How many illegal Mexican immigrants enter the United States, where, and why?

Abstract

We model illegal immigration across the U.S.-Mexoavder into Arizona, California, and Texas
as an unobservable variable applying a MIMIC modsing state-level data from 1985 to 2004,
we test the incentives and deterrents influendlagal immigration. Better labor market conditions
in a U.S. state and worse in Mexico encourageallegmigration while more intense border
enforcement deters it. Estimating the inflow cégidl Mexican immigrants we find that the
1994/95 peso crisis in Mexico led to significardregases in illegal immigration. U.S. border
enforcement policies in the 1990s provided onlyderary relief while post-9/11 re-enforcement

has reduced illegal immigration.
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1. Introduction

This paper studies illegal immigration from Mexioathe United States (U.S.) between 1985 and
2004. We contribute to the literature in two wahisst, we explicitly consider illegal immigration

as an unobservable phenomenon using a Multipleahatis Multiple Causes (MIMIC) model. This
allows us to measure the level of illegal immigrativith more than one indicator variable. While
the literature typically uses the number of illeljxican immigrants apprehended by the U.S.
border control at or behind the U.S.-Mexico borgieewatch apprehensions), we additionally
employ non-linewatch apprehensions as a seconchitediof illegal immigration. Although the
number of linewatch apprehensions is highly coteelavith the actual number of illegal Mexican
immigrants entering the U.S., it does not repredenhumber of illegal Mexican immigrants
successfullgntering the U.S. since most people who are appdd at the border are sent back to
Mexico. Using non-linewatch apprehensions as argkrwlicator of illegal immigration may help
to improve estimations of illegal immigration asaptures the number of Mexican immigrants
who succeedeth illegally entering the U.S. but were later aggpended somewhere in the interior.
Second, we analyze illegal immigration at the skatel and examine the determinants for entering
the U.S. through Arizona, California, and Texasngshese state-specific determinants, we
calculate estimates for the inflow of illegal Mexiicimmigrants to each state each month between
1985 and 2004.

MIMIC models are commonly applied to measure tke and development of informal
economic activities which are not reported to thiharities and whose exact size can therefore not
be measured precisely. The MIMIC methodology eiplitreats the object being studied as an
unobservable or latent variable that can presuntabiyeasured using appropriate observable
indicator variables. Several informal economic\aitis have already been studied using the

MIMIC approach. For example, Dell’Anno and Schneii®903), Schneider (2005, 2006), and

2 of 52



Pickhardt and Sarda Pons (2006) applied MIMIC nmetiekstimate the determinants and size of
the shadow economyFarzanegan (2009) and Buehn and Eichler (2009 &ppMIMIC

approach to study the determinants and developaidiggal trade (smuggling) in Iran and across
the U.S.-Mexico border, respectively. In this paperargue that illegal immigration is an integral
part of the informal economy since it involves lot@ag the law and its size is not recorded by the
authorities. For this reason we study the detemtinand development of illegal immigration using
the MIMIC methodology which is particularly desighi® deal with informal, unobservable
economic activities.

Relying on previous literature, we derive hypotisemigout the determinants of illegal
immigration across the U.S.-Mexico border. For eafdinree of the four U.S. states bordering
Mexico — Arizona, California, and Texas — we speaiiMIMIC model to test the impact of
observable causes/determinants (incentives to inateigspecific to that state on the latent
phenomenon of illegal Mexican immigration — whighturn, is indicated by linewatch and non-
linewatch apprehensions recorded in that statexgtbie significant coefficients of the
determinants of the MIMIC model specific to eadtestwe can estimate the monthly inflow of
illegal Mexican immigrants to each state from 1882004.

Our results indicate that labor market conditiomg tne intensity of border enforcement in the
U.S. states determine illegal immigration from Mexio the U.S. For Arizona, for example, a low
rate of unemployment acts as a pull factor fogaleMexican immigrants. For California and
Texas, higher real wages are the most signifieurl market determinant of illegal Mexican
immigration. Labor market conditions in Mexico atdetermine illegal immigration into the U.S.:

immigrants are pushed to Arizona and Californiddsy Mexican real wages and to Texas by a

! Moreover, Schneider and Enste (2000) provide aelnt overview of MIMIC studies dealing with igsion the
shadow economy.
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high Mexican unemployment rate. We find robust emizk that more intense border enforcement
in the U.S. significantly deters illegal immigratisince a higher probability of being caught at the
border significantly increases the costs associattdcrossing.

Using the MIMIC models, we estimate the inflow kiégal Mexican immigrants to each state
per month. In general, the annual inflow of illelysxican immigrants is relatively stable over
time. It ranged between 12,000 and 18,000 in Aazdetween 80,000 and 110,000 in California,
and between 40,000 and 60,000 in Texas per yearXa85 to 2004. Several events led to
abnormally large fluctuations in illegal Mexicannmgration. The outbreak of the peso crisis in
1994/95, for example — which was associated witbaine in real wages and employment
opportunities in Mexico — dramatically increased ttumber of Mexican immigrants who illegally
crossed the border into the U.S. in 1995 to 20i0@0izona, 140,000 in California, and 70,000 in
Texas. Several U.S. border enforcement operatsuas, as Operation Hold-the-Line in Texas,
Operation Gatekeeper in California, and Operat@aie@uiard in Arizona, also — albeit temporarily
— deterred Mexican immigrants from entering the. Wl&ally. Re-enforcement of the southern
U.S. border following the terrorist attacks of Sapber 11, 2001 resulted in a steep decline in
illegal Mexican immigrants to 3,000 in Arizona, @80 in California, and 17,000 in Texas by the
end of 2001. Since 2002, the number of illegal Masiimmigrants has recovered to normal levels
but is much more volatile than in the period 1982@00. In addition, our results indicate that the
flow of illegal immigration shifted from the higm#&rcement California border to the lower
enforcement Arizona and Texas borders from 20@D@!.

The paper is organized as follows. Section 2 revine literature on illegal immigration across
the U.S.-Mexico border. Section 3 discusses thieatats and determinants, i.e. the costs and
benefits of illegal immigration across the U.S.-NMexborder, and derives our hypotheses for the

empirical analysis. Section 4 presents the empigsicalysis, explains the results, calculates long-
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term indices of illegal immigration from Mexico Arizona, California, and Texas, and relates their
pattern to macroeconomic events in Mexico and bo&ler enforcement policies. Section 5

concludes.

2. Literaturereview

The literature on illegal immigration between th&lUand Mexico consists of two major strafds.
The first focuses on the volume and compositioitlegfal Mexican immigrants entering the U.S.
The second studies the determinants of illegal ignation from Mexico to the U.S.

To address the dimension of illegal immigratiomirMexico to the U.S., the literature
analyzes stocks, flows, and characteristics of Bexillegal immigrants using official household
surveys such as the U.S. Census of Population andiity, the U.S. Current Population Survey, or
data compiled by U.S. Customs and Border ProtedBorjas et al. (1991) estimate that by 1980
1.8 million illegal Mexicans resided in the U.Sdahat the population of illegal Mexican
immigrants increased to between 2.0 and 2.3 mibhip984. Based on U.S. Census data,
Costanzo et al. (2001) estimate that between 188@@00 an average of 581,000 immigrants
entered the United States illegally each year hatl37% of these were Mexican. Passel (2005)
obtains similar figures for the period 2002-2004 astimates that a total of 5.9 million illegal
Mexicans lived in the U.S. in 2004. Concerning¢beposition of illegal Mexican immigrants in
the U.S. the literature finds ambiguous evidena#jaB(1987, 1995) presents evidence in favor of a
negative selection bias finding that illegal Mexigenmigrants in the U.S. earn below-average
wages. Conversely, Hanson (2006) finds that ill@gatigrants are drawn from the middle-wage
rather than the low- (or high-)wage quartiles @& Mexican wage distribution — confirming similar

findings by Feliciano (2001), Chiquiar and Hans@@05), and Orrenius and Zavodny (2005).

2 For excellent surveys on this topic see Espensti@is) and Hanson (2006).
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The literature on the determinants of illegal imratgpn hypothesizes that immigrants will
move from low-wage to high-wage labor markets & ¢fains — higher expected future incomes —
exceed the costs, i.e. travel costs, physical espected costs of apprehension, and the cost of
resettling. Important pull factors affecting U.Sekico immigration are differences in real wages
and the unemployment rate between Mexico and tBe Rkegressing apprehensions at the U.S.-
Mexico border on real wages in Mexico and the @rfsl a number of controls, Hanson and
Spilimbergo (1999) find that a 10% decline in Mexiaeal wages is associated with a 6-8%
increase in border apprehensions and that a 10%ase in U.S. real wages yields a 9-16%
increase in the number of apprehensibhke impact of the U.S. unemployment rate on illega
immigration is not found to be significant. Estiingta hazard rate model with data from the MMP
Orrenius and Zavodny (2005) largely confirm Hanaod Spilimbergo’s findings on a
microeconomic level. They also find that the likelod of immigration to the U.S. is positively
correlated with U.S. wages and uncorrelated wighdtS. unemployment rafdn contrast to
Hanson and Spilimbergo (1999), Orrenius and Zav@aag5) find that Mexican wages (in
manufacturing) do not significantly influence thectsion to immigrate to the U.S. illegally.

Another factor affecting illegal immigration is to immigrant networks. Using MMP data,
Munshi (2003) and Orrenius and Zavodny (2005) firat a larger immigrant network, i.e., more
friends and family that have migrated to the r&ses an immigrant’s ability to assimilate in the
U.S. McKenzie and Rapoport (2007) show within ath&cal model that the probability of

migration is higher in communities with larger netks. Larger immigrant networks also reduce

% Nannestad (2009) however argues that large phats immigrant population are usually not produeijv
employed because domestic immigrant employmeninglasubstitute for low-skilled labor — reducegyes for
low-skilled labor but increases wages for completagnhigh-skilled labor. As a result income inedtyaihcreases
in the society which is against the egalitariarostbf the welfare state and immigrants stay thesnployed.

* In particular, they find that older Mexicans’ dgion to immigrate is driven by U.S. agriculturalgea while
younger Mexicans’ decision to immigrate is drivgnthS. manufacturing wages. This suggests a chiamide
composition of illegal immigration by generationder Mexicans seek agricultural employment in th&.Uand
younger Mexicans more likely seek manufacturingjobthe U.S.
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the cost of migration, thereby decreasing the itgpae of financial household resources on the
decision to emigrate. With growing immigrant netigrpoorer members of the community
become more likely to emigrate. Using MMP data tredNational Survey of Population

Dynamics (ENADID) of 214 rural communities in MegidVicKenzie and Rapoport find empirical
evidence supporting the model’s hypotheses.

Most authors interpret illegal immigration as amtended consequence of too lax enforcement
policies. Hillman and Weiss (1999), on the contrahow in an endogenous policy framework that
median voters of countries with sufficiently laitiegal immigrant populations will opt to refuse
amnesty to present illegal immigrants and to pepmuspective illegal immigration. U.S.

politicians have however pursued policies aimeetiuce illegal immigration because of economic
and national security concerns. The 1952 Immignediod Nationality Act (INA) and the 1986
Immigration Reform and Control Act (IRCA), for expha, substantially increased resources for
U.S. immigration authorities. The effectivenesbofder enforcement to deter illegal immigrants
from entering the U.S. is hotly debated in politicsl in the literaturd@ Most empirical papers use
data on the number of hours the U.S. border cospehds patrolling the U.S.-Mexico border to
measure border enforcement. Espenshade (1994i@r@nd Zavodny (2005)and Gathmann
(2008) find no significant effect of border enfament on illegal immigration. White et al. (1990),
Donato et al. (1992), and Davila et al. (2002) finat more intense border enforcement reduces
illegal immigration only temporarily but has no tprun deterrence effect. Hanson and Spilimbergo
(1999), on the other hand, find a significantlyipes relationship between apprehensions and the

number of hours spent patrolling the border — wisieygests that increased enforcement makes

®> See Hanson (2006) for a detailed discussion o$ticeess of illegal immigration enforcement.

® Interacting border enforcement with the educaéwel of immigrants attempting to cross the bofdeenius and Zavodny
(2005) find that the deterrent effect is greaterléiss educated the illegal Mexican immigrantsTais. suggests that
increasing border enforcement reduces the flomeflucated illegal Mexican immigrants to the U.S.
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crossing the border more difficult. Hanson et 2002) study the indirect effect of border
enforcement regressing wages in U.S.-Mexico baelgons on border control hours. They find
only a small impact of tighter border enforcememin@ges in border regions in California and
Texas, suggesting that policymakers tend to inflagdesuccess of border enforcement to deter
illegal immigration. Davila et al. (1999) study wher U.S. enforcement strategies have changed
after the IRCA in 1986. They find that the INS ieased the ratio of hours spent patrolling the
border to hours spent patrolling the interior af thS. from 9.59 to 12.25 after the ICRA came into
effect. The shift in enforcement policies towardsder enforcement suggests that the INS acts like
an agency whose aim is to maximize its budget rékizam to combat illegal immigration.

To counteract border enforcement and to increaspribability of successfully crossing the
border, illegal immigrants often hire professiosalugglers known as coyotes. Using MMP data,
Orrenius (2001) reports that 69% of illegal Mexi@amigrants hired a coyote between 1978 and
1996 and that prices varied between $385 and $&i1pgrson and crossing (measured in 2000
U.S. dollars). Gathmann (2008) also analyzes tieetsfof tighter border enforcement on the
coyote market using MMP data. She finds that thesiea build-up in border enforcement from
around 6,000 linewatch hours per border mile in6lf@8around 10,000 linewatch hours per border
mile in 2005 has raised coyote prices by 16.59868: The price elasticity of coyote demand is
around -0.5 — which suggests that the rise in @gdtes may have decreased the demand for
coyotes. However, tighter enforcement at populaispaf entry, such as San Diego, CA and El
Paso, TX, has shifted immigrants to find more reamoaind more difficult — entry points, such as
through the Sonoran Desert in Arizona. Gathmanf&p6oncludes that the changing geography
of illegal immigration increases health risks angetcosts of crossing the border and reduces the

effectiveness of border enforcement.
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3. Theoretical reasoning

3.1. Indicators of illegal immigration

The MIMIC approach builds on the idea that theritariable (illegal immigration) can be
measured usinghore than onéndicator. We argue that the development of illéganigration can
be measured more precisely using several indicigether rather than one dependent variable.
While the literature employs only one variable asralicator of the development of illegal
immigration — linewatch apprehensions — (see, Yangle, Espenshade, 1994; Hanson and
Spilimbergo, 1999; and Hanson, 2006), we employana include both linewatch and non-
linewatch apprehensions in our analysis. Insteadgressing a single dependent variable on the
supposed determinants of illegal immigration, th&M model employs a measurement model
where two indicators are regressed on a — perdefined — latent variable which is, in turn,
determined by a set of determinants. Accountingrfore than one factor affecting illegal
immigration using this type of model improves tlséraation of illegal immigration across the

U.S.-Mexico border as explained below.

3.1.1. Linewatch apprehensions

Linewatch apprehensions record the number of iddals apprehended by U.S. Border Control
shortly after crossing the U.S.-Mexico border ilitg Data on linewatch apprehensions at the
U.S.-Mexico bordétis available from unpublished records of the Uh8nigration and
Naturalization Service (INS) provided by Gordon Blam This is the same data used in Hanson et

al. (2002), Hanson (2006), and Gathmann (2008)aygeegate the sector-wide data to obtain the

’ Although the indicators are often only imperfedihked to the latent variable (Bollen, 1989), aplained below,
it is reasonable to assume that they at leastypa&ftect the latent variable — the developmeritlefjal Mexican
immigration — and that a change in the incentivertter the U.S. illegally transmits uniformly teethndicators.

8 Data for New Mexico is not recorded by the INS.
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number of linewatch apprehensions for each stafgipbna, California, and Texds.

Given the effectiveness of border enforcement -elwhmplies, for example, that a fixed share
of illegal immigrants is captured by the U.S. Bar@entrol — a higher number of linewatch
apprehensions indicates a higher inflow of illegaican immigrants to that stat®Our first

hypothesis is:

Hypothesis 1A higher number of linewatch apprehensions in testalicates more illegal

immigration from Mexico to that stateeteris paribus

There are advantages and disadvantages to usawgplich apprehensions as an indicator of illegal
immigration. One advantage is that linewatch apgmetons provide data on the timing of illegal
border crossing which can easily be matched with da the determinants of illegal immigration
recorded. The disadvantage, however, is that litdwapprehensions record only the number of
unsuccessfuttempts to immigrate illegally. Neverthelesspaifive correlation between linewatch

apprehensions and the extent of (successful) lllegaigration is reasonable (Hanson, 2006).

3.1.2. Non-linewatch apprehensions

We use non-linewatch apprehensions as a secorw@iodof illegal immigration. Non-linewatch
apprehensions — the number of illegal immigrantgetpended by U.S. Border Control in the
interior of the U.S. — proxy the number of Mexigammigrants that, in the first place, successfully

enter the U.S. state illegally. Non-linewatch aperesions can result during the border control’s

° State data are compiled using data for the folgwi.S. Customs and Border Protection (CBP) sectarsson
and Yuma (Arizona), El Centro and San Diego (Catii@), and Del Rio, El Paso, Laredo, Marfa, and Me#
(Texas).

1% The overwhelming majority (99%) of individuals appended at the U.S.-Mexico border by the U.S. Bord
Control are Mexican citizens (Hanson et al., 2002¢. therefore assume that individuals apprehenttabd).S.-
Mexico border are Mexican nationals.
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regular patrols of the U.S. interior, at trafficeckpoints, and during raids on businesses. Hanson
and Spilimbergo (1999) argue that — unlike lineWwatpprehensions — non-linewatch
apprehensions do not provide information on theedate when illegal immigrants entered the
U.S. This makes it difficult to match the timingrdn-linewatch apprehensions with the
determinants of illegal immigration.

We include non-linewatch apprehensions for twoaeasFirst, it is reasonable to assume that
many illegal immigrants will be apprehended witbime month of entering the U.S. state illegally.
Newly arrived illegal immigrants typically do notet) possess false documents nor have they (yet)
got into contact with local immigrant networks. $inakes it more difficult for them to hide from
U.S. authorities and increases the probabilityedfigp apprehended within a short period of time.
Second, illegal Mexican immigrants most likely dut stay in the county in which they entered the
U.S. for very long. Rather, they continue on to-honder counties where the risk of being
apprehended is lower due to less intense enforaéhaeml/or more extensive immigrant networks.
As the INS data on non-linewatch apprehensionsa@ttpkefer to counties at the U.S.-Mexico
border it seems reasonable to assume that thegal iMexican immigrants are apprehended
shortly after (probably often within the same montien) they have crossed the U.S.-Mexico
border. Thus, considering non-linewatch apprehessas a second indicator accounts for the
number of illegal immigrants who newly arrived IretU.S. and thus complements the picture of

the latent phenomenon of illegal immigration. Thug; second hypothesis is:

Hypothesis 2A higher number of non-linewatch apprehensionsstate indicates more illegal

immigration from Mexico to that stateeteris paribus

1 U.S. enforcement policies focus on patrolling eeder rather than policing non-border countiemonitoring the
employment practices of U.S. businesses.
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3.2. Determinants of illegal immigration

3.2.1. Labor market conditions

The decision of Mexicans to enter the U.S. illegtikeoretically should be driven by better labor
market perspectives in the U.S. compared to MeXibat is, since illegal immigration is

associated with costs — as described below — agtdre U.S. illegally only pays off if the expected
real wages earned in the U.S. exceed the expesaédiages in Mexico. The expected real wage in
the U.S. equals the average real wage times thmbitay of finding a job. The expected real wage
earnings of an illegal Mexican immigrant workingarJ.S. state are thus higher, the higher the
average real wage and the lower the unemploymtnirrghat state. Higher expected real wages in
Mexico, i.e., higher average real wages and a lamemployment rate in Mexico, on the other
hand, reduce the incentive to enter the U.S. illgdaetter labor market conditions in the U.S.ghu
act as a pull factor for Mexicans to immigrategid#ly while worse labor market conditions in

Mexico act as a push factor. Our third hypothesis i

Hypothesis 3Higher average real wages and a lower unemployragntn a state increase the
incentive for Mexicans to enter that state illegatieteris paribusLower average real wages and a
higher unemployment rate in Mexico increase thentige to immigrate to any U.S. state illegally,

ceteris paribus

3.2.2. Costs of crossing the border: enforcemeypte prices, and temperature
There are several costs associated with crosseng.th.-Mexico border illegally. For example,
illegal immigrants face the risk of being appreteshdarrested, and/or deported by U.S. Border

Control. If apprehended, detention and/or depamatbst the immigrant time and, thus, income
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that could have been earned. There are also pgibal effects associated with being caught.
Even if an illegal immigrant successfully avoidpeghension, there are costs associated with
crossing the border itself, such as coyote prioeshealth risks. We concentrate on three
components of the expected costs associated vigmpaiis to cross the U.S.-Mexico border

illegally: border enforcement, coyote prices areldlierage temperature in the border area. More
intense border enforcement, i.e., more man-howstgatrolling the U.S.-Mexico border,

increases the probability of apprehensi®ieris paribusSince a higher risk of being apprehended
increases the expected costs of illegal immigratimore intense border enforcement should reduce

illegal immigration. Thus, our fourth hypothesis is

Hypothesis 4More intense border enforcement, i.e., more mamshgpent patrolling the border,

decreases the incentive to immigrate illegaiBteris paribus

To reduce the risk of being apprehended, illegatibé immigrants often hire smugglers, known
as coyotes. Coyotes know the best — least patrelfddces to cross the border (Gathmann, 2008).
Given the expected benefits of working in the Uh&jher coyote prices may make it unprofitable
for some illegal Mexican immigrants to hire a cayothis may also prevent those Mexicans from
illegally immigrating who do not want to risk crasg the border without the help of a coyote. Our

fifth hypothesis is:

Hypothesis SHigher coyote prices — by increasing the expeotstisoof immigrating illegally —

decrease the incentive to immigrate illegadigteris paribus
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Temperature should also affect an immigrant’s decito cross the U.S.-Mexico border illegally.
Many Mexicans enter the U.S. in the summer sin& ldbor demands increase during the harvest
season. In order to reduce the probability of beengght, some illegal Mexican immigrants cross
the border in relatively unguarded desert areas) as the Sonoran Desert in southwestern Arizona
and southeastern California. We test whether hitgmeperatures in the border region of the U.S.
states have a negative impact on illegal immigrate expect that higher (summer) temperatures
increase the risk of dehydration and/or death winessing the border illegally and, in turn,

decrease the illegal immigration. Thus, our sixtpdthesis is:

Hypothesis 6Higher average temperatures in U.S.-Mexico borelgions decrease the incentive to

immigrate illegally,ceteris paribus

3.2.3. Political business cycles: presidential gmidernatorial elections

When deciding whether to attempt to enter the Wlegally, potential Mexican immigrants may
anticipate the effects of a political business eyt U.S. immigration policies. In a U.S.
gubernatorial or presidential election year, thigngj governor or president may implement more
restrictive immigration policies than in non-electiyears. This can include increasing the number
of man-hours spent policing the border, detainipigr@hended persons for longer, or reducing the
number of Mexicans admitted to the U.S. as desgiiabow. If Mexican immigrants anticipate this
political business cycle, they may wait until a redaction year to try entering the U.S. illegally.

Our seventh hypothesis is:

Hypothesis 7lllegal immigration is higher in non-election yednan in gubernatorial and/or

presidential election yearsgteris paribus
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3.2.4. Political party bias: party affiliation dfe@ governor

We test whether illegal Mexican immigrants antitgphe preferences of political parties with
respect to immigration policies. It seems reasatbbhssume that — due to (ideological)
preferences and practical political consideratibrsRepublican governors will implement more
restrictive immigration policies than Democratiosgmors. We therefore expect that Mexicans will
enter the U.S. via states with Democratic goverrattser than via states with Republican

governors. Thus, our eighth hypothesis is:

Hypothesis 8We expect that illegal Mexican immigrants prefeeter the U.S. via states with

Democratic governors rather than Republican goveroeteris paribus

3.2.5. Governance in Mexico

Potential Mexican immigrants may take the qualftynacroeconomic management in Mexico into
account when deciding whether to stay in Mexicoxigle has frequently experienced prolonged
periods of high inflation in which real wages deelil — probably due to nominal rigidities.
Accelerating inflation rates in Mexico may therefdre interpreted as a sign of falling Mexican real
wages in the future and may thus increase the fivesio immigrate to the U.S. illegally. Our ninth

hypothesis is:

2 Democrats may be more lenient towards illegal igramits because most Mexican voters in the U.S. are
Democrats. These Mexicans may not want their @llefsiends and family to be deported. As membéithe
Democratic party, they can influence the partyfpfan. Also, Democrats don't want to lose Mexicatevs by being
too harsh on immigration.
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Hypothesis 9Higher inflation in Mexico increases the incentisgemmigrate illegally ceteris

paribus

3.2.7 Number of admissions

The number of Mexicans permitted to enter/stapéelll.S legally may influence an immigrant’s
decision to enter the U.S. illegally. Under U.Sv,|Mexicans can apply for a legal permanent
status in the U.S. If a Mexican citizen obtainsalegjatus to live in the U.S., relatives can also
apply for admission. As Espenshade (1994) pointstioig process often takes up several years. In
order to reunify the family soon, relatives whordi yet have an admission to live permanently in
the U.S., may opt to enter the U.S. illegally whiteir application is being processed (Hanson and
Spilimbergo, 1999). Thus, an increase in the lggata for Mexican immigrants may lead to an

increase in illegal immigration. Our tenth and fihgpothesis is:

Hypothesis 10A higher number of Mexican admissions increasesrtbentive for Mexican

immigrants to enter the U.S. illegallyeteris paribus

4. Empirical analysis

4.1. Methodology

We use a MIMIC model to explain the relationshipsteen observable variables and illegal
immigration. This model allows us to consider thdtiple economic causes/determinants of illegal
immigration and to use more than one indicator &ierllegal immigration across the U.S.-
Mexico border “visible”. Formally, the MIMIC modebnsists of two parts: the structural equation
model and the measurement model. The structuratiequmodel describes the relationship

between illegal immigration and its causes. ltiveg by:
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n=yx+g, )
wheres; denotes illegal immigration’ = (X, X,,...,X;) is the vector of potential causes,

?" =1 Va0 Vg) is @ vector of regression coefficients, ands a white noise error term. The

measurement model links the latent variable tmd&ators and is specified by:
y=inte , 2)
where y' =(yy,Y,,..., Y, )is the vector of several indicator variablds= (Al,Az,...,Ap) is the

vector of regression coefficients, aads a vector of white noise error terms. Using @¢|in Eg.
(2) yields a reduced form multivariate regressiamuet:

y=IIx+z, (3)
where the endogenous variablgs, j =1,..., p are the latent variablg's indicators and the
exogenous variables ,i = 1,...,q its determinants/T = Jy' is a matrix with rank equal to 1, and

z=A{ +¢ is a vector of linear combinations of the whitésecerror terms of the structural

equation and the measurement models.

In the first step we estimate MIMIC models for A, California, and Texas. Figure 1 shows
the path diagram of the benchmark specificatiore¢Bigation 1) using the indicators (linewatch
and non-linewatch apprehensions) and core detemtsiiod illegal immigration (border
enforcement, the state’s unemployment rate, the’'staeal wages, the Mexican unemployment
rate, and Mexican real wages). In the next stepyseethe estimation results to calculate an index
of the latent variable for each state and poitithie. Applying a benchmarking procedure, these

indices are transformed into “real world figurediieh finally provide the development of illegal

13 Since the covariance matrix af= A¢ +¢ is constrained likelT , the estimation of the model requires the

normalization of one of the elements of the vectoo ana priori value. A comprehensive description of this
methodology is for example presented in Bollen @98
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immigration from Mexico to the U.S. over time.

[Insert Fig. 1 about here]

4.2. Data
To estimate the MIMIC models, we use monthly detanf1985 to 2004. Our sample is restricted
to this period for two reasons. First, monthly daethe unemployment rate in Mexico is only
available from 1985. Second, monthly data on litetvand non-linewatch apprehensions is only
available through September 2004. Table A.1 in AgdpeA presents the empirical identification,
data sources, and definitions for each of the ket

Since MIMIC models with non-stationary time sepesduce misleading estimates, we test for
unit roots. We examine each time series underuahldnypothesis of a unit root against the
alternative of stationarity using the Augmentedieigc Fuller (ADF) test. We find that most of the
variables — except for the variables measuringamestemperatures at the U.S.-Mexico border and
coyote prices in Arizona — are not stationary irels. Consequently, the non-stationary variables
are transformed into first differences and re-tkstes the null hypothesis can now be rejected, we
use the first difference of all variables exceptdeerage temperatures and coyote prices in Arizona

— which enter the MIMIC model estimations in levéls

4.3. Estimation results

Tables 1, 2, and 3 present the results of our Mikti&lel estimations for illegal immigration from

14 Testing stationarity against the alternative efpiesence of a unit root using the Kwiatkowskillips, Schmidt,
and Shin (KPSS) test confirms the results obtaimethe ADF test. The results of the unit rootsgest not
reported but available upon request. We also tdetetbintegration between I(1) indicators and ¢beresponding
determinants but could not confirm any unambigumistegration relation.
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Mexico to Arizona, California, and Texas, respesiin/” For each state, we estimate the same set
of eight different MIMIC model specifications. Sjifezation 1 is our benchmark specification.
Specifications 2 to 8 include one additional causalable each, as explained in Section 3. As
already mentioned, the estimation of a MIMIC masejuires the normalization of one of the latent
variable’s indicators. The indicator chosen alsegeines the unit of measurement of the latent

variable (Bollen, 1989). In our estimations, wetketcoefficient of linewatch apprehensions {3 1.
[Insert Tables 1, 2, and 3 about here]

The MIMIC model estimations show that labor marda@tditions and border enforcement are the
major determinants of illegal immigration from Meaito the U.S. Although the results are
heterogeneous among the states, we find some siredathe expected revenues (determined by
better labor market conditions, i.e., higher reabes and a lower unemployment rate in the U.S.
state than in Mexico) and the expected costs (@mfercement) significantly influence the
decision to immigrate to the U.S illegally. In atiteh, both pull factors — higher real wages and a
lower unemployment rate in the U.S. state — as ageflush factors —lower real wages and a higher
unemployment rate in Mexico — are significant daieants of illegal immigration, although to
different degrees.

With respect to the labor market variables, themedion results reveal some heterogeneity
among the determinants of illegal immigration. \@hil Arizona the state unemployment rate is
the key pull factor, state-specific real wagefieskey pull factor in California and Texas. With
regard to push factors in Mexico — the Mexican veadje and the Mexican unemployment rate —

the results are also interesting. lllegal immignatio Arizona and California, for example, is drive

15 Al calculations have been carried out with LISREersion 8.80. Tables 1, 2, and 3 show the unstaliwkd
coefficients used in sub-section 4.4 to calculhtestate-specific illegal immigration indices. Ashustness check,
we also calculate these indices using standardiaefficients. Neither the estimation results ner ¢hlculated
indices is sensitive to the choice of coefficients.

'® The choice of the indicator to fix the scale af thtent variable does not affect the results.
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by Mexican real wages. lllegal immigration to Texas the other hand, is sensitive to changes in
the Mexican unemployment rate.

In the following we discuss the different empiriialdings concerning the labor market
determinants of illegal immigration to Arizona, @a@inia, and Texas. Our results suggest that the
decision to immigrate illegally to which U.S. bordgate is driven by differences in employment
opportunities. Our results also suggest that Aaz&@amalifornia, and Texas attract different types of
illegal immigrants who likely differ in their labanarket characteristics. We examine each state’s
industrial structure, average weekly wages, empéntropportunities, and border enforcement
policies to explain what types of illegal Mexicanmigrants might migrate to the states along the
U.S. Southern Border.

Hanson et al. (2002) find that immigrants are pleviain industries requiring unskilled labor
such as the apparel, textile, food, and furnitoceistries-’ Based on their observations, we
calculate the share of employees in high-immigiashiistries relative to total employment in
Arizona, California, and Texas to proxy potentiedmoyment opportunities for illegal Mexican
immigrants. The employment shares together witlctineesponding annual average weekly wages
in each industry in each state are presented iteab

[Insert Table 4 about here]
Table 4 reveals that the share of employment ih-imgmigrant industries to total employment is
similar among the states — with some exceptions.cbmstruction and retail industries make up a
slightly smaller share of total employment in Galifia compared to Arizona and Texas. In Texas,
agriculture by far comprises the highest sharaergfleyment compared to agriculture in Arizona

and California. On average, California pays thénbgg wages, except in the agricultural and

7 According to Hanson et al. (2002), 32% of emplsyaerking in these industries in California’s bardegions in
1990 were Mexican immigrants.
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apparel industries — where the wages are highdsxas.

Fig. 2 displays the number of man-hours spent jiatyahe border per border mile in Arizona,
California, and Texas. It demonstrates that — aljhahe extent of border enforcement has
converged between the states since 1985 — thefregiprehension and, thus, the expected costs of
crossing the border illegally is highest in Califiarand lowest in Texas. Fig. 3 shows the
development of the unemployment rate in Arizondif@aia, and Texas. Unemployment has been
lower in Arizona than in California and Texas ftmast the entire observation period and
especially in the last two decades.

[Insert Figs. 2 and 3 about here]
Given more intense border enforcement in Califoamd Arizona, the expected costs for illegal
Mexican immigrants are higher when crossing theléointo these states. Since the higher
expected costs of illegal immigration to Califoraiad Arizona must be compensated by higher
expected wages, it is reasonable to assume tbgalilimmigrants entering California and Arizona
are driven more by wage incentives than illegal igramts entering Texas. The higher wages in
California and the lower unemployment rate in Anadhus off-set the higher risk of apprehension
in these states. This suggests that better-eduicabeigirants will cross the border into these states
Since well-educated immigrants most likely had jabd faced a lower risk of unemployment risk
in Mexico compared to less-educated Mexicans, kal/Mexican wages is the determining push
factor for illegal immigration from Mexico to Catifnia and Arizona. This suggests that California
may attract higher-skilled immigrants who can bereim the high wage level. Arizona offers
better access to employment as demonstrated Isyghiéicant negative correlation between the
unemployment rate in Arizona and illegal immigratioom Mexico to Arizona.

Our results confirm similar findings by Orreniugdatavodny (2005). They point out that more

intense border enforcement leads to better edudbggdl immigrants. Thus, the average skill level
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of illegal immigrants in Arizona and California (efe border enforcement is much higher than in
Texas) should be higher than the average skill lefvdlegal immigrants in Texas. Less-educated
immigrants — who are more likely affected by higteges of unemployment in Mexico — may more
actively respond to changes in the unemploymeatinaexico than better-educated immigrants.
Likewise, the relatively low expected costs ofghéimmigration in Texas suggest that less-
educated illegal immigrants will cross the boraeoithis state. The relatively high importance of
agriculture — as indicated by the higher sharegataltural to total employment in that state
compared to Arizona and California — further ens@@equate employment opportunities for these
types of illegal Mexican immigrants.

In addition to labor market conditions, border eéoément is a major determinant of illegal
immigration. We find that more intense border ecéonent significantly deters illegal immigration
for all states and all specifications. That is, iigher the probability of being caught at the leord
the higher the expected costs for illegal immigsand, thus, the lower the rate of illegal
immigration,ceteris paribusThis result confirms the findings of Hanson apdi®bergo (1999)
and Davila et al. (2002).

For Specifications 2 to 8, we include another \@eadditional to the labor market variables
and border enforcement. Specification 2 testsrtpact of coyote prices on illegal immigration
across the U.S.-Mexico border. For none of thestdb we find significant evidence that higher
coyote prices decrease the incentive to immigtatgaily.

Specification 3 tests whether higher than averaggeratures in U.S.-Mexico border regions
reduces illegal immigration as outlined in Hypoikds We cannot confirm this hypothesis for any
of the three states. This suggests that illegaliddeximmigrants do not take the health risks of
high temperatures (particularly in summer) intocart when deciding when and where to cross

the U.S.-Mexico border. This supports anecdotalerwie that Mexicans would rather risk
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dehydration and/or death rather than apprehensioherefore cross the border in less-patrolled,
higher temperature regions like the Sonoran Desert.

Specifications 4 to 6 test the effect of gubernat@lections, party affiliation of the governor,
and presidential elections on illegal immigraticespectively. In general, we cannot confirm that
illegal immigrants anticipate the effects of paliti business cycles on U.S. immigration policies
with one exception. In California, illegal immigi@n is significantly lower during presidential
election years than during non-presidential elecyi@ars, which may partly support our hypothesis.
Apparently, illegal Mexican immigrants anticipat@ma restrictive immigration policies in
California during presidential election years.

Specifications 7 and 8 examine the influence of iglaxinflation and admissions. In none of
the states do we find significant evidence to suppar hypotheses. Instead, it appears that the
decision whether to immigrate illegally to the UisSinfluenced solely by labor market conditions
and the intensity of border enforcement.

Turning to the indicators, we find a highly sigoént, positive relationship between illegal
immigration and the number of non-linewatch appnsians in each U.S. state for alll
specifications. This confirms our hypothesis thatmumber of successful attempts to cross the
border is a valid indicator of the level of illegaimigration. We also find a positive relationship
between illegal immigration and linewatch apprel@ms which supports our hypothesis that the
number of linewatch apprehensions is a valid irtdicaf illegal Mexican immigration. According
to the MIMIC model’s identification rule explainéd sub-section 4.1, this indicator has been fixed
and, thus, has no z-statistic.

All of the MIMIC models estimated show satisfactomerall goodness-of-fit statistics as
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shown in Tables 1 to 3. The models fit the datdyfaiell, and the g-plot§ demonstrate a
sufficiently normal distribution of the standardizessiduals, i.e., the difference between the
observed and the fitted covariance matrices. Wetbiee accept the validity of the MIMIC models
estimated and calculate long-term illegal immignatindices for Arizona, California, and Texas, as

explained in the next sub-section.

4.4. Long-term trends in illegal immigration fromekdco to the southern U.S. Border States

The MIMIC coefficients estimated allow us to caktel monthly estimates of the number of illegal
Mexican immigrants entering Arizona, Californiagahexas between 1985 and 2004. First, we
derive an exogenous base value for the averagaviad illegal Mexican immigrants using expert
estimates. Second, we apply a benchmarking proed¢duhe base value and calibrate a time series
of illegal Mexican immigration.

The residual approach is the most common procadige in the literature to estimate numbers
of illegal immigrants. It is calculated by subtiagtthe number of immigrants with permanent or
temporary legal status in the U.S. from tbi&l number of (legal and illegal) foreign-born
individuals residing in the U.8.The accuracy of estimates of the number of illégahigrants
depends on the accuracy of estimates of mortaigsy immigration rates, and the total immigrant
population. For these reasons, this paper doesftinerattempt to provide exact estimates of illegal
immigration but rather to estimate the developneg¢iitegal immigration to the U.S. Southern
Border States from Mexico over time. Table 5 preséwe expert estimates of the annual inflow of
illegal Mexican immigrants to the U.S. The highestimate — 398,000 per year between 1995 and

2006 — comes from Passel (2007). The averageimsatst to be 350,000 per year.

18 Available upon request.
19 See Hanson (2006) for a more detailed discussion.
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[Insert Table 5 about here]
We use expert estimates of the state of residenitegal immigrants in the U.S. — presented in
Table 6 — to estimate the number of illegal Mexizamigrants in each of the border states
Arizona, California, and Texas,. These shares teftareign-born illegal immigrants of all
nationalities. We assume that the choice of resielef all illegal immigrants applies to illegal
Mexican immigrants as weif. The most popular spot is California — where 262l illegal
immigrants in the U.S. reside. This comes as nprisér given the relatively high wages and large
labor market in California. Texas and Arizona agtdar 13.5% and 4.3% of all illegal
immigrants, respectively.

[Insert Table 6 about here]
To calculate the average base value of the inflbiegal Mexican immigrants into each state, we
multiply the expert estimates of illegal Mexicammgrants to the U.S. as a whole presented in
Table 5 by the mean expert estimates of the regadlogation of illegal immigrants presented in
Table 6. Table 7 reports the results. Accordintpése calculations, between 13,000 and 17,000
Mexican immigrate to Arizona illegally each yeahelnumber of illegal Mexican immigrants to
California and Texas varies — depending on therexgstimate — between 79,000 and 105,000 each
year and between 41,000 and 54,000 each yearcteghe These base values allow us to
calculate time series for illegal immigration usthg benchmarking procedure promoted by
Dell’Anno and Schneider (2006), Dell’Anno (2007ydeDell’Anno and Solomon (2008).

[Insert Table 7 about here]
We first calculate the MIMIC model index of illegahmigration by multiplying the coefficients of

the significant causal variables by the respediie series. Given the five base value estimates fo

% This assumption may be justified given the faet §7% of all undocumented foreign-born individuial€002
were Mexican (Passel, 2005).
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each state presented in Table 7, we calculateviindiC indices for Arizona (AZ), California

(CA), and Texas (TX) using benchmark SpecificaioAccording to the MIMIC model’'s
identification rule, the number of illegal Mexicanmigrants is measured in apprehensions of
illegal Mexican immigrants in the same period framich the base value is derivEdHanson’s
(2006) base value, for example, represents the aeuoihllegal Mexican immigrants as measured
by the annual average number of illegal Mexican ignamts apprehended between 1996 and 2001.
The MIMIC indices are calculated as outlined in Hd3, (5), and (6) for Arizona, California, and

Texas, respectively:

5~ AZ

T}
Immigrant

> =-0.51MEnforcement” -0.2Unemploymert* -0.124Wage“'™, (4)

ase period

~CA

M - =-0.39UEnforcemerft" +0.124Wage¢™” -0.301Wage", (5)
Immigrant

ase period

5TX

h
Immigrants,

< =-0.551Enforcement’ +0.141Wage”™ +0.151Unemploymert=*. (6)

ase period

We aggregate the monthly values of the MIMIC indegr the last 12 months in order to relate the
monthly MIMIC index to the average annual base @a@nd obtain annualized estimates for illegal
immigration. Eq. (7) presents the aggregation foréna:

~AZ ~ AZ
i 11 \
t _ i

: Z
Immigrants;.. period

= Z - ) 4
i=0 Immlgrantézase periol "

where ﬁtAZ is the annualized MIMIC index of Eqg. (4). The aggated values for California and

Texas are similarly obtained using Egs. (5) andré&pectively.

We then convert the annualized MIMIC index intanaet series of illegal immigration which

2L As outlined in sub-section 4.3, linewatch appreitms are used as an index variable in order tatifgehe

MIMIC model. The denominator of the index thus dgqube number of linewatch apprehensions in the pasiod.
As the latent variable is measured in units offitked indicator, illegal immigration is measuredapprehensions of
illegal immigrants at the border in the base period
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takes the average base value in the base perlmtegisin Table 7. For Arizona, the annualized

number of illegal immigrant#7,** at timet is given by:

7 AZ H VA
]_”[AZ - Ht lmmlgrant ase period 7 AZ 8
t T | . t z Ij[Az Base perioc’ ( )
mmigrantg,qe period Base period

z

where A% immigrantg, ,er0s denotes the value of the annualized MIMIC indemantht

VA
Base peric

according to Eq. (7)H %% Immigrant

Base period is the average value of this index in the

period from which the expert estimate is taken, Aiftf.., jerioc

is the exogenous average annual
expert estimate of illegal Mexican immigrants emigiArizona in the base period. The base period

for Hanson’s (2006) expert estimate, for examgld,996 to 2001, and the exogenous average
annual inflow of illegal Mexican immigrants to Adaa, H .01 iS 17,000. The calibrated

MIMIC indices for California and Texas are similaderived using the annualized uncalibrated
MIMIC indices and the corresponding base valuesrted in Table 7.

Figs. 4 to 6 show the calibrated MIMIC indices fgizona, California, and Texas,
respectively. Each figure displays four differamdices to show how the base value affects the
estimated size of illegal immigratiAA first inspection of the calibrated indices releethat the
indices with base values including the 1990s, Hanson (2006) and Passel (2007), exceed those
with base values in the 2000s only, i.e. Pass@l@pand Hoefer et al. (2008)/Passel and Cohn
(2008), (see also Tables 5 and 7). In the 198D@® deriod, illegal immigration from Mexico
shows no clear time trend but rather exhibits ldligeuations.

[Insert Figs. 4, 5, and 6 about here]

Between 1985 and 1993, the annualized inflow efdl Mexican immigrants to California

%2 Since both Passel and Cohn (2008) and Hoefer €2G08) estimate the annual inflow of illegal Mea
immigrants to the U.S to be 330,000, we display amie index.
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fluctuated around the mean relatively closely, bitinig a slight downward trend between 1985
and 1989. The outbreak of a financial crisis afzbeguent devaluation of the peso in 1994/95 led
to a severe Mexican recession: real wages felB88% and the unemployment rate rose by 2%
within one year after the outbreak of the crisiDegcember 1994. These adverse labor market
conditions acted as a push factor for illegal inmatiign, resulting in a 60% increase in the number
of illegal Mexican immigrants to California betwe&®94 and 1995.

On October 1, 1994, a new border patrol plan tobagniegal immigration — Operation
Gatekeeper — was launched at Imperial Beach statithe San Diego sector of the border. Its
purpose was to better equip the station with, ¥angple, four wheel drive vehicles and infrared
night scopes in order to shift illegal immigranés®vards — where the Border Patrol believed it had
a strategic advantag@Over time, the same operational concepts haveibgg#emented at the
remaining border stations in an easterly progressiong the California-Mexico border.
Gatekeeper Phases Il (June 1995 to May 1996) a(@dtober 1997) sent resources to East
County and Imperial County to address increasékegal immigration traffic in these areas. Fig. 5
shows that the strengthening of the border patrdlthe recovery of the Mexican economy brought
illegal immigration back to pre-crisis levels inQB lllegal immigration remained at these levels
until 2001.

Figure 4 shows the pattern of illegal immigratiooni Mexico to Arizona. The level of illegal
immigration was relatively stable from 1985 to 2@@th temporary fluctuations attributable to
changes in the intensity of border enforcementokahg the launch of Operation Gatekeeper in
California on October 1, 1994 illegal immigratidmfted eastwards from southern California to
Arizona — leading to relatively large inflows dejal immigrants into Arizona in the fall of 1994.

Consequently, Operation Safeguard was launchéifiicson Sector in late 1994. The operation

3 For details on the INS’s Southwest Border Strategg General Accounting Office (2001).
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was intended to complement the enforcement aetsviti California and make illegal immigration
into Arizona more difficult. Fig. 4, however, shotist the first phase of Operation Safeguard did
not have the expected impact on illegal bordersings — with the exception of a minor decrease in
1995/96. In 1999, Operation Safeguard was intetsifiesulting in heavy declines in 2000 and
2001.

Figure 6 presents the development of illegal imatign from Mexico to Texas. It shows that
the first major impact of U.S. border patrol pagion illegal immigration to Texas occurred in
1993. Operation Hold-the-Line — launched on Septerib, 1993 along the border between El
Paso, Texas and Juarez, Mexico — initially sigaifity reduced illegal immigration. Because of the
financial crisis and subsequent economic downtuiMexico in 1994/95, however, the effect was
only temporary.

Fig. 7 presents the average of the MIMIC indicesefich state calculated as the arithmetic
mean of the four indices used in Fig. 4 to 6, respely. This enables us to compare the patterns of
illegal Mexican immigration for Arizona, Californiand Texas. For example, illegal immigration
is highest in California and lowest in Arizona. Téare erratic fluctuations in illegal immigration
to both California and Texas until 1993. lllegahmgration then declined in both states as result of
Operations Hold-the-Line (in Texas in 1993) andekeeper (in California in 1994) and then
increased sharply following the financial crisidMiexico in 1994/95. Following the economic
recovery in Mexico, illegal immigration fell to paisis levels in both states. lllegal immigration
from Mexico to Arizona remained fairly stable ur&00 when the reinforced Operation Safeguard
began successfully to deter immigrants from engettve U.S. illegally.

The U.S. further tightened enforcement of the WASxico border following the 9/11 terrorist
attacks as officials feared that al-Qaida operatoreother terrorist groups might try to enter the

U.S. illegally via the border to Mexico. This nevaén U.S. (southern) border policies had a
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significant impact on illegal Mexican immigratiom €ach of the three border states. The inflow of
illegal Mexican immigrants fell substantially inetthast quarter of 2001, recovered in 2002, and fell
again in 2003. Overall, the post- 9/11 border pedienay have contributed to higher volatility in
illegal immigration from Mexico to Arizona, Califoia, and Texas compared to the 1980s and
1990s.

[Insert Fig. 7 about here]
The indices presented in this paper are — to cowledge — the first state-specific time series
estimates of illegal immigration from Mexico to Aoina, California, and Texas. This makes it
difficult to assess the accuracy of our estimatés.can, however, compare them to the expert
estimates for the U.S as a whole. We have therefggesgated the individual indices shown in Fig.
7 to provide an overall index of illegal Mexicannmgration. This index, presented in Fig. 8,
illustrates total illegal immigration from Mexico fArizona, California, and Texas.

[Insert Fig. 8 about here]
As a simple robustness check, we compare the d@ssroathe index presented in Fig. 8 with the
expert estimates of illegal Mexican immigrantsdesgj in the U.S. as a whole between 2000 and
2008 presented in Passel and Cohn (2008, p. 3nrdiog to Passel and Cohn, the number of
illegal Mexican immigrants to the U.S. increasedlb®,000 from 2000 to 2001, by 400,000 from
2001 to 2002, by 200,000 from 2002 to 2003, an808,000 from 2003 to 2004. Considering that
approximately 50% of all illegal Mexican immigraméside in Arizona, California, and Texas, the
expert estimates in Passel and Cohn (2008) aréstemtswith our estimation of illegal
immigration from Mexico to these border states seaand Cohn (2008) also find a similar pattern
of volatility in illegal Mexican immigration as psented in Fig. 8. This suggests that the indices of
illegal Mexican immigration to Arizona, Californiand Texas presented in this paper are

reasonably accurate.
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5. Summary and conclusions

We analyze illegal immigration from Mexico to Ariza, California, and Texas between 1985 and
2004 using a MIMIC model. We explicitly consideethinobservable nature of illegal immigration
using non-linewatclandlinewatch apprehensions. This accounts for bathessful and
unsuccessful attempts to enter the U.S. illegyimating a distinct MIMIC model for each state,
we identify the determinants of illegal Mexican ingnation to each state. The significant
determinants are then used to calculate estimatéld inflow of illegal Mexican immigrants to
Arizona, California, and Texas.

We find that labor market conditions in Mexico ahd U.S. state and the intensity of border
enforcement in that state significantly affectgié Mexican immigration to that state. The MIMIC
indices calculated reveal that — in general —dle@dexican immigration is relatively stable over
time. Several events caused fluctuations in thismtise stable level. The outbreak of the peso
crisis in Mexico in December 1994, for exampleuhesl in a decline in real wages and a rise in the
unemployment rate in Mexico, leading to a massieedgase in illegal immigration in 1995. Several
border enforcement operations, such as OperatidairtHe-Line in Texas, Operation Gatekeeper in
California, and Operation Safeguard in Arizonapgef brief success in deterring illegal
immigration. The estimation results also show timaprinciple, an increase in border enforcement
— as measured by man-hours spent patrolling thdeberreduces illegal immigration. The attacks
of September 11, 2001 induced a fundamental chandeS. border enforcement policy: the
Southern border has been scrutinized as a potgotiabf entry for terrorists. As a result, increas
in the number of man-hours spent patrolling thelb have led both to massive declines and to
increased volatility in illegal immigration.

Our results have significant implications for pghtakers. Our findings suggest that more
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intense border enforcement effectively deters Maxienmigrants from entering the U.S. illegally.
The recent shift of illegal border crossings foha highly guarded California-Mexico border to the
relatively unguarded and hazardous Arizona-Mexiwb Bexas-Mexico borders might also be
interpreted as evidence in favor of an effectivietence effect. This implies that further
intensification of border enforcement could rediliegal immigration. To achieve convergence in
the risk of apprehension at the border, additioesdurces should be channeled to Arizona and
Texas and, thus, to reduce the number of deathtewicans trying to cross the border at
unguarded but hazardous spots like the SonoranrtDeggizona.

A second implication concerns potential U.S. finahsupport for Mexico in times of financial
and economic crisis. The Mexican peso crisis ind1®®, for example, demonstrates that a severe
financial crisis — and the resulting adverse effect Mexican labor market conditions — increases
illegal immigration to the U.S. U.S. financial suppcould help the Mexican government cope
with the crisis and its adverse effects on Mexiedor market conditions, thereby avoiding an
increase in illegal immigration in the U.S. Thisutgbbe a useful policy to pursue in light of the
recent subprime crisis. In the long run, it migatdieaper for the U.S. to provide financial help to
Mexico than to bear the costs of an increase iteth@ supply — caused by illegal Mexican

immigration — especially considering the now redexels of unemployment in the U.S.
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Tablel

lllegal immigration to Arizona

Determinants Specification
1 2 3 4 5 6 7 8

Border enforcement -0.51** -0.51*** -0.52%** -0.52%** -0.52%** -0.51*** -0.51*** -0.51***

(9.50) (9.72) (9.92) (10.08) (9.96) (9.76) (9.60) (9.73)
Arizona -0.21%** -0.20*** -0.21%** -0.22%** -0.21%** -0.21%** -0.20*** -0.20***
unemployment rate (2.70) (2.76) (2.86) (2.81) (2.76) (2.74) (2.72) (2.81)
Arizona real wage 0.05 0.05 0.05 0.05 0.05 0.04 0.04 0.05

(0.93) (0.99) (1.12) (0.97) (0.95) (0.87) (0.85) (0.94)
Mexican 0.03 0.03 0.04 0.03 0.03 0.04 0.03 0.03
unemployment rate (1.07) (1.11) (1.24) (1.16) (1.15) (1.24) (1.11) (1.10)
Mexican real wage -0.12%+*  -Q.12%** -0.11** -0.12%** -0.12%** -0.12%** -0.12%** -0.12%**

(2.52) (2.56) (2.17) (2.54) (2.50) (2.46) (2.38) (2.61)

Coyote prices

Temperature

Governor election
year dummy
Governor party

dummy

0.02
(0.32)
-0.03
(0.59)

-0.01
(0.10)
-0.02
(0.24)
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Presidential election -0.14

year dummy (1.18)

Mexican inflation 0.03

rate (1.28)

Mexican admissions -0.01
(0.46)

Indicators

Linewatch 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

apprehensions

Non-linewatch 0.96*** 0.96*** 0.94*** 0.92%** 0.93*** 0.96*** 0.96*** 0.96***

apprehensions (6.44) (6.70) (6.81) (6.93) (6.91) (6.53) (6.61) (6.83)

Statistics

Chi-squared 11.13 11.43 12.40 13.14 12.09 11.45 5011. 11.50

Degrees of freedom 19 26 26 26 26 26 26 26

GFI 0.98 0.98 0.99 0.98 0.99 0.98 0.98 0.98

RMSEA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Note: Absolute z-statistics in parentheses; **** denote significance at the 10%, 5%, and 1% lexespectively. If the model
fits the data perfectly and the parameter valuekaown, the sample covariance matrix equals thiar@nce matrix implied by
the model, i.eS = 5(8). The null hypothesis of perfect fit corresponditgh values of the Goodness-of-Fit Index (GFI)
(Mulaik et al. 1989). The root mean squared erf@approximation (RMSEA) measures the model’s fédzhon the difference
between the estimated and the actual covariana&nRMSEA values smaller than 0.05 indicate a gfio@rowne and

Cudeck 1993).
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Table2
lllegal immigration to California

Determinants Specification
1 2 3 4 5 6 7 8
Border enforcement ~ -0.39*** -0.39*** -0.39*** -0.39*** -0.39*** -0.39***  -0.39*** -0.38***
(11.76) (11.82) (11.87) (11.72) (11.80) (12.12)  (11.87) (11.77)

California -0.02 -0.02 -0.02 -0.02 -0.02 -0.03 -0.02 -0.01
unemployment rate (0.21) (0.21) (0.24) (0.22) (0.22) (0.32) (0.30) (0.16)
California real wage 0.12* 0.12* 0.13** 0.12** 0.12* 0.10* 0.12* 0.11*

(1.90) (1.96) (2.18) (1.98) (1.88) (1.66) (1.92) (1.72)
Mexican -0.01 -0.02 -0.02 -0.01 -0.01 -0.02 -0.01 -0.01
unemployment rate (0.22) (0.33) (0.28) (0.20) (0.26) (0.38) (0.21) (0.25)
Mexican real wage -0.30***  -0.31*** -0.31*** -0.30*** -0.31*** -0.30*** -0.29*** -0.32%**

(4.24) (4.28) (4.40) (4.34) (4.35) (4.14) (4.04) (4.49)
Coyote prices -0.00

(0.14)
Temperature -0.02
(0.29)

Governor election -0.11
year dummy (0.84)
Governor party 0.00
dummy (0.02)
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Presidential election

-0.23**

year dummy (2.19)

Mexican inflation 0.04

rate (0.86)

Mexican admissions -0.03
(0.57)

Indicators

Linewatch 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

apprehensions

Non-linewatch 0.25*** 0.24*** 0.25*** 0.25*** 0.25*** 0.24*** 0.25*** 0.23***

apprehensions (4.56) (4.82) (4.81) (4.71) (4.60) (4.55) (4.78) (4.32)

Statistics

Chi-squared 8.20 8.92 9.25 10.40 8.39 9.64 8.75 7513.

Degrees of freedom 19 26 26 26 26 26 26 26

GFI 0.98 0.98 0.99 0.98 0.99 0.98 0.98 0.97

RMSEA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Note: Absolute z-statistics in parentheses;
fits the data perfectly and the parameter valuekaown, the sample covariance matrix equals tkiar@nce matrix implied by
the model, i.eS = 5(8). The null hypothesis of perfect fit corresponditgh values of the Goodness-of-Fit Index (GFI)
(Mulaik et al. 1989). The root mean squared erf@approximation (RMSEA) measures the model’s fédzhon the difference
between the estimated and the actual covariana&nRMSEA values smaller than 0.05 indicate a gfio@rowne and

Cudeck 1993).

,denote significance at the 10%, 5%, and 1% lexespectively. If the model
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Table3
lllegal immigration to Texas

Determinants Specification
1 2 3 4 5 6 7 8

Border enforcement ~ -0.55*** -0.55*** -0.54*** -0.55%** -0.55%** -0.55***  -0.54*** -0.55%**

(11.29) (12.79) (11.38) (11.62) (11.40) (11.39)  (11.26) (11.37)
Texas 0.02 0.01 0.01 0.03 0.03 0.01 0.01 0.02
unemployment rate (0.21) (0.31) (0.33) (0.83) (0.70) (0.30) (0.40) (0.47)
Texas real wage 0.14** 0.13* 0.14** 0.14** 0.15** 0.14** 0.14** 0.14**

(1.99) (1.91) (2.15) (2.11) (2.23) (2.05) (2.12) (2.05)
Mexican 0.15%** 0.15%** 0.14*** 0.15%** 0.15%** 0.15%** 0.15%** 0.15%**
unemployment rate (2.81) (2.74) (2.70) (2.92) (2.91) (2.83) (2.90) (2.86)
Mexican real wage -0.09 -0.08 -0.09 -0.08 -0.07 -0.08 -0.03 -0.08

(0.91) (0.86) (0.89) (0.95) (0.75) (0.83) (0.29) (0.88)
Coyote prices 0.06

(1.04)
Temperature 0.07
(1.13)

Governor election -0.19
year dummy (1.43)
Governor party -0.13
dummy (1.17)
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Presidential election 0.00

year dummy (0.04)

Mexican inflation -0.00

rate (0.03)

Mexican admissions 0.01
(0.32)

Indicators

Linewatch 1.00 1.00 1.00 1.00 1.00

apprehensions

Non-linewatch 0.67*** 0.68*** 0.67*** 0.66*** 0.67***

apprehensions (11.55) (11.82) (11.57) (11.37) (11.80)

Statistics

Chi-squared 3.97 4.97 4.74 11.36 142

Degrees of freedom 19 26 26 26 26

GFI 0.99 0.99 0.99 0.98 0.99

RMSEA 0.00 0.00 0.00 0.00 0.00

Note: Absolute z-statistics in parentheses;

,denote significance at the 10%, 5%, and 1% lexespectively. If the model

fits the data perfectly and the parameter valuekaown, the sample covariance matrix equals thiar@nce matrix implied by
the model, i.eS = 5(8). The null hypothesis of perfect fit corresponditgh values of the Goodness-of-Fit Index (GFI)

(Mulaik et al. 1989). The root mean squared erf@approximation (RMSEA) measures the model’s fédzhon the difference
between the estimated and the actual covariana&nRMSEA values smaller than 0.05 indicate a gfio@rowne and

Cudeck 1993).
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Table4

Employment shares and annualized average weeklgsvag

Industry Arizona California Texas Arizona Califaani Texas
Employment share (1990-2004) Weekly average w20@1(2004)

Agriculture 0.85% 1.63% 2.51% 341 381 399
Apparel 0.09% 0.70% 0.41% 428 446 458
Construction 6.79% 4.96% 6.30% 671 821 713
Food 0.38% 0.93% 0.86% 586 663 634
Furniture 0.34% 0.40% 0.27% 544 585 o547
Restaurant 5.71% 5.13% 5.30% 243 275 253
Retail trade 11.92% 10.45% 11.48% 487 542 465
Textile 0.09% 0.19% 0.12% 583 535 499
Wood 0.32% 0.25% 0.30% 543 636 584

Source: Employment share by industry: Bureau ohBouc Analysis; weekly average wages: Bureau obkab

Statistics.
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Table5
Average estimated inflow of illegal Mexican immigtato the U.S. per year

Study Period considered Average estimated inflow of dledgexican

immigrants into the U.S. per year

Hanson (2006, p.875) 1996 to 2001 393,000
Passel (2006, p.5) 2000 to 2005 300,000
Passel (2007, p.24) 1995 to 2006 398,000
Passel and Cohn (2008, p.3) 2000 to 2007 330,000
Hoefer et al. (2008, p.4) 2000 to 2007 330,000

Note: To calculate the 2001 stock of illegal MexisaHanson (2006) uses the median undercountfra@oused in Bean et
al. (2001).

44 of 52



Table6

lllegal foreign-born population by U.S. state dfidence in percentage of total illegal foreign-bpopulation in the U.S.

Study Period Arizona California Texas Other states
considered
INS (2001, p.15) 2000 4% 31.6% 14.9% 49.5%
Passel (2005, p.6) 2002t0 2004 5% 24% 14% 47%
Passel (2007, p.25) 2006 35% 22.4% 11.6% 62.5%
Hoefer et al. (2008, p.4) 2000 4% 30% 13% 43%
2007 5% 24% 14% 47%
Mean value 4.3% 26.4% 13.5%

Note:? Share calculated by the authors. Passel (2003) mstimates that around 400,000 illegal foreigmbodividuals
resided in Arizona in 2005. Using the total numbiemndocumented foreign-born individuals in the LeSimated at
11,532,000 (Passel 2007, p. 25) this yields a stfaasound 3.5% for Arizona.
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Table7
Average estimated inflow of illegal Mexican Immigta by state of residence per year

Study Arizona California Texas Other states U.S.
Hanson (2006, p.875) 17,000 104,000 53,000 219,000 393,000
Passel (2006, p.5) 13,000 79,000 41,000 167,000 ,0800
Passel (2007, p.24) 17,000 105,000 54,000 222,000 98,080
Passel and Cohn (2008, p.3) 14,000 87,000 45,000 4,008 330,000
Hoefer et al. (2008, p.4) 14,000 87,000 45,000 (06213 330,000

Note: Estimates have been calculated by usingvibiage inflow of illegal Mexican immigrants per yé&able 5) times the
mean estimate for the share of illegal foreign-bormmigrants residing in the particular U.S. statal{le 6). Results are
rounded to 1000.
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Fig. 1. Path diagram for illegal immigration

Note: The squares attached to the arrows indibatexpected signs for the relationships betweeddteminants

and indicators and the latent variable as hypathdsn Section 3.
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Appendix A. Data sour ces and definitions

Table A.1. Data sources and definitions

Variable

Definition Source

Determinants

Border enforcement (in P person-hours spent by the U.S. Customs Unpublished records of the

U.S. state)

Unemployment rate (in
U.S. state)
Real wage (in U.S.

state)

Mexican
unemployment rate

Mexican real wage

Coyote prices (in U.S.

state)

and Border Patrol (CBP) at the Arizona-, U.S. Immigration and
California-, or Texas-Mexico border divided Naturalization Service
by total apprehensions in that state (INS), Hanson (2006)
Unemployed persons in percent of the total Bureau of Labor Statistics
labor force, seasonally adjusted (BLS)
Real average manufacturing hourly earnings Average hourly earnings:
in constant U.S dollars, deflator: consumer current employment
price index (CPI) in the state-specific survey of the BLS;
metropolitan areas of Los Angeles (AZ and CPI of metropolitan area:
CA), Houston-Galveston-Brazoria (TX) BLS
Unemployed persons in percent of the total OECD Main Economic
labor force, seasonally adjusted Indicators

Real average hourly wage in naantufing, OECD Main Economic
seasonally adjusted; index Indicators
Real average coyote price in each state in  Average coyote price:
constant U.S. dollars; deflator: CPI in the compiled from MMP
metropolitan areas of Los Angeles (AZ and survey data; CPI of

CA), Houston-Galveston-Brazoria (TX) metropolitan area: BLS
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Temperature (in U.S.  Average temperature in the border counties dfinited States Historical
state) each state Climatology Network
(USHCN)
Governor election year Dummy variable taking the value one if
dummy governor election year in the respective U.S.
state, zero otherwise
Governor party dummy Dummy variable: one if the governor in the
respective U.S. state is member of the
Democratic party, zero otherwise
Presidential election  Dummy variable: one if U.S. presidential
year dummy election year, zero otherwise
Mexican inflation rate  Percentage change of theitéexCPI Banco de Mexico
Mexican admissions  Number of Mexican citizens obtaining legal Yearbook of Immigration
(U.S. federal level) permanent status Statistics (various issues),
U.S. Department of

Homeland Security

Indicators

Linewatch Individuals apprehended by the CBP at the Unpublished records of t
apprehensions (in U.S. Arizona-, California-, or Texas-Mexico INS, Hanson (2006)
state) border, seasonally adjusted

Non-linewatch Individuals apprehended by the CBP inside Unpublished records of t
apprehensions (in U.S. Arizona, California, or Texas at traffic INS, Hanson (2006)
state) checkpoints, raids on businesses or interior

patrols, seasonally adjusted
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