations
R2
First-stage F-statistic

2.00831 2.255
(.168)
(.160)
51
51
.000
42.73

.0312
(.103)
157
.003

2.384
(.232)
157
24.18

2.235
2.533
(.0939) (.130)
46
46
.088
53.59

B. Dependent Variable: D (log) Native High-Skilled Wage
Relative inflow of Mexicans,
1990–2000
Observations
R2
First-stage F-statistic

.225
(.0748)
51
.281

.133
.160
2.0931
(.0745) (.0634) (.109)
51
157
157
.097
42.73
24.18

.297
(.160)
41
.061

.241
(.177)
41
33.59

C. Dependent Variable: D (log) Native Low-Skilled
Employment Rate
Relative inflow of Mexicans,
1990–2000
Observations
R2
First-stage F-statistic

2.0890 2.0689 2.0898 2.185
(.0713) (.0657) (.0645) (.110)
51
51
147
147
.021
.029
42.73
24.18

2.714
(.135)
46
.446

2.572
(.142)
46
53.59

D. Dependent Variable: D (log) Native High-Skilled
Employment Rate
Relative inflow of Mexicans,
1990–2000
Observations
R2
First-stage F-statistic

2.0721 2.0809 2.0605 2.140 2.457
(.0315) (.0340) (.0182) (.0423) (.134)
51
51
147
147
41
.077
.056
.319
42.73
24.18

.124
(.126)
41
33.59

Note.—This table shows the results of regressing the (log) change in native low- and
high-skilled weekly wage and the (log) change in native low- and high-skilled employment
rate on the change in labor supply due to Mexicans arriving in the United States between
1990 and 2000. The IV for the cross-state and cross-metropolitan-statistical-area comparisons is the immigration networks, while the IV for the cross-age comparisons is the interaction between the age distribution of immigrants and the aggregate yearly inflows in the
1990s. I use 46 age categories for low-skilled workers (ages 20–65, both included) and 41 age
categories for high-skilled workers (ages 25–65, both included), 5011 states, and 147 metropolitan areas. There are six metropolitan areas that are covered in the CPS and 2000 census
that are not covered in the 1990 census. Robust standard errors are reported.
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is tilted toward entry-level positions, this IV will rely on the evolution of
labor market outcomes of different cohort entries observed in 2000 relative to the cohorts observed in 1990.
As before, the first stages are strong, as shown in table D9. The past importance of Mexicans in a location or age group is a good predictor of
larger inflows over the 1990s.
B. Wages
Table 9 shows the empirical results of the effect of Mexican migration
in the long run on labor market outcomes. Each panel of this table is
divided in three parts. The first one shows cross-state, the second
cross-metropolitan-area, and the third cross-age comparisons. Panel A
shows the effect on low-skilled native wages, while panel B shows the exact same regressions but using the change in high-skilled wages instead.
Panels C and D report results on employment.
As in previous literature, across-location OLS estimates of Mexican inflows and wage changes are not statistically different from zero, as can be
seen in panels A and B of table 9. In columns 2 and 4, I instrument the
OLS regression with the immigration networks instrument. The coefficient becomes slightly more negative, suggesting a long-run local labor
demand elasticity of around 20.3 when using cross-state and around
20.4 when using cross-metropolitan-area variation. This is the slightly
negative trend in high- relative to low-immigration locations discussed
in figures 2 and 3 and is similar to previous studies. Note that columns 1–
4 simply follow the literature initiated by Altonji and Card (1991), but
applying the regression specifically to Mexican immigrants. Columns 5
and 6 instead follow Borjas (2003). Like him, I find a negative estimate
of around 20.3 when using OLS (col. 5). In column 6, I use the instrument
proposed in equation (6). When instrumenting to take into account the
possible selected immigration in particular years and selected return migration by Mexicans, I obtain an estimate of around 20.53.
Panel B of table 9 shows the exact same regressions as in panel A but
using the change of high-skilled wages instead of low-skilled. All the estimates in this part of the table are close to 0. In other words, Mexican
immigration seems to have affected only low-skilled workers in the long
run. And among those, the ones that suffered larger shocks when young
seem to have suffered more lasting consequences.
C. Employment
If there is some wage stickiness or some endogenous (intensive margin)
labor supply response, part of the effect of Mexican immigration over the
decade may be observable in the employment rate. As with the short-run

3058

journal of political economy

estimates, I also analyze the effect of immigration on employment within
locations and age groups.
Following panels A and B, panels C and D report the results for employment rates. Qualitatively the results are almost identical across panels.
Cross-space high Mexican immigration locations experience only very
small declines in the employment rate, when comparing both states
and metropolitan areas. In columns 5 and 6 I report the cross-age regressions. These columns suggest that low-skilled Mexican immigration
decreases employment rates of low-skilled natives substantially. Both in
the OLS and in the IV specifications a 10% immigration-induced labor
supply shock decreases employment rates by around 6% or 7%. Very
importantly too, when I repeat the exercise using high-skilled native employment rates I obtain an IV estimate close to 0.
This evidence suggests that part of the effect of immigration on labor
market outcomes is observed on wages and part on employment rates. In
both cases, however, estimates are lower when comparing across space than
when comparing across age or experience groups. This is in line with and
complements prior literature. Overall, I take this as evidence that labor market effects dissipate to a large extent across space, but that there are particular cohorts of low-skilled workers—those that enter the labor market in
high-immigration years—that are affected over longer time horizons.
D. Housing Market
The third piece of longer-run evidence is on housing market prices. For
this I can only use cross-space comparisons. Mexican workers may affect
housing prices and rents in a number of different ways and, also in this
case, time horizons may matter. For instance, as explained in Saiz and
Wachter (2011) and in Sa (2015), immigrants may increase the demand
for housing, thus putting pressure on housing prices and rents. This is
likely to happen over short time horizons, which is what I showed in section III.D. Over longer time horizons there are other forces. First, maybe
natives prefer to live in different neighborhoods or locations as a response to immigrant inflows. Depending on this response, this may lower
the demand for housing in high-immigrant locations. Second, immigrants may affect the quality of local public goods, thus reducing the amenity value of living in certain locations. And third, maybe they affect the
quality of housing. Both Saiz and Wachter (2011) and Sa (2015) concentrate on these three mechanisms and suggest that natives’ preferences for
not living with immigrants is the main driver of the negative relation between housing prices and rents and immigrant inflows at the neighborhood level that they document.
However, there may be other important reasons as well. Something particular about Mexican low-skilled workers is that they disproportionately
enter the construction sector, potentially affecting the construction costs.
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In turn, given that labor costs account for the bulk of construction costs as
documented in Gyourko and Saiz (2006), this may affect housing prices. I
show that this possibility is very much in line with the evidence on Mexican
migration over the 1990s. In table D10, further discussed in appendix A.9,
I show that around half of Mexicans enter the construction sector, fully displacing natives in that sector, which is something that can also be seen in
the summary statistics data presented in table 1. This leads to a very significant
reduction of native wages in the construction sector in high- relative to
low-immigration locations. Moreover, Mexicans earn, on average, lower
wages than natives, further decreasing construction costs.
Thus, there are a number of forces that may lead housing prices to decline in high Mexican immigrant locations relative to low Mexican immigrant locations. These may prevail over the short-run pressure on rental
prices, even if this pressure spills over to selling prices so that the gap between the two does not persist over time as shown in section III.E, figure 3.
Using longer-run cross-space comparisons I show evidence that is in
line with these ideas. When comparing changes in the housing price index or in rental prices between 1990 and 2000 across locations we see
that locations that over the 1990s received large inflows of Mexican workers experienced declines in housing and rental prices. These results are
shown in table 10. Using both cross-state and cross-metropolitan-area
variation, the IV estimates in columns 2 and 4 suggest that higher inflows
of Mexican immigrants led to both lower housing prices and lower rental
prices, with an elasticity of around 21. The drop in both cases is of the
same magnitude as and slightly larger than the OLS estimate presented
in columns 1 and 3, making the change in the rent gap, shown in columns 5 and 6, statistically indistinguishable from 0.
To assess whether these results may be driven by a cost reduction in
construction I show in appendix A.10 that in a perfectly competitive construction sector, house price declines can be approximated by the cost
share of labor in the sector times the local labor demand elasticity adjusted for composition effects.34 This would imply, as illustrated in appendix A.10, an elasticity of around 20.84, which is in line with the estimates
in table 10. A second corroborating piece of evidence is that this reduction in housing prices should lead to an increase in construction according to the price elasticity of the local demand for housing. In appendix A.10, I show data on new construction across states that suggest
34
I estimate the local labor demand elasticity to be around 21. Gyourko and Saiz (2006)
argue that the construction sector is well approximated by a perfectly competitive model
and that the cost share of labor is at least 60%. Note also that Mexican inflows can lead to a
decline in wages for two reasons: the first is a direct effect of the shock on native wages; the
second is that if Mexican workers earn on average less than natives as shown in table 1, they
can lead to a further reduction in average wages due to a composition effect. The composition adjustment is given by the difference in native and Mexican wages divided by the average wage. In the data this is typically around 40%.
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TABLE 10
Long-Run Effect of Mexican Immigration on Housing Prices
D (ln) Rent
OLS
(1)

IV
(2)

D (ln) HPI
OLS
(3)

IV
(4)

D (ln) Rental Gap
OLS
(5)

IV
(6)

A. State-Level Regressions
Relative inflow of Mexicans,
1990–2000
2.244
(.336)
Observations
51
.036
R2
First-stage F-statistic

2.548 2.0866
(.366) (.497)
51
51
.002
42.73

2.780
(.424)
51

2.157
(.384)
51
.004

42.73

.231
(.284)
51
42.73

B. Metropolitan Area–Level Regressions
Relative inflow of Mexicans,
1990–2000
2.284 21.171 2.202 21.430
(.291)
(.518) (.294)
(.704)
Observations
135
135
135
135
.034
.013
R2
First-stage F-statistic
15.89
15.89

2.0815
(.304)
135
.002

.259
(.423)
135
15.89

Note.—This table reports estimates of the relative inflow of Mexican immigrants during
the decade 1990–2000 on housing prices and rents. Panel A reports estimates at the state level,
while panel B reports estimates at the metropolitan area level. In this table I only use 135 metropolitan areas because these are the 141 covered in the FHFA data and the CPS, six of which
are not covered by the census data in 1990. Robust standard errors are reported.

that this elasticity is between 20.3 and 20.4, in line with Hanushek and
Quigley (1980) and Mayo (1981).
Taken together, the evidence presented in figure 3, tables 10 and D.10,
and appendix A.10 shows that Mexican migration created a decline in
housing prices and rents over the 1990s, to a large extent driven by the
impact of Mexican migration on the construction sector, but that at the
same time, unexpectedly large inflows such as the one occurring right
after the Mexican peso crisis temporarily increase rental prices, since
Mexicans disproportionately use this housing market.
E. Relocation
The final piece of evidence using 1990 and 2000 census data is on longrun spatial relocation. I stressed before that over the short run there is an
important internal migration response to the unexpectedly large inflow
of Mexican workers in 1995 that helps local shocks to dissipate spatially.
There is some literature, however, that suggests that internal migration
does not seem to respond strongly using longer time horizons. To reconcile these results it is important to realize that there may be different ways
in which expected and unexpected immigrant flows are absorbed. Unexpected inflows put pressure on both labor and housing markets, and as a
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consequence internal migration responds. When inflows are expected, as
was the case with most of the years with Mexican migration during the
1990s, local technologies or capital may adjust to help absorb labor supply shocks. The more local technologies adjust, the less internal migration is needed to equilibrate the value of living across local labor markets.
I use these ideas when discussing counterfactuals in section VI.
Table 11 shows the results. Columns 1–3 show that in 1980 Mexicans
entered states where the share of low-skilled workers was lower. Over
the following two decades, the share of low-skilled workers increased
more in initially high immigration states, as can be seen in columns 2
and 3. Column 4 is yet another way of looking at the first-stage regression
of the immigration networks instrument used in the immigration literature. We observe that the importance of Mexicans in the low-skilled labor
force in 1980 is a good predictor of where the share of Mexicans would
increase more during the 1990s. This is the instrument used in columns 6
and 8. Columns 5 and 6 estimate the relocation equation (3). The OLS
and IV estimates of columns 5 and 6 suggest that for every low-skilled Mexican entering a high-immigration state, the state gains 0.8 low-skilled workers. This estimate decreases to 0.6 when controlling for the 1980 distribution of low-skilled workers in the United States, which effectively allows
for different trends to depend on the baseline importance of Mexican workers. This is consistent with the estimates in Wozniak and Murray (2012). This
is also certainly consistent with figure 4 and with the story that while highimmigration locations absorb an important share of low-skilled Mexicans
by increasing the use of this factor locally, unexpected shocks can be accommodated through internal migration. Monras (2018) suggests that this
is a consequence of reduced in-migration into shocked locations, which
explains the fast response, but CPS data are too limited to explore this
further in this paper.35 As before, results using cross-state (panel A) and
cross-metropolitan-area (panel B) variation are very similar. If anything,
cross-metropolitan-area variation suggests a more important role for internal migration than cross-state variation.
V. A Structural Model of the Local Adjustment
to Immigration
While it is possible to evaluate the short-run effects using a clear natural
experiment, spillovers across locations due to labor relocation make it
more difficult to evaluate longer-run effects using cross-space comparisons. Cross-age comparisons help to overcome some of the limitations
of the spatial reallocation; however, they are not useful for thinking about
the general equilibrium, nor for some outcomes such as housing prices.
35

The question on the residence in the previous year is not asked in the CPS in 1995.
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Observations
R2
First-stage F-statistic

Share of low skilled, 1980

Change in share Mexican, 1990–2000

Share of Mexicans in 2000

Share of Mexicans in 1990

Share of Mexicans in 1980

51
.335

(.121)

21.406
(.247)

1980
(1)

51
.177

2.567

1990
(2)

Share LS, OLS

51
.018

2.0977
(.104)

2000
(3)

OLS
(5)

51
.822

.914
(.0960)

51
.664

.782
(.0544)

A. State-Level Regressions

D Mexicans LS
1990–2000, OLS
(4)

51
.664
90.49

.794
(.0513)

IV
(6)

.632
(.0913)
2.115
(.0416)
51
.716

OLS
(7)

D Share LS 1990–2000

TABLE 11
The Effect of Mexican Immigration on the Share of Low-Skilled Workers across States in the Long Run

.613
(.0988)
2.119
(.0423)
51
.716
65.32

IV
(8)
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163
.020

2.244
(.194)

157
.016

.126
(.0882)

163
.096

.218
(.0579)

157
.559

.581
(.0715)

157
.425

.577
(.0740)
157
.392
66.20

.415
(.0790)

.519
(.0766)
2.110
(.0297)
157
.486

.380
(.0666)
2.127
(.0292)
157
.463
71.45

Note.—This table shows the effect of immigration on internal relocation. Columns 1–3 show the cross-sectional correlation of the share of Mexican
immigrants with the share of low-skilled workers in different decades. Column 4 is the first-stage regression showing that the share of low-skilled Mexicans
in 1980 is a good predictor of the change in the share of low-skilled Mexicans between 1990 and 2000. Columns 5–8 estimate the effect of the change of
low-skilled Mexicans on the change in the share of low-skilled workers. Robust standard errors are reported.

Observations
R2
First-stage F-statistic

Share of low skilled, 1980

Change in share Mexican, 1990–2000

Share of Mexicans in 2000

Share of Mexicans in 1990

Share of Mexicans in 1980

B. Metropolitan Area–Level Regressions
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For this reason, I introduce in this section a spatial equilibrium model
that I then bring to the data.
In the very short run, each local labor market, in this case states or metropolitan areas, is closed, so standard models of the aggregate labor market apply (see the canonical model discussed in Katz and Murphy [1992]
or Acemoglu and Autor [2011]). In the longer-run, internal migration
flows link the various local labor markets, spreading local shocks to the
rest of the economy, either through affecting local wages or local housing
prices. Standard models in the spatial economics literature in the spirit of
Rosen (1974) and Roback (1982) are suited to analyzing the long run,
once adjustment has taken place (see also Glaeser 2008; Moretti 2011; Allen and Arkolakis 2014). Fewer models in this literature are suited to
studying the transition dynamics.
Two seminal contributions introduced transition dynamics into a
model with many regions: Blanchard and Katz (1992) and Topel (1986).
For instance, Blanchard and Katz (1992) report that wages seem to converge spatially after around 8 years, while unemployment rates converge
faster. In the estimation of their model, they rely mainly on time series variation, although they also use Bartik (1991) type instruments, like subsequent literature (see Diamond 2015; Notowidigdo 2020). They do not
microfound, however, the migration decisions.
The seminal contribution of Kennan and Walker (2011) introduces a
dynamic microfounded migration model. The multiple locations and
migration histories that workers can choose make this problem particularly hard. Kennan and Walker simplify in two respects. First, they only
take into account a subset of the possible choices of workers. Second,
their model is, in nature, partial equilibrium. They do not model the rest
of the economy and the interactions between the different states as I do
in what follows. In exchange, in the model that I present here I simplify
the location decision by allowing only a fraction of the population to
move, which is the empirical relevant special case of the discrete choice
model presented in Monras (2018). Relative to Monras (2018) I allow for
different types of housing and different skill types.
The model has S regions representing US states or metropolitan areas.
There is a single final consumption good that is freely traded across regions, at no cost. It is relatively simple to introduce trade in this context
since it simply determines a particular price index for tradable goods
prevailing in each local economy. Assuming free trade equalizes this
price index of tradable goods to 1. I leave costly trade outside the model
for simplicity.36

36
Adding a richer trade model would simply create a location-specific price index for
tradable goods in each local market.
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Workers can be either high or low skilled. They are the two factors of
production of a representative firm in every local market. The only difference between firms in different locations is the underlying productivity
of each factor and a Hicks-neutral technology parameter. For simplicity,
I assume in this model that the Hicks-neutral technological parameter
is not affected by international or internal migration. This is perhaps
an unrealistic assumption, since many papers in urban economics have
estimated that local productivity is increasing in population (Combes
and Gobillon 2015), with an elasticity of almost 5%. In the context of
the model, including this technological adjustment would lead to a uniform increase in the wage levels of each factor type if the location gains
population. However, given that the most important aspect is how immigrants affect skill-specific types and that the implied elasticity of substitution between those is estimated to be around 1, considering endogenous
agglomeration forces is unlikely to be quantitatively very important in
this context.
Labor markets are perfectly competitive. Every worker lives in either a
rented or an owned housing unit. Rented and owned housing units are
treated as two separate housing services that satisfy workers’ demands for
shelter. Workers live for infinitely many periods and are small relative to
the labor market.
The timing of the model is as follows. At the beginning of each period,
workers observe amenity levels, wages, and housing prices in every location. A fraction of them are allowed to move across locations and get an
idiosyncratic taste draw from a known distribution over potential destinations and types of housing. The nonmovers get a draw for the different types of housing within the location. Based on this, everyone decides
where to relocate. Hence, by the end of the period, there is a new distribution of people across locations and housing market types. In the following period, this new distribution of people determines new wages
and new housing prices at the local level through market clearing, something that I label as the short-run equilibrium. Once these are determined, we are at the beginning of the new period.
The long-run equilibrium is defined as a short-run equilibrium with
zero net flows of workers across locations. Hence, in the long run the distribution across locations of workers of each type is stable. The long-run
equilibrium coincides with the equilibrium in standard spatial equilibrium models, in which indirect utility of the marginal mover is equalized
across space. The main difference between this model and standard
quantitative static spatial equilibrium models is that taste heterogeneity—
modeled with the idiosyncratic taste draws—shapes the flows of workers
across locations instead of directly its final distribution. In this model’s
long-run equilibrium there are always positive gross flows of workers between any two locations that exactly cancel each other out.
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To summarize, in the model there are essentially four types of workers:
high- and low-skilled workers that either rent or buy housing units. Highand low-skilled workers are imperfect substitutes in production, but they
may be competing for housing units in either the rental or homeownership markets. “Sticky” mobility—from rental to homeowned units and
internal migration—links the experiences of the various workers across
space, local housing, and labor markets. This sticky mobility is what
generates the dynamics in both local labor and housing markets. It crucially depends on two elements: the equilibrium internal mobility (which
I take from 1990 census data) and the responses to shocks.
A.

Indirect Utility Function

Workers of each skill type earn the market wage of the location they reside in. Since there is only one tradable good, housing, and no savings,
they spend all of their wage on this good and on housing. In what follows
I present the indirect utility and location choice part of the model only
for native low-skilled workers. The model for high-skilled workers is exactly the same except that the relevant wages are the high-skilled wages
(hs in the empirical section). When I need to distinguish Mexican and
native workers, or native workers of different skills, I follow the notation
from the previous sections. That is, I denote by Ns native low-skilled workers, by Ls 5 Mexs 1 Ns all low-skilled workers, and by Hs high-skilled
workers. Here Mexs denotes Mexican low-skilled workers who just arrived in the United States. After one period in the United States they behave like low-skilled natives.
Indirect utility of low-skilled workers who consider s0 (r) as a potential
residential choice is given by the local wage ws , the amenities As (r) (which
are also skill specific and depend on the housing market choice), the
housing price pt,s (r) that they will face at destination (where r determines
whether it is a rental unit or an owned unit), the continuation value of
being at s0 , and the idiosyncratic draw they get for location s0 and housing
market type r:37
0

0

0

ln Vt,si ðr Þ 5 ln Vt,s ðr Þ 1 eit,s ðr Þ 5 ln As ðr Þ 1 ln wt,s 2 a lnpt,s ðr Þ
0

0

0

0

1 bEt ln Vt11,s 1 eit,s ðr Þ :
0

0

0

(7)

0

Note that the indirect utility has a common component to all (lowskilled) workers in housing market type r and location s0 , given by ln
Vt,s (r), which is the value of living in s0 (r), and an idiosyncratic component
0

37
This indirect utility function can be easily derived from a Cobb-Douglass utility function with two goods, housing and a tradable good. A greater quantity of housing can be
reinterpreted as higher quality housing (or bigger apartments). See app. C.1.
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eit,s ðr Þ specific to each worker.38 Intuitively, the variance of e determines
whether the common component or the idiosyncratic component has
a higher weight in this decision. Finally, a is the share of spending that
goes into housing. While this may, in principle, vary across local labor
markets and between homeowners and renters, it is fairly stable in the
data at around 25% of total income (Davis and Ortalo-Magne 2011).
For simplicity I make this a common constant across locations and types
of household.
0

B. Location Choice
Each period, workers decide where they want to reside, given the indirect utility they get in each place. That is, each worker i maximizes

(8)
max lnVt,s ðr Þ 1 eit,s ðr Þ :
0

0

s 0 ∈ S,r ∈ R

The general solution to this maximization problem gives the probability
that an individual i residing in s moves to s0 (r) in housing market type r:
pit,s,s ðr Þ 5 pt,s,s ðr Þ ðVt,s ðr Þ ; s0 ∈ S, r ∈ RÞ:
0

0

0

(9)

As mentioned before, I further assume that only a fraction h of workers decide on cross-space relocation each period, while the other fraction can only change apartment types within a location. This fraction
h can be endogenized. I do this in Monras (2018) and show that it is empirically not very relevant.39 This parameter h is important for the quantitative exercise, since the model would otherwise overpredict yearly bilateral mobility in the absence of shocks. It plays a very similar role to
fixed costs of moving, but introducing it in this way makes the model
much more tractable. The nonmovers do decide, however, what type
of housing market to be in the following period.40
By the law of large numbers we can then use equation (9) to obtain the
flow of people between s and s0 (r). I also assume that e is drawn from a
nested logit extreme-value distributed.41 This has the nice property that
38
Like in many papers in the spatial equilibrium literature I view this parameter e as capturing taste heterogeneity for living in different locations. Other papers have used this idiosyncratic shock to study unobserved skill heterogeneity (see Morten and Bryan 2019). I
abstract from this view of the idiosyncratic variable in this paper.
39
In order to identify the parameters of an endogenized h I need data on both in- and
out-migration rate responses to local shocks. This is not available in the CPS for 1995. I refer the reader to Monras (2018).
40
It is also easy to induce more “stickiness” in the housing market by allowing only a (potentially endogenous) fraction of residents to switch housing markets. Given that in the
data housing dynamics evolve relatively quickly and that it is probably not very costly to
move to a new apartment within a location, I do not include this extra “stickiness.” I discuss
these issues in more detail in app. C.5.
41
Two classes of distributions admit closed-form solutions. One is extreme-value distributions and the other is a uniform distribution. See Moretti (2011) for an example of the
latter.
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the difference in e is also extreme-value distributed resulting in a closedform solution for the probability of an individual moving from s to s0 and
entering housing market r. We can use this property to write the bilateral
flows as follows:
Vt,s1=gðr Þ
V 1=l
Pt,s,s ðr Þ 5 hNt,s t,s 1=l
, for s ≠ s0,
(10)
1=g
V
V
oj t,j or t,s ðr Þ
0

0

0

0

where l and g govern the variance of the error term, and where Vt,s is the
expected value of living in s0 on either a rental unit or on an owned unit:
Vt,s 5 ðor Vt,s1=gðr Þ Þ1=g . This expected value is obtained from the distributional
assumption on e.42 This equation says that a fraction hVt,s1=l =oj Vt,j1=l of workers in s will move to s0 ; h is the fraction of workers in s that consider relocating, and among those, the fraction Vt,s1=l =oj Vt,j1=l decides on s0 . Among
the movers toward s0 , a fraction Vt,s1=gðr Þ =or Vt,s1=gðr Þ will enter housing market
r ∈ frental, ownerg.
Furthermore, the nested logit error term results in a simple equation
for the evolution of the common component of the value of living in
each location’s housing market r:


As ðr Þ wt,s
bð12hÞ
bh
Vt11
Vt11,s ,
(11)
Vt,s ðr Þ 5
pt,sa ðr Þ
0

0

0

0

0

0

0

0

0

0

0

0

1=l l
where Vt11 5 ðoj Vt11,j
Þ is the overall value of the economy for the lowskilled workers. This equation means that the value of living in location
s0 and housing market r is given by the value of wages and amenities relative to housing costs (weighted by the share of income devoted to housing a) and the value of being in that location in the future, discounted
by b. In turn, the value of living in location s0 in the following period is a
weighted average of being a mover in the following period and searching
for a new destination and staying put in location s0 .
Another of the key aspects of the model is that it delivers simple and
intuitive population dynamics across local labor and housing markets.
Integrating over destinations using the definition of Pt, s, s (r) we obtain
that
 1=l 



Vt,s
Vt,s ðr Þ 1=g
Vt,s ðr Þ 1=g
Nt 1 ð1 2 hÞ
Nt,s : (12)
Nt11,s ðr Þ 5 h
Vt
Vt,s
Vt,s
0

0

0

0

0

0

0

0

42
It is relatively simple to introduce more flexibility into the model to explain the
data even better. For example, one can have “weights” such that instead of ðVt,s1=gðr Þ Þðor Vt,s1=gðr Þ Þ
we have ðnr Vt,s1=gðr Þ Þ=ðor nr Vt,s1=gðr Þ Þ to capture why it is more common to move to a particular housing market (when arriving in a city), e.g., the rental market, than to another. Similarly,
there may be some locations that attract a disproportionate share of movers (beyond what
is captured already by this model), which could be accommodated with weights in the upper nest. I abstract from this richness since it is not of first-order importance to explain the
data.
0

0

0

0
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This equation means that the number of people in location s0 and housing type r is a weighted average between the number of people in this
location in the previous period times the value of housing market type r,
the second term, and the share of movers that decide to move into location
s0 using housing market type r, the first term.
Equations (11) and (12) define a dynamic system of two equations
and two unknowns for each of the locations and housing market types
in the economy for low-skilled workers.43 The equations depend on local
prices, i.e., wages and housing markets, which are determined locally as I
explain below. A similar set of equations applies to high-skilled workers.
Hence, I have four types in the economy: high-skilled owners, highskilled renters, low-skilled owners, and low-skilled renters. The interaction between the labor and housing market defines the value in each location for the four worker types.
Under these assumptions one can prove that the derivative of (net) inmigration rates in s with respect to (log) wages in s is approximately
f1=½1 2 bð1 2 hÞgð1=lÞðIs =Ns Þ, where ðIs =Ns Þ is the in-migration rate
(around 3%–5% in US data, depending on the geographic unit of analysis), where I drop the time subscript t since this “response” does not depend on the time period, but rather to an unexpected change in wages.
This can be expressed more concisely as follows:
PROPOSITION 1. If eisðr Þ are iid and follow a nested logit distribution
with shape parameters l and g then, in the environment defined
by the model, we have that ∂ðln Ns Þ=∂ ln ws ≈ f1=½1 2 bð1 2 hÞgð1=lÞ
ðIs =Ns Þ.
Proof. See appendix C.2.
This is the first key elasticity of the model. It captures how much internal migration reacts to local shocks. Above I have implicitly estimated
this elasticity by estimating the response of the share of low-skilled workers to the Mexican inflow. See section III.F.
C. Production Function and Labor Market
The production function is given by a perfectly competitive representative firm producing according to
Qs 5 Bs ½vs Hsr 1 ð1 2 vs ÞLsr 1=r ,

(13)

where Ls 5 Ns 1 Mexs is low-skilled labor (Mexicans plus natives) and Hs
is high-skilled labor. The term vs represents the different weights that the
43
This formulation is quite flexible to introducing different types of assumptions, and in
particular, different degrees of “stickiness.” For instance, it is easy to accommodate the idea
that only a fraction ~
h of the population within a location may be considering switching
from a rental unit to an owned unit. I discuss this in more detail in app. C.5.
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two factors have in the production function, while r governs the elasticity
of substitution between low- and high-skilled workers; Bs is total factor productivity (TFP) in each state. Here vs are factor-augmenting technologies,
as in Acemoglu and Autor (2011).44 Firms do not take into account the
future since they can adjust factor inputs instantaneously conditional
on the factors that are available in location s.
The marginal product of low-skilled workers is
ws 5 p~s ð1 2 vs ÞBs½ðj21Þ=j Qsð1=jÞ Lsð21=jÞ ,

(14)

where j 5 1=ð1 2 rÞ is the elasticity of substitution between high- and
low-skilled workers and p~s is the price of the good. This defines the labor
demand curve. We obtain a similar equation for the high-skilled. Note
that we can normalize p~s 5 1. Free trade will guarantee that prices are
the same across regions.45 We can also obtain the relative demand for labor by dividing the demands for each factor type. From the relative demand for labor equation we obtain a simple estimating equation that allows us to recover j from immigrant shocks:46
Dln

ws
1 2 vs 1 Mexs 1
Ns
5 D ln
2 D
2 Dln :
hs
vs
Ns
Hs
j
j

Note that this is the estimation equation introduced in section III.B and
estimated in table 4.47
D. Housing Market
The housing market consists of rental units and owned units. There is an
elastic supply of housing that creates a positive relationship between the
price of housing market r and the number of people living in market r in
each location, governed in equation (15) by parameter fs. I also allow for
an indirect effect of Mexican migration on housing prices (w in the equation), which I already estimated using long-run comparisons in section
IV.D. This indirect effect captures the fact that many Mexicans, as discussed above, work in construction and lower the costs of both maintenance and new building construction. The indirect effect also captures
potential neighborhood spillovers. Some natives might like or dislike living

44
See also Card and Lewis (2007), Lewis (2012), and more recently Clemens, Lewis, and
Postel (2018).
45
Costly trade would result in p~s being specific to each location. In this alternative, p~s
would be a function of prices and workers in each location and transport costs.
46
From the relative demand for labor, lnðws =hs Þ 5 ln½ð1 2 vs Þ=vs  2 ð1=jÞðMexs =Ns Þ2
ð1=jÞ lnðNs =Hs Þ, it is easy to derive the expression in changes shown below.
47
See a longer discussion of this derivation in Borjas and Monras (2017) or in
Dustmann, Frattini, and Preston (2013).
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near Mexican immigrants, something that I capture in a reduced form
fashion. Thus, I assume that
Mexs
ln psðr Þ 5 xsðr Þ 1 fs lnNsðr Þ 1 w
:
(15)
Ns
This is a reduced form equation that can be microfounded (see Saiz 2010).
The relationship between housing markets r and r 0 is given by the demand
for housing, which arbitrages away potential differences in the price of
housing in different markets. In this equation fs captures the housing supply elasticity and xs(r) is the productivity of location s in producing housing
of type r. Potentially, the housing supply elasticity is specific to each location: Saiz (2010) provides one estimate for each metropolitan area.
Note that with this specification, Mexican immigrants may affect differently the rental and ownership markets if Mexican arrivals disproportionately enter the rental market, as was discussed in table 1. To obtain
an estimation equation close to what I used before we only need to take
first differences from equation (15),
D ln

psðr Þ
xsðr Þ
Mexs
5
1 fs D lnNsðr Þ ≈ x 1 fs D
,
psðr Þ
xsðr Þ
Nsðr Þ
0

0

(16)

where I have assumed that all Mexican entrants into location s enter the
rental market r and none enters the homeownership market r 0 . Note that
this is very close to the equation estimated in section III.D.48
E. Equilibrium
The definition of the equilibrium has two parts. I start by defining the
equilibrium in the short run. It satisfies three conditions. First, given
the amenity levels, wages, and housing prices in each location, workers
maximize their utility and decide where to live. Second, firms take as given
the productivity Bs, the productivity of each factor vs, and factor prices in
each location to maximize profits. Finally, labor and housing markets
clear in each location. This equates the supply and the demand for labor
and housing and determines the wage and housing prices in every local
labor market. More formally:
DEFINITION 1. A short-run equilibrium is defined by the following
decisions:
l
h
1. Given fAsðr
Þ , Asðr Þ , ws , hs , psðr Þ g8s∈S,r ∈R , consumers maximize utility and
location choice.

48
The only difference is in the denominator, where I used the number of low-skilled
workers instead of the number of renters in the local economy. The two are quantitatively
similar. I have used the number of low-skilled workers in order to use the same specification that I use for the labor market.
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2. Given fvs , Bs , j, ws , hs g8s∈S , firms maximize profits.
3. Labor and housing markets clear in each s ∈ S so that {ws, hs, ps(r)}
are determined.
We can define the long-run equilibrium by adding another condition.
In words, I say the economy is in a long-run equilibrium when bilateral
flows of people of each skill type are equalized between regions.
DEFINITION 2. Given fvs , Bs , j, Asl , Ash gs∈S , a long-run equilibrium is defined as a short-run equilibrium with constant population within locations and housing markets. That is,
Ns,s ðr Þ,t11 5 Ns,s ðr Þ,t and Hs,s ðr Þ,t11 5 Hs,s ðr Þ,t ,
0

0

0

0

8 s, s 0 ∈ S and r ∈ R:

Note that in the definition above, Mexican low-skilled workers do not
seem to appear anywhere. I distinguish between Mexicans and native
or non-Mexican low-skilled workers only when Mexicans arrive in the
United States unexpectedly. Once in the United States, Mexican workers
behave like natives.
F. Properties of the Model
Only a share h of workers consider relocating each period. This implies
that, depending on the size of the local shock and the sensitivity of workers to local shocks, relocation may take some time to materialize. In the
long run, in the absence of changes in the location-specific variables, the
economy converges to a situation in which the marginal worker is indifferent across locations and where factor prices, net of amenities per capita, are equalized across locations. Initial conditions and labor flows determine the size of each location and the relative size of each skill in each
location, determining the long-run equilibrium. In this long-run equilibrium there are still positive flows of internal migrants between the different regions. Net flows are, however, zero.
When the steady state receives an unexpected shock, the economy
changes and reaches a new steady state. The speed of convergence crucially depends on the relative importance that workers give to idiosyncratic tastes versus working conditions, governed by the variance of e.
If this variance is larger, then idiosyncratic tastes become more important, while if it is zero, only labor market conditions matter and adjustment takes place instantaneously.
The case of interest for the current paper is an unexpected increase in
the size of the low-skilled labor force in location s due to Mexican immigration. Furthermore, I assume that all Mexicans enter the rental market.
In this case, the increase in Ls(r) driven by the Mexican inflows instantaneously puts pressure on wages of low-skilled workers and rental prices.
This makes location s attractive to high-skilled workers, while it makes
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it less attractive for low-skilled workers in s. Similarly it makes housing
market r less attractive than r 0 . Thus, some high-skilled workers move
toward s while some low-skilled workers move away from s, and some
workers within and across locations move from rental units to homeowned units. We can summarize this process as follows:
PROPOSITION 2. An (unexpected) increase in Ls(r) in s(r) leads to (a) an
instantaneous decrease in ws, (b) an instantaneous increase in hs, (c) an
instantaneous increase in the relative price of housing market r, (d) a relocation of low-skilled workers away from s, (e) a relocation of high-skilled
workers toward s, (f) a relocation of households from housing market
r to r 0 , (g) a gradual convergence of indirect utility across regions, and
(h) a gradual convergence in the rental and homeownership markets.
Proof. See appendix C.3.
VI.

Estimation and Counterfactuals

To bring this model to the data we need essentially two sets of moments.
First, to obtain dynamics that resemble what we observe in the data we
need to estimate the key elasticities governing the response of the labor
and housing markets to unexpected inflows of workers. This is precisely
the exercise I did in the first part of the paper using the unexpectedly
large inflow of Mexicans following the peso crisis.
Second, in order to explain the levels of the various labor and housing
market variables we need estimates of the fundamentals in the economy.
These are essentially the amenity levels (which I allow to be location,
skill, and housing market specific), the housing market constants (in
some locations building may be more expensive or difficult), the underlying productivity in each location, and the equilibrium internal migration rate. To estimate these various fundamentals, I assume that the
economy is in long-run spatial equilibrium in 1990 and use the structure
of the model to exactly explain the data in that year.
Combining the baseline fundamentals and the key elasticities with the
Mexican flows over the 1990s I can then use the model to predict wage,
housing price, and internal migration dynamics throughout the decade.
A.

Estimates of the Fundamentals in the Economy

In this subsection I explain how I bring the model to match 1990 US census data, using as before the equations for low-skilled workers. Similar
equations apply for the high-skilled.49 The first task is to obtain the initial

49
It is not important whether I match 1990 US census data or 1980 US census data since
there is a tight relationship in the cross section between wage and population levels of the
various skill groups, hence leading to similar estimates of the productivity and amenity parameters.
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conditions of the dynamic system defined by equations (11) and (12).
For this, all I need to do is to impose that Vt11,sðr Þ 5 Vt,sðr Þ and Nt11,sðr Þ 5
Nt,sðr Þ . This is as follows:



 1=l 
Vs
Vsðr Þ 1=g
Vsðr Þ 1=g
N 1 ð1 2 hÞ
Ns ,
(17)
Nsðr Þ 5 h
V
Vs
Vs
Vsðr Þ



Asðr Þ ws
V bh Vsbð12hÞ ,
5
a
psðr
Þ

(18)

where V 5 ðoj Vj 1=l Þl and Vs 5 ðor Vsðr1=gÞ Þg .
From the population dynamics equation we obtain a number of interesting relationships between location valuations and populations that
make the model particularly tractable. First, it is easy to show that
ðNs =N Þ 5 ðVs =V Þ1=l .50 This relationship simply states that the fraction
of workers in a location reflects the value of living in that location relative to the value of living in other locations, with an elasticity l that is governed by the response of internal migration to local shocks, previously
estimated.
It is also easy to show that in the long run, Nsðr Þ =N 5 ðVs =V Þ1=l
ðVsðr Þ =Vs Þ1=g ; that is, the share of workers living in housing market r in location s is driven by the share of value of s relative to the rest of the economy times the share of value of housing market type r in the location s,
with an elasticity governed by g, which is the response of housing prices
in market r relative to market r 0 , also estimated before. From these conditions we can back out the amenity levels that are given by the following
expression, as shown in appendix C.4:
 l½12bð12hÞ2g 



Ns
Nsðr Þ g ws psðr Þ a
:
(19)
Asðr Þ 5 As ðr Þ
Ns
Ns ðr Þ ws ps ðr Þ
0

0

0

0

0

Note that with equation (19) we can express all the amenity levels
across all locations and housing market types simply in terms of amenities
in one particular housing market in one location, that is, for example, in
terms of A1(1), which we can normalize to 1. Thus, from the long-run equilibrium we can back out the level of amenities that exactly rationalizes the
distribution of prices and workers observed in the data. Recent literature
usually refers to this exercise as inverting the model (Redding and RossiHansberg 2018).
In order to obtain the housing market prices and wages in counterfactual scenarios we also need all the technology parameters which in the
Aggregating Ns(r) over r, we have Ns 5 hor ðVs =V Þ1=l ðVsðr Þ =Vs Þ1=g N 1 ð1 2 hÞor ðVsðr Þ =
Vs Þ Ns 5 hðVs =V Þ1=l N 1 ð1 2 hÞNs .
50

1=g
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model were presented as Bs, vs, xs(r), and fs. Here vs is the Cobb-Douglas
weight of low-skilled labor prevailing in location s. This is obtained from
the relative wage bill in the location.51 Given vs, it is easy to obtain Bs,
which is the level of productivity or TFP in location s, from comparing
the total output produced given the production function without the
Bs term to the total wage bill, under the assumption that the representative firm in location s has 0 profits.52
In order to obtain xs(r) and fs I combine Saiz (2010) estimates of housing supply elasticities with the fact that I observe population levels and
prices in each housing market type r. Using this information in equation
(15) allows me to recover xs(r), if I know w. To estimate w I use the long-run
effect of Mexican migration on housing prices estimated in section IV.D.
Given these initial conditions, it is also easy to use the steady-state conditions to obtain the final distribution of people across space and housing
markets given the fundamentals and the total number of workers in the
economy. Computationally, this is useful in order to check that the dynamics bring the economy from the initial conditions to the new longrun steady state.
Note that with these estimates, which are the initial conditions of the
dynamic system, it is easy to characterize the dynamics using equations
(11) and (12). This fully determines the evolution of the economy.
Moreover, these estimates deliver a number of sensible cross-location
relationships.53
B. Key Elasticities: Labor and Housing Markets
There are three key labor market moments, which I implicitly estimated
using the unexpected immigrant shock. In this subsection I just make
more explicit how we can recover the relevant model estimates from
the IV regressions presented before.
In order to obtain an estimate of j we can use the relative demand for
labor. From it, as I explained above in section V.C, we can easily derive
the following equation:
Dln

ws
1 2 vs 1 Mexs 1
Ns
5 D ln
2 D
2 D ln :
hs
vs
Ns
Hs
j
j

This is the estimation equation used in table 4, where I obtained an estimate of j ≈ 1.
More specifically, vs 5 1=ð1 1 ws Ls =hs HS Þ.
More specifically, Bs 5 ½vs Hsr 1 ð1 2 vs ÞLsr 1=r =ðws Ls 1 hs HS Þ.
53
In figs. D.8 and D.9, I show that there is a strong correlation between the share of
high-skilled workers in a location and the implied v from the estimation. Similarly, I show
that the wage of both high- and low-skilled workers is strongly related with the estimated
underlying productivity.
51
52
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The second key elasticity is the internal migration response to local
shocks. Obtaining l from the instrumental variable estimates previously
shown is less straightforward than for wages. This is because I follow the
literature in estimating mobility as a response to Mexican inflows, instead of estimating it relative to wage changes, or location value changes,
which is what the model requires. It is, however, possible to recover l
from the estimates presented already. For this we start from the fact that
∂ðlnNs Þ=∂ ln ws ≈

1
1 Is
:
1 2 bð1 2 hÞ l Ns

Instead of estimating this equation I estimated the more common in
the literature ∂½Ls =ðLs 1 Hs Þ=∂½Mexs =ðLs 1 Hs Þ, which gives an estimate
of how many low-skilled workers relocate per Mexican arrival; that is,
∂Ls =∂Mexs ≈ 0:5 (see col. 10 of table 8).54 That is, an increase of 1% in
the supply of labor due to low-skilled Mexican migration decreases wages
by 0.7% (see col. 7 in table 3) and reduces labor in the following year by
at least 0.5% of the workers.
So,
0:7  0:5 5 0:35 ≈

1
1 Is
:
1 2 bð1 2 hÞ l Ns

In order to obtain l we need to assume particular parameters for b and
h. I take b from the literature and I assume, following Kennan and
Walker (2011), that b 5 0:95. I set h 5 0:05, which matches the average
^ 5 1=½1 2 bð1
^ 2 ^hÞ 
internal migration rate (in equilibrium). Thus, l
0:05  ð1=0:35Þ ≈ 1=½1 2 0:95  ð1 2 0:05Þ  0:05  ð1=0:35Þ ≈ 1:47.
Note that I also estimated the response of rental prices relative to
homeowned units. This estimate is between 0.5 and 0.6. This is the average housing supply elasticity across locations. In the model, instead of
using this estimate, I prefer to use the estimates in Saiz (2010) since
these allow for heterogeneity in the response of housing prices. The fact
that the average of the housing supply elasticities estimated by Saiz
(2010) is very close to this 0.5–0.6 estimate implies that results do not
change substantially if we use the latter instead of the former.
C. Counterfactual 1: Wage Dynamics, Immigration
Shocks, and Local Technology Adoption
While right after an immigration shock wage differences across space
might be informative about the causal effect of immigration on wages,
54
I take the most conservative estimate. At the state level, the relocation response is
0.7 workers per Mexican arrival in the preceding period.
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the shock then spreads to the rest of the economy leaving little spatial
differences. The model introduced can help us think about what the
longer-run effects of immigration might be in a (spatial) general equilibrium framework.
To highlight the role of local technology adoption in generating wage
dynamics, I present the results under two extreme scenarios. On the one
hand, I show what happens according to the model if nothing else other
than relocation accommodates Mexican immigration. As emphasized
in Card and Lewis (2007), technology could have adapted to absorb
changes in factor endowments, something ruled out here by keeping vs constant. In the model, this implies that positive Mexican inflows during the
1990s directly translate into decreases in the wages of low-skilled workers
in every state during this decade. An alternative assumption is that only
unexpectedly large immigrant inflows matter. This is equivalent to assuming that “normal” Mexican inflows are absorbed through changes
in the technology (i.e., changes in vs).55
In this quantitative exercise, I assign the aggregate yearly inflows reported in figure 1 using the distribution of Mexicans across states in
1980 US census data, starting from a long-run equilibrium in the model
calibrated to 1990. To show the results, I use the comparison between California, a high Mexican immigration state, and New York, a lower Mexican immigration state, to provide intuition, something I also did with
the raw data shown in figure 2. Figure 5 shows the wage evolutions with
and without the shock induced by the peso crisis in late 1994 under
the assumption that local technologies are fixed. For this I assume that
the flows of Mexicans in 1995 and 1996 would have remained at the average inflows of the decade excluding these 2 years. The series showing the
wage dynamics with the actual flows serve, also, as check of the estimated
model, since they are generated only from the fundamentals in the economy estimated using 1990 data and the response of local economies to
shocks estimated from the “natural experiment” and examined in the
first part of the paper, and hence, are not a direct target of the estimation.
Figure 5A shows how the wages of low-skilled workers decrease over the
decade. They especially do so in high-immigration states like California,
but internal migration ensures that wage decreases spill over to other
states. In the long run, immigration affects all locations equally. Wage decreases of low-skilled workers vary from 10% in California to 2% in New
York or even slightly lower in other states.

55
I also investigate the relative importance of local technology adoption and internal
migration in Monras (2019) using variation from the Mariel boatlift. As I explained above,
I abstract here from the potential effect of immigration on the Hicks neutral technology
parameter Bs.

F IG . 5.—Counterfactual wage evolution. This figure shows the evolution of wages in the model with the actual aggregate inflows of Mexicans over the
1990s distributed according to the distribution of Mexicans across locations in the year 1980 and under the alternative that the peso crisis had not occurred. This graph shows the series under the assumption that technologies are fixed (left) or allowing local technologies to adapt to expected flows of
Mexican low-skilled workers (right). The top graphs show the series for California, a high Mexican immigration state, while the bottom graphs show the
series for New York, a comparable state with lower levels of Mexican immigration.

immigration and wage dynamics

3079

Figure 5B shows the series under the assumption that local technologies adapt to expected Mexican inflows, measured as average flows over
the decade excluding 1995–1997. In other words, in this case only unexpectedly large inflows matter for prices. This is in line with the absorption mechanisms emphasized in Lewis (2012). The figure shows that
the unexpected large inflow of Mexican workers starting in 1995 decreased wages by at least 3% in California and that wages started to recover in 1997. The drop is slightly smaller than in the observed data
due to the fact that I calibrated the model to a slightly higher elasticity
of substitution, but it captures very tightly the wage dynamics.
Overall, figures 5A and 5B give two main insights. First, absent the
peso crisis, wages across US states would have followed their preshock
(location-specific linear) trends, irrespective of the evolution of local technologies. Unexpected Mexican inflows generate deviations from this
trend. Second, by comparing figures 5A and 5B we observe the important role of local technologies in shaping local wage trends. If local technologies do no adapt, then the wage trends of low-skilled workers generated by immigration are necessarily steeper and the overall impact of
immigration on the national labor market stronger. Instead, if technologies adapt, they attenuate the differential trend in the evolution of native low-skilled wages in high- relative to low-immigrant locations.
The role of local technologies over the longer run can be grasped by
looking back at the role of internal migration over the entire decade; see
section IV.E. The fact that initially high Mexican immigration states gain
low-skilled workers by the end of the decade suggests that local technologies adapt to changes in factor endowments and so that the scenario
shown in figure 5B is closer to the data. Even in this case, internal migration plays a role by reacting to unexpectedly large inflows.
D. Counterfactual 2: Migration with a Restrictive Policy
in Arizona
In 2010, Arizona tried to adopt a law, the most controversial aspect of
which was to allow officials to ask for residence permits if they had some
suspicion that particular individuals were not legal residents. Given that
a large fraction of Mexican immigrants in the United States are undocumented, to some extent this is a policy that greatly reduces the incentives of Mexicans to move to Arizona.
Motivated by this policy, in this section I try to answer what would have
happened in Arizona if the state had had a policy that had effectively
stopped Mexican immigration directly entering the state during the
1990s. The link between the different states through internal migration
suggests that in the long run a single state can do little to avoid being affected by immigration. In this section, I investigate what would be the
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short-run gains of such controversial policies. I suggest in what follows
that these policies are likely to do very little to “protect” local low-skilled
workers.
As in the previous counterfactuals, I consider two alternative scenarios.
In the first case I assume that technologies are fixed, while in the second
case local technologies absorb expected immigrant inflows. I study the
Mexican inflows of the 1990s, and then I assume that they stop in 2000
to see the long-run consequences. Figure 6 shows these different wage dynamics. The exercises show that in the short run, in the highest inflow
years, Arizona’s low-skilled wage was maybe 2% lower than what it would
have been with a more restrictive immigration law. Wages were back to
equilibrium soon after 2000. Whether technologies adapt to usual inflows of Mexican immigrants or not matters only to the extent that fixed
technologies result in a lower level of low-skilled wages in every state, but
it does not matter when making cross-location comparisons.
Overall this counterfactual exercise suggests limited benefits from a
unilateral law in one particular state to limit the number of immigrants
in that state.56 Links between the labor markets in different locations in
the United States imply that policies that deal with immigration at the
local level are likely to have a very small impact.
E. Counterfactual 3: The Role of the Housing Market
In the final exercise I investigate the role of housing markets in the adjustment process. To do so, I present two different exercises. In the first
one, I compare the predictions of the model presented before to the ones
of a model where housing markets do not play any role. This highlights
the role of housing markets in dissipating local shocks. The second exercise studies how the possibility to choose from rental and owned units
generates dynamics in the housing market that are in line with the evidence presented before in sections III.D and IV.D.
For the first exercise I use the model introduced above and I compare
it to the evolution of variables in a model where housing does not play any
role, that is, in a situation where a is set to 0. In this case, we can look at
the evolution of the value of living in a location with and without the immigration shock when housing markets play a role and when they do not.
This exercise highlights the importance of housing markets when analyzing local shocks.
Figure 7 shows the evolution of the value of renting a unit in California and in New York for low-skilled individuals. It is easy to see that California and New York are, in some sense, the mirror image of each other,
56
A recent paper (Watson 2013) analyzes how immigrants respond to these types of policies by relocating within the United States.
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F IG . 6.—Counterfactual wage evolution with and without restrictive (restr.) immigration
law in Arizona. The figure shows the evolution of wages in Arizona with actual inflows of
Mexicans and under the alternative that Arizona had not received any Mexican immigrants.
The top graph assumes fixed technologies. The bottom graph assumes that local technologies adapt to expected inflows of Mexican workers.

given that California is a high Mexican immigration state while New York
is a low Mexican immigration state. In the model, the unexpected arrival
of Mexican immigrants during the peso crisis leads to a decrease in the
value of living in California for low-skilled workers, which is particularly
strong in the renting market, while it leads to a relative increase in the
value of living in New York. The role of housing in the model is clear when
we compare the darker gray and lighter gray lines. Housing is roughly 25%
of total expenditure. This means that if immigration affected wages and
housing prices in the same way, omitting the housing market would underestimate the effect of immigration by this 25%. The elasticities of wages
and housing prices to immigration shocks need not be the same, but
the 25% is a good reference point to grasp the importance of the housing
sector.
The second exercise sheds light on the specific role of separating
the housing market between rental units and homeowned units. The
fact that upon arrival Mexican immigrants likely enter the rental market means that they exert more pressure in this market within highimmigrant locations, and hence the effect on natives’ real wages is different
across locations and between renters and homeowners within locations.
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F IG . 7.—Evolution of the value of living in selected locations with and without housing
sector. The top graph shows the evolution of the value of living in a rented unit in California for low-skilled workers with and without the unexpected arrival of Mexican immigrants
following the Mexican peso shock. In lighter gray, the graph shows the same evolution
when the housing market is absent from the model. The bottom graph shows the evolution
of the value of living in a rented unit in New York.

Given this, workers in the economy reoptimize and decide where to live
in the following periods both within and across cities. The fact that workers can switch housing markets within cities necessarily implies that
housing dynamics help the economy to return faster to the equilibrium.
We see the dynamics generated by the model in figure 8. The top graph
shows the relative gap in rental prices relative to selling prices in California predicted by the model with and without the Mexican immigrant
shock of 1995. The relative gap fluctuates around 1 when there is no unexpected arrival of immigrants. This can be seen both in the solid line before 1995 and in the dashed line throughout the decade. When more
Mexicans than expected arrived in 1995, the gap in rental prices increases,
matching the evidence presented in table 6 and figure 3 and discussed
in sections III.D and III.E. This increase, however, dissipates fast, reflecting both the within-location mobility in the housing market and the fact
that new arrivals in the location disproportionately enter the (relatively)
cheaper housing market.
The bottom graph of figure 8 shows the evolution of the level of rental
prices. It is interesting to see that the constant arrival of Mexicans in
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F IG . 8.—Evolution of rental prices with and without the Mexican immigrant shock. The
top graph shows the evolution of the gap between rental prices and selling prices in California with and without immigrants from the Mexican peso shock, normalized to 1990 levels, predicted by the model. The bottom graph shows the evolution in the level of rental
prices under the same counterfactuals.

California decreases the overall price of housing, as we see in the data;
see table 10, which is discussed in section IV.D. At the same time, when
we compare the evolution of the dashed and solid lines we see that rental
prices increase with the unexpected arrival of Mexicans.
These dynamics show the two roles that Mexicans play in the housing
market. On one hand, they consume housing, mainly rentals, putting
pressure on the rental market. On the other hand, they decrease construction costs, creating a downward longer-run trend in housing prices
in high- relative to low-immigrant locations, something that the model
captures well and is very much in line with the data.
VII.

Conclusion

Existing literature on the causal effect of immigration on native wages
seems to find contradictory evidence. On one hand, evidence presented
in various papers by Card and some other authors would suggest that immigration has a small effect on native wages. On the other hand, Borjas
(2003) and some earlier papers question the evidence coming from
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comparisons of local labor markets because they argue that the US labor
market is well integrated. When abstracting from geographic considerations, Borjas (2003) concludes that the effect of immigration on native
workers is significantly larger than what we would conclude from Card
(2009) or Ottaviano and Peri (2012).
The controversy expands to housing markets. Some papers, such as Saiz
(2007), suggest that immigration puts pressure on housing prices, as it expands the demand for housing, which is not met by a similar expansion in
the supply. However, other papers looking at more disaggregate data (see
Saiz and Wachter 2011; Sa 2015) also report that immigrant inflows lead to
a decrease in housing prices. In both cases, however, it is not clear how the
inflow of low-skilled workers, entering disproportionately in the construction sector, affects housing prices, in both the short and long runs.
In this paper, I use the Mexican crisis of 1995 as a novel push factor
that brought more Mexicans than expected to historically high immigration states to document the causal effect of immigration on native wages
and housing markets. Using this natural experiment I show that a 1% immigration-induced supply shock decreases wages by at least 0.7% on impact. This is substantially higher than was reported either by Card (2009)
or by Borjas (2003). Similarly, Mexican immigrants, who disproportionately enter the rental market for housing, increase the rental gap. It is
important to keep in mind that these are short-run effects.
Labor relocation as a response to unexpected wage decreases ensures
that immigration shocks spread across US regions. When the relative inflow of Mexicans increases by 1 percentage point, the share of low-skilled
workers increases almost by 1% in the first year. This increase reverses in
subsequent years. Thus, labor relocation dissipates the shock across
space, helping to explain why low-skilled wage growth between 1990
and 2000 was only slightly lower in initially high-immigration locations.
At the same time, I have shown evidence that when abstracting from
geographic considerations such as in Borjas (2003), age cohorts entering
the labor markets in high-immigration years had significantly lower wage
growth in the decade of the 1990s, which is in line with Oreopoulos, von
Wachter, and Heisz (2012). In other words, this paper documents how local shocks become national, an important step absent in Borjas (2003),
and documents the causal effect of immigration in the short and long
runs.
In the second part of the paper I build a structural dynamic spatial
equilibrium to study the general equilibrium, the transition dynamics,
and a number of policy-relevant counterfactuals. The first counterfactual that I analyze is the wage evolution that would have occurred without
the immigration shock. This allows me to evaluate over longer time horizons the effect of immigration on low-skilled wages in every local labor
market, taking into account internal relocation.

immigration and wage dynamics

3085

The second policy-relevant experiment studied in the paper analyzes
how effective a policy stopping Mexican migration in a particular state
would be. The main insight from this exercise is to show how rapid internal relocation spreads immigration shocks and, thus, how the effects of
such policies are likely to be limited. This highlights, again, the importance of taking into account the general equilibrium effects when thinking about immigration policies.
The third counterfactual studies the role of housing markets in absorbing immigrant shocks. Mexican low-skilled immigrants play two roles in
this case. On one hand, they put pressure on the market for rentals. Upon
arrival as many as 82% of them enter this market, compared to around
30% of low-skilled natives. On the other hand, many of them enter the
construction sector, decreasing costs, and generating a downward trend
in housing prices and rents in high- relative to low-immigrant locations.
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