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Abstract: Recent qualitative evidence suggests that social networks play

an important role in potential migrants’ decisions to migrate and their choice
of destination. Yet even the latest literature employing microeconomics mi-
gration models with social networks often only estimates these models on
small household panel data sets. In this paper, I use the Mexican population
census to estimate a structural gravity model with social networks on inter-
nal migration flows from origin municipalities to destination states over three
recent five-year periods at the intensive and extensive margin. To proxy for
the social networks, I use internal migrant flows along the same corridor in a
previous time period. My results show that social networks affect migration
flows. At the extensive margin, a 1% increase in the size of the social network
increases by 5%, 12%, and 13% the likelihood of a migration corridor; at the
intensive margin, the equivalent social network elasticities are 19%, 30%,
and 32%. I identify the effects using origin and destination characteristics
as well as the presence of a migrant flow in 1960 to control for other factors
that could drive migration along these corridors. These results contribute
to both microeconomic and macroeconomic analysis of the determinants of
migration.



1 Introduction

Internal migration has overtaken birth and death as the primary source of

demographic change at the regional level in many countries. In 2019, an

estimated 763 million people worldwide lived outside the region in which they

were born (UNESCO, 2018). Often internal migration plays an important

role not only in population change but also in structural change, especially in

the form of rural to urban migration. Yet despite the size and significance of

this phenomenon, two important puzzles remain: who migrates and where?

In practice, internal migrants do not simply maximize the present value

of two competing income streams, as Roy (1951) predicted. Nor does the

introduction of self-selection by Borjas (1987) offer much clarity. In fact,

breaking down migration trends by age and education only adds to the puz-

zle. In some situations, internal migration exhibits positive selection: the

people who leave have the most to gain (Chiquiar & Hanson, 2005). In other

situations, internal migration exhibits negative selection: the people who

leave have the most to lose (Ibarraran & Lubotsky, 2007). These apparently

contradictory results suggest that factors other than potential income gain

play an important role in internal migration decisions.

Recent work has proposed that social networks at the destination may ex-

plain these seemingly contradictory results. McKenzie and Rapoport (2010)

show that migrants are negatively selected in communities with a high pro-

portion of outmigration and positively selected in communities with a low
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proportion of outmigration. Their work complements two other well-known

studies of the effects of social networks on migration. Carrington et al. (1996)

develops a model of endogenous moving costs to explain the internal mi-

gration destination choices of African-Americans in the 20th century of the

United States. Munshi (2003) documents network effects in US-Mexico mi-

gration. In both cases, migrants in one time period tend to follow migrants

from the same origin in previous time periods instead of simply seeking out

the highest wages.

The present paper finds that social networks are positively associated with

internal migration flows in Mexico from origin states to destination munici-

palities for men aged 25 to 55 from the Mexican population census in three

recent five year intervals (1995-2000, 2005-2010, and 2010-2015). I examine

this group of working age men as a sample that would be prone to migrate

for work instead of education or family reunification. As a proxy for these

men’s social networks, I use the total number of people from the same origin

state who migrate to the same destination municipality over the previous five

year interval. The absence of flows from approximately 75% of the possible

origin-destination pairs creates left censoring on the dependent variable. For

this reason, I model the extensive and intensive margin of the men’s inter-

nal migration as two distinct processes. The extensive margin refers to the

opening, remaining open, or closing of potential migration corridors across

the three time periods of interest. The intensive margin refers to the mag-

nitude of the migrant that pass through these corridors at a particular time
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period.

At both margins, I estimate three models on these internal migration

flows: a model with wage differences alone, a structural gravity model with

wage differences, and a structural gravity model with wage differences and the

social network proxy above. Adding additional covariates greatly increases

the predictive power of the model. For a representative time period (1995-

2000) at the extensive margin, differences in base wage and return to skill

explain 2.5% of the variation at the extensive margin; a structural gravity

model 26%; and a structural gravity model with social networks 39%. For

the same time period at the intensive margin, differences in base wage and

return to skill explain 5% of the variation; a structural gravity model 39%;

and a structural gravity model with social networks 58%.

In addition, adding these additional factors first reduces and then elimi-

nates the effect of the wage differences along a corridor on internal migrant

flows. In the first model, wage differences are significantly associated with mi-

gration. In the second model, the association with wage differences decreases

substantially but remains significant. In the third model, it decreases even

more and loses significance. Moreover, the magnitude of the association in-

creases across the three time periods. At the extensive margin, a 1% increase

in the size of the social network is associated with a 4.6%, 11.9%, and 12.6%

higher probability of the presence of a migration corridor, respectively, in the

three time periods. At the intensive margin, the social network elasticities

are 19%, 30.4%, and 31.9%. These empirical results show the importance
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of social networks in driving internal migration both at the extensive and

intensive margins for the time periods in question.

Four aspects of this paper warrant further explanation because of their

novelty. First, the novelty and the scale of my data source stand out as

the first use of multiple waves of nationally-representative census data to

examine internal migration with a structural gravity model augmented by

social networks. The original article on the role of diasporas in international

migration estimated a structural gravity model using cross-sectional data

from 195 origin countries to 30 destination countries in the Organization for

Economic Cooperation and Development (OECD) from 1990-2000 (Beine et

al., 2011). Most previous work in Mexico and elsewhere has used small-

scale panel data household surveys like the Mexican Migration Project, the

Mexican Family Life Survey, or the National Survey of Rural Households

(Cuecuecha & Pederzini, 2014; Durand & Massey, 2019). This work suggests

that social factors have come to dominate economic factors over time (Asad

& Garip, 2019). Even previous studies that estimated gravity models on

Mexican census data did not include social networks in their models (Ochoa

et al., 2018; Soloaga, Isidro et al., 2010). Thus this paper applies a frontier

model to a large-scale data set: three waves of nationally representative

Mexican census data.

Second, I follow Beine et al. (2011) in integrating the canonical mod-

els of migration from microeconomics and macroeconomics into a unified

framework. In the applied microeconomics models of Roy (1951) and Borjas
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(1987), potential migrants consider expected wage gain at the destination.

In the present case and others, these models do not often fit the data well.

In contrast, applied macroeconomics models the movement of people from

one region to another in terms of the relative populations of the two regions

and the distance between them using the same gravity model that it uses to

model the movement of goods (Anderson, 2011). Gravity models often fit

the data well but lack theoretical underpinning. The integrated model in the

present paper begins with an individual considering two destinations; uses

a multinomial logit to extend the choice to an arbitrary number of destina-

tions; and then considers the probability of migration to each destination at

the population level to estimate the migration flow from the origin to each

destination. I include destination population, distance, indigenous share at

origin and destination, and urban share at origin and destination as factors

that affect migration flows. Because this structural gravity model is still rel-

atively new in the literature, I offer a simplified derivation in section 2 based

on Beine et al. (2016).

Third, I use auxiliary Mincer regressions at the state and municipality

level to estimate the usual labor market parameters: base salary, return

to skill, and return to experience. I drop return to experience because of

the small magnitude. Instead of considering a representative worker (i.e.

a 25 year old internal migrant with an elementary school education), and

generating an average wage at origin and destination like Falaris (1987), I

difference the base salary and return to skill parameters at the origin and
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destination to account for heterogeneity across geographical regions in the

population of potential migrants. Intuitively, less educated rural to urban

migrants may be influenced more by base salary differences, whereas more

educated urban to urban migrants may be influenced more by differences

in return to skill. These differences go into the model as proxies for wage

differences between the origin and destination. To my knowledge, I am the

first person to model counterfactual wage differences in this way.

Fourth, I use a new approach to the econometric challenge of identification

of network effects. Here I use past migration flows as a proxy for social

networks and examine their association with present flows. One concern is the

possibility of serial correlation across time periods: unobserved time-invariant

factors like individual preferences or cultural proximity that would affect

both past and present migration flows along the same corridor. Previous

literature has used rainfall shocks at the origin (Munshi, 2003) or railroads

(Woodruff & Zenteno, 2007) as instruments to reduce the bias from this

potential serial correlation. Instead, I use the presence of a migration flow

in a given corridor in 1960 to control for ”the taste for migration,” non-

economic factors that could influence the migration flow along a corridor. I

justify the use of this control for both practical as well as theoretical reasons.

The earliest Mexican census that asks about migration is from 1960. At

this time, the structure of the Mexican economy was very different from the

present day in several important ways. 1960 predates the end of the Bracero

program of US agricultural visas (1964), the beginning of the maquiladora
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export manufacturing program (1964), the entry of Mexico into the General

Agreement on Tariffs and Trade (1986), and the entry of Mexico into NAFTA

(1994). Thus any migration corridors present in 1960 are due to either time-

invariant cultural factors or economic factors proper to that period but not

the time periods in question from 1995-2015. I argue that controlling for this

taste for migration allows me to model only time-varying migration trends

and estimate the effect of social networks on this migration. The inclusion

of the migration taste factor decreases the associations and elasticities that

I find above by at most 10%. This result suggests that the association of the

social networks and migration flows does not come from unobserved time-

invariant factors.

The results here matter not only in academic circles but also to poli-

cymakers who seek to accurately understand present and future migration

trends. In the short term, receiving communities integrate new migrants into

existing housing, jobs, schooling, and other programs. In many cases, NGOs

assist with this integration. In the long term, destinations plan to adjust

their infrastructure to account for future internal migration. Private enter-

prises as well benefit from information about future labor supply, since the

population I study in this paper primarily moves for work reasons.

The paper proceeds as follows. Section 2 develops a theoretical model of

migration flows from micro foundations to a structural gravity model with

social networks. Section 3 gives additional background on internal migration

and describes the data from the Mexican census. Section 4 describes the
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empirical method, including the Mincer models I use to estimate differences

in base wage and return to skill. Section 5 presents the results: determinants

of migration and social network elasticities at the extensive and intensive

margin. Section 6 concludes.

2 Theoretical Framework

This paper uses a structural gravity model that unifies the canonical mod-

els of migration from microeconomics and macroeconomics. In this section,

first I offer a conceptual overview of the simplifying assumptions required to

consider migration in terms of expected wage gain, the monetary and non-

monetary factors included in the cost of migration, and the proposed effect

of social networks on reducing these costs. Next, I review the microeconomic

migration model developed by Borjas (1987) and his discussion of positive

and negative selection. Finally, I summarize the structural gravity model

from Beine et al. (2011), which provides a bridge from a microeconomic

model like that of Borjas to the gravity model that applied macroeconomics

uses to analyze trade and migration flows. A key element of this paper’s

structural gravity model is the inclusion of social networks that reduce the

cost of migration.
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2.1 Conceptual Framework

Lucas (2021) describes the literature on rural-urban migration with a par-

ticular focus on the factors that affect migration flows and the effects of

migration on origin and destination. His taxonomy of migration allows me

to clarify the type of migration I will examine in this paper: potential mi-

grants migrate when the income at the destination is higher than the income

at the origin, taking into account the cost of migration. I make the following

assumptions about potential migrants and their migration decisions.

1. Potential migrants decide to migrate purely based on economic reasons.

This excludes other forms of migration, such as family reunification.

2. Potential migrants migrate permanently. This excludes seasonal mi-

gration or circular migration.

3. Potential migrants enjoy certain wages at the origin. This excludes the

impact of uncertainty around agricultural production or potential risk

aversion.

4. Potential migrants aspire to formal employment at the destination.

This excludes informal employment at the destination.

5. Potential migrants always find jobs at the destination. This excludes

the job search process or the possibility of unemployment or informal

employment at the destination.
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6. Potential migrants migrate based on a comparison between the income

at the origin and the income at the destination.

A rich literature following Harris and Todaro (1970) has modeled rural-

urban migration and the probability of obtaining a job in the formal sector

at the destination. With the simplifying assumptions above, I sidestep this

literature. Rather, the situations I consider align more with those consid-

ered by Banerjee (1991), who examines the case of migrants who migrate

with a pre-arranged job. This approach matches that of Falaris (1987), who

uses cross-sectional samples to pool movers and stayers across the possibil-

ity of multiple destinations within Venezuela, accounting for selection into

migration but ignoring job search frictions and the existence of the informal

sector.

Monetary gains not only come in terms of improved wages for the same

occupation but also in terms of wage gains from occupational sorting. Pre-

viously Roy (1951) had proposed that individuals will choose the occupation

that matches their endowment. He uses the example of occupational sorting

into hunting and fishing. The endogeneity of this decision biases any attempt

to estimate the effect of the occupation on the individual’s income. Individ-

ual unobservables like ability could effect both the choice of occupation as

well as the realized income.

Moreover, since a potential migrant considers lifetime earnings, different

aged workers will approach the migration investment decision in different

ways; for younger potential migrants, the potential return is larger than for
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older potential migrants, for example.

Within this framework of income comparison, potential migrants also

consider the cost of migration. Sjaastad (1962) first introduced this notion

of the cost of migration in his model, which treats migration as an invest-

ment in the migrant’s own human capital. He considers two types of costs:

monetary and non-monetary. Monetary costs include the cost of moving and

the increase in cost of living at the destination. Non-monetary costs include

the opportunity cost of lost wages while searching for a job and learning a

new job; they also include the psychic cost of living away from family and

friends.

Recent qualitative work has examined the role of social networks in migra-

tion, especially relative to these three costs. Garip and Asad (2016) outlines

three channels by which social networks reduce the cost of migration: social

facilitation, normative influence, and network externalities. Social facilita-

tion refers to the way that past migrants reduce information frictions at the

destination, reducing costs and increasing benefits, a phenomenon first identi-

fied by Yap (1977). Normative influence refers to the way that past migrants

change social norms and make migration more attractive, also reducing the

cost at the origin. Network externalities refer to how past migrants create a

pool of common resources for future migrants.

Sociologists distinguish between the strong ties of family and friends and

the ”weak ties” of individuals from the same village or state (Granovetter,

1973). Davis et al. (2002) examines the effect of both types of ties on inter-
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national and internal migration. In contrast, this paper only considers the

effect of weak ties on internal migration.

2.2 Microeconomic Framework

Borjas (1987) offers a formal model of migration in terms of expected wage

gain. Equations (1) and (2) decompose the expected wage for a resident of

the origin or destination into an observed group mean and an unobserved

disturbance. The indices 0 and 1 below indicate origin and destination.

Intuitively, a given individual migrates when the gains, both observed or

unobserved, outweigh the cost of migration: when the sign of the index

function I below is positive.

lnw0 = µ0 + ϵ0 (1)

lnw1 = µ1 + ϵ1 (2)

I = ln(w1)− ln(w0) (3)

Equation (5) introduces a cost of migration C. The ratio C
w0

is the same for

all individuals at the origin. The destination wages must exceed the origin
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wages plus the cost of migrating.

I > 0 (4)

ln(w1)− ln(w0 + C) > 0 (5)

ln(w1)− ln(w0)−
C

w0

> 0 (6)

(µ1 − µ0) + (ϵ1 − ϵ0) >
C

w0

(7)

Borjas’ contribution is that not only the mean but also the variance of ϵi

varies from the origin to the destination. He offers as one possibility a com-

pressed distribution of ϵ0 ∼ N(0, σ2
0) in an origin country with a low return

to skill that expands to ϵ1 ∼ N(0, σ2
1). Thus two potential migrants whose

unobservable characteristics are nearly equivalent at the origin could see a

larger difference at the destination, leading one to migrate and the other to

stay. In fact, the location of an individual’s unobserved characteristics in the

distributions at the origin and the destination plays a key role in satisfying

the migration condition above.

Borjas uses this model to consider the implications of different distribu-

tional assumptions of origin and destination unobservables.

1. Under positive selection, the best candidates migrate and outperform

locals.

2. Under negative selection, below-average candidates can migrate, do

worse than locals, but still earn more than at the origin, because their
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native country has a more unequal income distribution.

3. Finally, under refugee selection, below-average individuals can migrate

and outperform locals, because the income distribution is wider in the

destination.

To account for these unobservable factors, a further model incorporates

schooling into the wage equation at the origin and destination as follows.

lnw0 = µ0 + δ0s+ ϵ0 (8)

lnw1 = µ1 + δ1s+ ϵ1 (9)

Here δ0 and δ1 represent the return to schooling (or skill premium) at the

origin and the destination respectively. Thus under a revised version of

equation (7) above, individuals will migrate when

lnw1 − ln(w0 + C) > 0 (10)

(µ1 − µ0) + (δ1 − δ0)s+ (ϵ1 − ϵ0) >
C

w0

(11)

2.3 Structural Gravity Model

The microeconomic model above considers the decision to migrate at the in-

dividual level. This paper will consider migration flows between origin states

and destination municipalities. To bridge the gap between the individual

and the aggregate, I use the the structural gravity model. Beine et al. (2016)
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provides a recent presentation of a structural gravity model developed from

micro foundations and applied to migration.

The classical gravity model originated with Ravenstein’s work studying

migrant flows in the 19th century (Ramos, 2016). It has been applied suc-

cessfully since then in many different contexts to the flow of goods and factors

between countries (Anderson, 2011). Its empirical robustness owes to its par-

simonious specification: the size of the origin, the size of the destination, and

the inverse square of the distance between them. Recently available bilateral

international migrant flow data has led to a renewed interest in the gravity

model in studying migration. Nevertheless, until recently it was an ”uncon-

nected orphan” in the economics literature because of its lack of theoretical

foundations. The structural gravity model addresses this deficiency by de-

riving an aggregate gravity model from an individual’s decision to migrate

in a framework in the microeconomic model above.

I begin with similar equations to (8) and (9) from the previous section.

They consider the utility of an individual of type h staying in country i as

uii(h) and the same individual moving to country j as uij(h). Cij(.) below is

the cost of moving from country i to country j. I assume that it is constant

for all individuals along the same migration corridor. This includes both the

cost of moving as well as adapting to the destination.

uii(h) = wi(h) + Ai + ϵi (12)

uij(h) = wj(h) + Aj − Cij(.) + ϵj (13)
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The Ai and Aj terms are origin and destination characteristics that affect

the desirability of living there. The error terms ϵi and ϵj are iid and follow

an extreme value distribution.

Following a Mincer framework, an individual’s schooling and experience

will define his type h. I suppress the experience term to write the origin and

destination wage equations as follows:

wi(h) = δih+ µi + ϵi (14)

wj(h) = δjh+ µj + ϵj (15)

Now I use a multinomial logit model to extend this model from a single

origin and destination to multiple destinations (indexed by k) and write the

probability that a type h resident of country i will move to country j.

Pr
[
Uij(h) = max

k
Uik(h)

]
=

Nij

Ni

=
exp[δjh+ Aj + µj − Cij(.)]∑
k exp[δkh+ Ak + µk − Cik(.)]

(16)

In the same way, I can write the ratio of emigrants from country i to country

j (movers) to residents of country i (stayers) as

Nij

Nii

=
exp[δjh+ Aj + µj − Cij(.)]

exp[δih+ Ai + µi]
(17)

Using logs, I next solve for the migration flow Nij from location i to j by
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individuals of type h to obtain:

lnNij(h) = (δj − δi)h+ (Aj − Ai) + (µj − µi)− Cij(.) + lnNii(h) (18)

Next I will model the cost function Cij(.). Recalling the monetary and non-

monetary costs outlined in the previous section, I include the distance be-

tween location i and j, both as a proxy for the initial monetary cost of travel

and the psychic non-monetary cost of being away from one’s friends and

family.

An important element of the model I employ in this paper is is the inclu-

sion of the social network in the cost function.

For this reason, I also include the stock of existing migrants Mij from

location i presently residing in j. Carrington et al. (1996) provides an early

example of the this approach, which the authors term taking into account

endogenous moving costs. They incorporate the stock of existing migrants in

a given Northern destination state from a given Southern origin state into the

cost function of a dynamic model of migration. In the international context,

Beine et al. (2011) follows a similar approach and names the this stock of

existing migrants in a given destination country from a given origin country

the diaspora.

Both social networks and labor market conditions change over time, so I

add a time dimension to the model. I assume that individuals who migrate in

time period [t− 1, t] make a decision based on conditions at the beginning of
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the time period at moment t− 1. With this addition, I arrive at the reduced

form I will empirically estimate.

lnNijt = (δjt−1 − δit−1)h+ (µjt−1 − µit−1) +Mijt−1 − distanceij

+ (Ajt−1 − Ait−1) + lnNit−1 + ϵijt

(19)

Munshi (2020) also adds destination networks to a Roy-Borjas migration

model and proposes that this addition generates two testable predictions for

the augmented model.

1. Because the diaspora adds to the wage differential and subtracts from

the cost of migration, potential migrants will reject higher wage differ-

entials to follow the diaspora.

2. As the diaspora size increases over time, individuals from farther down

the ability distribution choose to migrate.

In this paper, I will test both of these predictions.

3 Data

The principal data source for this paper is the Mexican population census

conducted by the INEGI (National Institute of Statistics and Geography) and

harmonized by IPUMS. In this section, I give background on Mexican inter-

nal migration, describe the three five year periods of interest, the subsample

of interest (Working Age Men), the outcome of interest (migrant flow), an
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important additional variable (stock of internal migrants in 1960), and addi-

tional origin and destination characteristics that I use in the empirical model

in (19).

3.1 Mexican Internal Migration

Despite a long history, internal migration within Mexico has received much

less attention than US-Mexico migration. Mexican internal migration began

to increase in the second half of the 20th century. The first wave in the

1960s coincided with the return of many agricultural workers from the US

after the ending of the Bracero program. Martin (2020) gives more back-

ground on this program, which gave nearly 5 million temporary visas in a

lottery to Mexican farm workers from 1942-64. During this period, many

more Mexicans moved closer to the border in the hope of receiving visas in

the lottery. Moreover, the international migration networks that this pro-

gram established affected subsequent migration even after its termination.

To create jobs for these return migrants, the Mexican government gave tax

benefits to export manufacturing plants (maquiladoras) on the Mexican side

of the border. Since the creation of this program, factories in ten border

cities have emerged as prominent destinations for internal migrants (Han-

son, 2001). The export manufacturing sector continued to grow as Mexico

opened to foreign trade: its entry into the General Agreement on Tariffs and

Trade in 1986 and the passage of the North American Free Trade Agreement

in 1994. Chiquiar (2005) and Arends-Kuenning et al. (2019) show that Mex-
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ico’s entry into GATT caused different regions to grow more quickly or slowly

owing to preexisting physical and human capital endowments; the passage

of NAFTA continued these trends. As a result of both events, export man-

ufacturing benefited and internal migration increased toward more quickly

growing areas, especially those with export manufacturing.

3.2 Periods of Interest

IPUMS harmonizes the decennial Mexican population census from 1960 to

2010, with the exception of the 1980 census, the records of which were de-

stroyed by the 1985 Mexico City earthquake. Beginning in 1995, the INEGI

began to conduct a quinquennial census as well, and IPUMS also has har-

monized this census for the years 1995, 2005, and 2015. Thus I have five

candidate five year intervals: 1990-1995, 1995-2000, 2000-2005, 2005-2010,

and 2010-2015. I exclude two of these intervals.

1990-1995 As the subsequent tables and maps indicate, the 1995 census

had a much smaller sample than subsequent decennial or quinqennial cen-

suses so I cannot use it to construct flow1995−2000 = stock2000 − stock1995.

In addition, the devaluation of the peso, the Zapatista uprising in Chiapas,

and the passage of the North American Free Trade Agreement creates an

idiosyncratic shock in this period.

2005-2010 I omit the 2005-2010 interval because the 2005 census did not

include the employment module that I use to generate counterfactual wage

predictions that I describe in the subsequent section.
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Thus I conduct the analysis over three intervals: 1995-2000, 2000-2005,

2010-2015. Like many other censuses, the Mexican census uses stratified sam-

pling along several demographic characteristics. Individual entries have indi-

vidual population weights and household population weights. In accordance

with the guidelines in Solon et al. (2015), I use the individual population

weights for the descriptive statistics below and for the Mincer regressions I

estimate in section 4.1.

3.3 Sample of Working Age Men

This paper estimates the effects of social networks on a particular sample of

internal migrants: men from age 25 to 55, a group we call Working Age Men.

In this subsection, I explain the choice of this sample using the 2000 census.

As I discuss in section 2, this paper’s theoretical model considers mi-

gration as an investment decision in a human capital framework in which

the potential migrant seeks to maximize lifetime earnings. Not all migrants

move to maximize earnings, however. Some move to attend school or to

follow family members.

In order to estimate the additional explanatory power of social networks

over wage differences in determining migration destinations, I would like to

choose a sample that would be particularly prone to migrate for work and

thus sensitive to wage differences. Using this subset would put a upper

bound on the effect of wage differences and a lower bound on the effect of

social networks. I will use the 2000 census to justify the sample because
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of its completeness and a unique question was only asked in this year: the

reason for migration. Table 1 summarizes their results by share of internal

migrants.
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First, though an almost identical number of men and women migrate,

men are almost twice as likely to migrate for work than women (the reasons

”seeking work” and ”job relocation”). Thus I will restrict the sample to men.

Again using the 2000 census, I examine the share of male internal migrants

by age in figure 1. This graph gives an empirical estimate of the probability

of migration conditional on age. At each end of this interval, the decision

to migrate for work is one of a set of options working locally (through the

interval), additional education (at the lower bound), and retiring (at the

upper bound). I would like to choose a interval that minimizes the probability

of these two other decisions.

To choose the the lower bound of this interval, I consider the probability

of education conditional on age in Figure 2. At age 20, 25% of men are still

in school; by age 25, this share has dropped to 9%.

To choose the upper bound of the interval, I consider the probability

of retirement conditional on age in Figure 3. At age 65, 13% of men have

decided to retired; at age 55, this share has dropped to 3%.

Thus I restrict the sample to men to minimize the impact of the decision

to migrate for non-work reasons and from 25 to 55 years old to minimize the

impact of the decision to pursue additional education or retire.

I consider one final selection issue in the sample: the decision to select

into labor. Figure 4 shows the share of unemployed men by age. This share

is at most 2% for a given age cohort. These results suggest that most men

who want can find employment, in either the formal or informal sector.

24



Figure 1: Share of Male Internal Migrants by Age (2000)
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Figure 2: Share of Males in School by Age (2000)
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Figure 3: Share of Males Retired by Age (2000)
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Figure 4: Share of Males Unemployed by Age (2000)
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The rightmost column in Table 1 shows the migration reasons of our

Working Age Men sample. 44% report migration for work reasons.

I conclude my description of the Working Age Men sample with two final

comments. First, the migration cause question has many limitations. Only

the 2000 census asks the question and almost 40% of the responses are ”Other

reason” or ”Unknown”. It serves at best as only a rough guide to choosing

the appropriate sample for this analysis, even when we supplement it with

employment, retirement, and schooling profiles by age.

On the other hand, the analysis of this paper does not depend entirely

on finding a sample of individuals whose choice set consists only of working

locally or migrating for work reasons. It merely examines the extent to

which social networks add additional explanatory power to other reasons

why individuals migrate, especially wage differences. For this reason, I use a

subsample particularly sensitive to wage differences.

3.4 Summary Statistics of Working Age Men

Table 2 shows summary statistics for the population of Working Age Men in

each census: income, age and schooling. I compute experience in the typical

way (age - schooling - 6) to use in the Mincer regressions we will describe in

section 4.1. Labor Force Participation (LFP) is above 90% in all intervals.

The key variables of schooling and income are present for the vast majority

of the sample.

Unlike other censuses, the Mexican census asks several questions about
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income: earned income, income from pensions, income from government sup-

port programs. I use ”earned income”, which is defined as monthly income in

pesos. In addition, the table shows the percentage who are internal migrants.

Through the five censuses, mean income, age, and schooling increase.

Income and schooling increase as a result of Mexico’s economic development.

The age increase shows the demographic changes of an aging population.

Table 3 shows a decomposition by cohort of the Working Age Population

with the population shares of each cohort as well as the LFP and the internal

migration shares. The age distribution shifts slightly older from 1995 to 2015.

LFP peaks in the 35-39 cohort but is above 90% in almost all cells except

in the final five year interval. Internal migration is highest for the youngest

cohort and steadily decreases. This empirical fact is typical of rural-urban

migration in developing countries (Lucas, 2021).
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3.5 Outcome of Interest: Migrant Flow

Mexico is divided into 32 federal entities (31 states and the federal district

of Mexico City). For simplicity I refer to the entities below as states. Each

state is divided further into municipalities.

The census asks about migration in two different ways. In 1960, it asks

if individuals presently residing in a given municipality have moved from

another state during their lifetime. In the 1990 and subsequent Mexican

censuses, individuals presently residing in a particular municipality report

their state of residence five years ago.

By totaling the number of residents of a municipality who were born in

another state (in the case of 1960) or who lived in a different state five years

ago (in the case of the other time periods), I can construct a measure of a

possible internal migration corridor originating in one state and terminating

in a municipality in another state. This method omits both temporary mi-

grants as well as migrants who lived in a third location, either within Mexico

or abroad, in the intervening five years.

With this definition, the three intervals of interest, I compute the migrant

flow in the period [t− 1, t] from origin state s to destination municipality m

and denote it as flowsmt. As a point of comparison, I also compute the

internal migrant stock in 1960, flow1960.

Table 4 provides information about the internal migrant flows in each of

the three periods of interest as well as the internal migrant stock in 1960. The

Destinations column indicates the number of municipalities surveyed in the
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census. The Possible Flows column multiplies Destinations by 31 to indicate

the number of potential migration corridors that could be captured. The

Active Flows indicates the number of migration corridors that were actually

captured.

The number of possible flows is increasing across time periods for two

reasons. First, the number of municipalities is increasing. As of 2021, there

are 2471 municipalities. Second, the coverage of the Mexican census is im-

proving.

Computing the flows this way allows me to detect 32 · 2471 = 79072

origin-destination combinations. Since I do not consider migrations within

the same federal entity, I can remove 2471 of these combinations, placing an

upper bound of 76601 detectable migrant flows. The number of flows in the

last time period approaches this upper bound.

A central empirical question of this paper is whether migration from a

particular origin state to a destination is associated with further migration

along the same corridor in subsequent time periods. Thus the first set of

columns compares migration corridors from the three periods of interest to

to the corridors open in 1960 and the two subsequent sets of columns compare

the second and third period of interest to the first and the third to the second,

respectively. In all cases, the Stay and Closed columns in these comparison

columns adds up to the Active Flows column for the reference period; the

Stay and Opened columns adds up to the Active Flows column from the

current period.
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Figures 5, 6, and 7 show the logged flow of internal migrants by destina-

tion municipality for each of the three intervals in question.

3.6 Origin and Destination Characteristics

The theoretical model that I developed in the previous section also includes

origin and destination characteristics that could affect the desirability of

migration. For each of the three time periods of interest, I use the value of

the characteristic from the start of the time period.

Population I compute the population of a state or municipality by using

the total number of people in the most recent decennial census. Figure 8

shows the logged municipal population at year 2000.

Indigenous Share I compute the indigenous share for a state or munic-

ipality using the number of people in the most recent decennial census who

report being indigenous. I divide this number by the population. The 1990

census does not ask this question, so I do not include this characteristic for

that time period. Figure 9 shows this share.

Urban Share I compute the urban share for a state or municipality using

the number of people in the most recent decennial census who report living

in an urban area. I divide this number by the total population. Figure 11

shows this share for the year 2000.

Border Potential migrants could migrate to the border as a destination as

a first step toward migration to the US. In a similar way, migrants recently

deported from the US could originate at the border. I assign a dummy
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Figure 5: Internal Migration Flow from 1995-2000

Figure 6: Internal Migration Flow from 2000-2005
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Figure 7: Internal Migration Flow from 2010-2015

Figure 8: Municipality Population (2000)
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Figure 9: Municipality Indigenous Household Share (2000)

Figure 10: Border Municipalities
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variable to all origin and destinations on the US/Mexico border. Figure 10

shows border municipalities.

Distance. IPUMS provides shapefiles for all Mexican states and munic-

ipalities. I compute the distancesm as the distance between the centroid of

s and the centroid of m.

4 Empirical Framework

Here I describe in detail the empirical method I use to estimate the struc-

tural gravity model that I develop in the previous section, concluding with

equation (19). First, I describe the auxiliary Mincer regressions that I use

to estimate the labor market difference parameters. Second, I describe how

I estimate the main model, the effect of social networks on the migrant flow

flowsmt from a state to a municipality at a given time period. I use OLS

to estimate separately the extensive and intensive margin to account for the

possibility of left censoring in flowsmt. Third, I describe a potential threat

to identification, the presence of time-invariant factors that could affect mi-

grant flows across multiple time periods. I propose the use of the presence

of a migrant flow along the same corridor in the year 1960 to control for this

possibility, which I call a ”taste of migration.” Finally, I discuss inference

issues and the use of clustering at the destination state level.
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4.1 Labor Market Differences

I do not use population weights for the main regressions here. and for the

Mincer regressions I describe in section 4.1.

Both Falaris (1987) and Beine et al. (2011) use average wage at the des-

tination to capture the effect of wage differential on migration. Using only

the mean wage, however, omits the heterogeneous effects of varying levels of

schooling and experience on an individual’s decision to migrate. As table 2

indicates, average education level changes across the time periods of interest.

Moreover, the effect of the difference in return to skill could vary depending

on the presence of positive or negative selection, as I describe in section 2.1.

In order to capture the expected wage differential in a flexible way that

accounts for this heterogeneity, I suppress the h from the theoretical model

and instead incorporate µj −µi and δj − δi directly into the empirical model.

I denote these differences as α̃ and β̃ respectively. Note that in the case of

internal migration origin country i becomes origin state s and destination

country j becomes destination municipality m.

µjt − µit = αmt − αst = α̃mst (20)

δit − δit = βmt − βst = β̃mst (21)

Now I must estimate α̃mst and β̃mst. To do this, I use Mincer equations for

the Working Age Men in each state s and municipality m at the beginning

of each time period t ∈ {1995, 2000, 2010}. As I describe in the previous
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section, I use ”earned income in the past month” as the income variable and

exclude elements of the sample with unknown education levels and income.

I estimate the parameters of a Mincer regression separately on each state

and municipality in Mexico for the three time periods of interest and store

the α and β coefficients.

log(incometmi) = αtm + βtmeductmi + γtmexptmi + δtmexp
2
tmi + ϵtmi (22)

log(incometsi) = αts + βtseductsi + γtsexptsi + δtsexp
2
tsi + ϵtsi (23)

For these parameters, m indexes the municipality, s indexes the state, and

i indexes the individual within the municipality or state. The αtm and αts

parameters represent the base salary of the origin state and destination mu-

nicipality. The βtm and βts parameters represent the return to skill at origin

state and destination municipality.

Figures 12, 13, and 14 show the logged base salary at the beginning of

the three time periods in question. Figures 15, 16, and 17 show the skill

premium at the beginning of the three time periods in question.

I find little cross-sectional variation in the γ and δ parameters related to

the return to experience, so I do not include them in the model.

As table 2 indicates, the small sample size of the 1995 census results in

the inability estimate labor market parameters for some municipalities, which

appear in grey in the associated maps.

Using these estimates, I compute the parameter differences for each com-
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Figure 11: Municipality Urban Household Share (2000)

Figure 12: Logged Base Salary by Municipality (1995)
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Figure 13: Logged Base Salary by Municipality (2000)

Figure 14: Logged Base Salary by Municipality (2010)
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Figure 15: Return to Skill by Municipality (1995)

Figure 16: Return to Skill by Municipality (2000)
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bination of origin state and destination municipality in each of the three time

periods. I use these values in the estimation of the main model below.

α̃smt = αtm − αts (24)

β̃smt = βtm − βts (25)

4.2 Estimation

Recall that I consider aggregate migrant flows flowsmt from a Mexican state

s to a Mexican municipality m in five year intervals [t − 1, t]. Section 2.1

gives more detail on this definition of internal migration and section 3.5 gives

more information about these particular migrant flows.

I begin with equation (19) as follows:

log (flowsmt) = δ0 + δ1α̃smt−1 + δ2β̃smt−1

+ δ3flowsmt−1 + δ4distancesm + γAs + ϕAm + ϵsmt

(26)

Here I use flowsmt as Nijt, the number who migrate from country i to

country j at time period t. I use flowsmt−1 as Mijt, the size of the diaspora

from country i already present in country j at time t.

Recall that As and Am are vectors of other origin state and destination

municipality characteristics that could influence migrant flow. I populate

them with three characteristics: urban share at t − 1, indigenous share at

t − 1, and presence on the US/Mexico border. In addition, to match the
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log(Nit−1) term in the model, I include the population of the origin state in

As.

4.2.1 Extensive and Intensive Margins

As table 4 indicates, an econometric challenge to estimating equation (26)

is the presence of zero flow values: 66%, 84%, and 76% respectively in the

three time periods of interest.

This issue is not unfamiliar in the gravity model literature. Beine et al.

(2011) uses two-stage Heckman estimators as a robustness check on OLS

estimates of a model very similar to ours. The intuition behind the Heckman

estimator is that two separate processes are operating: the first selects into

or activates a migration corridor and the second determines the magnitude

of the flow through it. Treating these processes as one risks biasing the

estimated effect of the treatment, in this case the social network.

The Heckman estimator corrects for selection bias: the same factors that

affect the presence of a migration corridor could also affect the flow through

that some corridor. Here I am interested in examining the presence of a

migration corridor as a process in its own right. For this reason, I estimate

separately the extensive and intensive margin of the effect of social network

on migration flows.

The extensive margin refers to the effect of the social network on whether

a corridor opens or remains open during a time period. I define a new

dependent variable flowpresentsmt = 1[flowsmt > 0] as an indicator that
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takes the value of 1 if there are internal migrants from state s residing in

municipalitym at time t and 0 otherwise. I will estimate a version of equation

(26) above with this new indicator variable.

To perform this estimation, I use an Linear Probability Model for two

reasons. First, very few of the predicted values are out of the [0, 1] range, so

I see no advantage to a logit or probit model. Second, I can directly interpret

the coefficients of the LPM in the subsequent results section. The coefficient

of interest is δ3, the effect of the social network on the presence of a flow.

flowpresentsmt = δ0 + δ1α̃smt−1 + δ2β̃smt−1

+ δ3flowsmt−1 + δ4distancesm + γAs + ϕAm + ϵsmt

(27)

I estimate equation (27) on the entire sample. For the subsample for

which flowpresentsmt = 1 at each time period, I estimate equation (26) to

obtain the intensive margin.

The estimation technique in this paper differs from other literature that

uses gravity models to estimate migration flows. First, many authors use the

Pseudo-Poisson Maximum Likelihood Model developed by Silva and Tenreyro

(2006) to account for potential bias in the effect of determinants of migration

because of the censoring on the dependent variable. Because I estimate these

margins separately, we do not use this estimator. Neither does Beine et al.

(2011).

Second, even though I could construct a panel data set of our state-

municipality migrant flows across the time periods of interest, I do not, be-
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cause we expect the effects of the determinants of migration to vary over

time. As section 3.1 describes, I would like to see the effect of the structural

changes of the Mexican economy and the changing value of the outside option

of migrating to the US on the estimated effects of the various determinants

of migration in our model in our time periods of interest. In particular, I

would like to see if the effect of social networks changes over time.

4.3 Identification

Identifying network effects poses statistical challenges. In this section, I

group these challenges in two categories: across space (the way that the

relative desirability of one destination influences another in the same time

period) and time (the way that the patterns of migration in one time pe-

riod affect migration in a subsequent time period through the channel of

social networks). Both types of challenges relate to SUTVA (the Stable Unit

Value Treatment Assumption) described in Morgan and Winship (2014) and

elsewhere.

First, I consider the challenges across space. In the multinomial logit

model that I develop in section 2, potential migrants do not simply choose

to stay or leave; instead, they choose among a variety of destinations. In

the aggregate setup here, each unit is a potential migration corridor from an

origin state to a destination municipality. The treatment is the magnitude of

the migration flow along the same corridor from the previous time period. For

SUTVA to hold, the treatment received by one unit must have no relationship
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to the treatment received by another unit across space or time In other words,

the migrant flows along a given corridor in the previous time period flowsmt−1

must be unaffected by the migrant flow along other corridors flow−s−m−1 in

the same previous time period.

This statement is not true. In a given time period, the migration decisions

of the population of Working Age Men in a given state satisfies a population

balancing equation: the number of men who do not migrate plus the number

of men who migrate to each destination must sum to the total population

of the state. Intuitively, the sums are related in this way: increasing the

social network in one potential destination municipality decreases the size of

the social network in another potential destination municipality. Thus the

strong form of SUTVA does not hold in this case.

In fact, changing the distribution of the destination municipalities of mi-

grants from the same origin state in a previous period affects the relative

desirability of those destinations in the current time period. The relevant

question is the relative magnitude of these effects. I argue that these effects

are so small as to not warrant consideration because they are so diffuse. From

a given state, a potential migrant considers nearly 2000 destinations. In a

given time period, 10% to 20% of these destination corridors are open: 200

to 400 destinations. The decision of one migrant would seem not to affect

the decision of another migrant very much.

Recent literature in biostatistics has developed techniques to address this

particular relaxation of SUTVA, a situation of allocation of a common re-
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source where the treatment status of each unit affects the treatment status

of every other unit (Miles et al., 2019). Further analysis could apply these

techniques to the present situation to empirically verify this intuitive argu-

ment.

Next, I consider challenges across time. As Manski (1993) and Munshi

(2020) point out, identifying network effects poses statistical challenges. In

this case, since I am estimating the effect of flowsmt−1 on flowsmt, a serially

correlated shock across two time periods could generate a spurious correlation

between the flows.

One approach would use an instrumental variable to estimate the effect

of flowsmt−1. In the Mexico-US context, two authors use exogenous shocks

at the origin: rainfall (Munshi, 2003) and the presence of railroad networks

(Woodruff & Zenteno, 2007). In the European context, Beine et al. (2011)

use three different instrumental variables: diplomatic representation of one

country in another, the presence of a guest worker program, and conflicts in

the origin country. Munshi (2020) also discusses the possibility of exploiting

variation in network quality or conditions at the destination. By using an

instrument correlated with origin conditions but not destination conditions,

all of these approaches hope to correct for any serially correlated shock.

This paper proposes a different approach: a simple model of a taste for

migration. A taste for migration between an origin and a destination is

a factor such as a common climate or cultural connection that the model

here does not account for. The simplest version of such a taste would be a
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time-invariant dummy variable between an origin-destination pair. A more

sophisticated version could (1) vary continuously depending on the origin or

destination and (2) vary depending on the combination of time period.

As a proxy for this taste for migration, I use the presence of a stock

of migrants from the same origin state at the destination municipality in

1960. Section 3.5 gives more details about this variable. Note that I use

the presence of a stock of all internal migrants, not simply working age men.

The reason is that I want to measure the effect of time-invariant factors that

would drive migration along a particular corridor and affect all potential

migrants equally.

The reason I use the stock of migrants in 1960 is practical as well as

historical. The earliest available Mexican census is in 1960. In addition,

1960 comes before the end of the Bracero program and the beginning of the

export manufacturing program that we described in section 3.1. If these

social networks represent long-run processes, using 1960 stocks as a control

allows us to account for the unobservable initial conditions that started these

processes and separate their effect from the effect of interest, the ongoing role

of social networks in keeping migrant corridors open and inducing migration

flow through these corridors. In the next section, we will present estimates

of our model with and without this control. To my knowledge, this paper is

the first one to model a taste for migration in this way.
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4.4 Inference

In addition to identification issues that could bias the estimation of the ef-

fect of social networks, inference issues could interfere with the estimation

of the significance of these effects. In particular, within-state correlation of

unobservable factors related to migration destinations could affect the es-

timation of the significance of the effects of social networks on migration

to these destinations. These factors include state-level policy decisions or

industry-specific economic factors that could affect the labor demand and

thus the migration flow across a particular state, for example. To address

these inference issues, I cluster the standard errors by destination state using

the standard cluster-robust variance-covariance matrix estimator.

5 Results and Discussion

In this section I will present the three main results of the empirical analysis,

which estimates the extensive and intensive margin of internal migration

separately. First, a structural gravity model with social networks provides

additional explanatory power over a standard structural gravity model and

a Roy-Borjas model with only differences in base wage and skill premium

in estimating both margins across three time periods. Second, the effect

of social networks monotonically increases at both margins across all three

time periods; the effect of the other factors varies according to the migration

climate. Third, the results hold up under a robustness check: a time-invariant
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migration taste factor.
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Figure 17: Return to Skill by Municipality (2010)
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5.1 Internal Migration at the Extensive Margin

Recall that table 4 provides a summary of the extensive margin across time:

the presence of migration corridors. The models I present here estimate the

factors that cause a corridor to open from one time period to the next or the

factors that cause a corridor to stay open. For simplicity I will examine the

extensive margin in one of the three time periods, but the analysis applies

as well to the other two time periods. I choose the 2000-2005 time period

because of better data availability at the start of the period in 2000.

Tables 5 and 5 shows three specifications of the extensive and intensive

margins of migration to a destination municipality in the time period (2000-

2005). Since I use a linear probability model for the extensive margin, I can

directly interpret the coefficients as percentage increases in the probability

of a migrant flow.

5.1.1 Specification 1: Wage Differentials

In specification (1) with only wage differentials, a one point increase in the

base salary gap is associated with an 6.3% increase in the probability of a

flow. An 0.1 increase in the return to skill difference is associated with a

8.6% increase in the probability of a flow. Because the dependent variables

are calculated as coefficient differences from Mincer regressions, it is difficult

to interpret these magnitudes directly. The sign and relative increase match

the predictions of models that rely on wage differentials, however. Figures

13 and 16 show the base salary and return to skill by municipality for 2000.

57



The relatively low R2 value of 0.025 indicates the poor predictive power of

this model.

5.1.2 Specification 2: Structural Gravity Factors

Specification (2) adds other structural gravity factors: distance, destination

population, presence on the border for origin and destination; urban share

for origin and destination; and indigenous share for origin and destination. I

discuss the impact of these factors in turn.

First, large cities drive migration; a one percent increase in destination

population increases the probability of a migrant flow by 10%. Distance

works against migration by increasing migration cost. Increasing the distance

by a factor of 2.7 decreases the probability of a migrant flow by 12%.

An origin on the border could indicate an individual who has already

migrated once or who has been deported. These individuals are predisposed

to migration. It increases the probability of migration by 8%. A destination

on the border increases the probability of migration by 23%. These munic-

ipalities attract migrants, either because of better jobs or the possibility of

subsequent migration to the United States.

In this time period, the presence of a higher share of indigenous at both

the origin and destination is associated with migration At the origin, the

indigenous are likely to live in communities where there are little other eco-

nomic opportunities than subsistence agriculture. At the destination: the

indigenous, more than other groups, migrate where other indigenous are
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present. Figure 9 seems to confirm this trend. Visually it suggests that in-

digenous are migrating from their traditional communities in southern Mex-

ico to work in the tourism industry around Cancun on the Yucatan Peninsula.

An increase in 10% of the share at the origin increases the likelihood of a

migrant corridor by 0.7%; an increase in 10% of the share at the destination

increases the likelihood of a migrant corridor by 0.6%.

In this model, the wage difference factors do not matter as much. The

impact of a one point base salary difference drops to 1.3% and remains sig-

nificant. The impact of the return to skill difference loses significance. I can

hypothesize that large, urban cities, especially on the border, offer the sort

of labor markets that would have higher base salaries and reward education.

Thus the structural gravity factors absorb the impact of the differences in

labor models.

Overall, specification 2 has much more predictive power than specification

1, with an R2 of 0.262.

5.1.3 Specification 3: Social Networks

The third specification reveals the core result of this paper. Here I augment

the previous specification with the logged size of the social network, the

migrant stock from the given origin state in the destination municipality at

the beginning of the time period.

An increase of one log point in the size of the social network increases the

probability of a migrant flow by 12%. Overall, specification 3 has even more
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predictive power than specification 2, with an R2of0.393.

When I compare specification 3 to specification 2, the impact of the other

factors in the model decreases by half: a one point impact in base salary, the

presence of the origin or destination on the border, or the impact of the urban

share at the origin or destination. These factors remain significant.

In the case of indigenous share, the impact at the origin loses significance,

while the impact at the destination decreases by half. This result suggests

that social networks especially play a role in the migration of the indigenous.

5.2 Internal Migration at the Intensive Margin

Next I use the same three specifications to analyze migration at the intensive

margin: the magnitude of the internal migrant flow for the subset of possible

migration corridors which are activated in a given time period.

Specifications (1) and (2) function in the same way their counterparts in

specifications (1) and (2) in the extensive margin case. Initially, differences

in the base salary and return to skill seem to drive migration but the in-

troduction of structural gravity factors dramatically reduces the explanatory

power of these factors. The same structural factors that drove the presence

of a migrant flow also drive the magnitude of the flow.

Examining the role of social networks in specification (3) confirms the

core result of this paper. In this log-log model, I can interpret this coefficient

as a social network elasticity. An increase in 1% of the size of the social

network in one time period causes an increase in 0.3% of the magnitude

60



of the migrant flow in the subsequent time period. The addition of social

networks to the model decreases the magnitude of the effects of other factors

by half or more. In particular, it eliminates the effect of indigenous share at

the origin or urban share at the destination, suggesting the size of the social

network accounts for the variation previously explained by these factors. The

predictive power of this model is quite high at 0.582.

5.3 Migration Climate

For the potential migrant, internal migration and international migration are

related. In practice, the decision to internally migrate takes into consider-

ation both the expected value of staying as well as the expected value of

international migration. An extension of this model would incorporate all

three options—staying, internal migration, and internal migration—into one

integrated model.

For the three periods in question, I note certain contextual factors through

which the outside option of US-Mexico migration varies in the three periods

that we study. Villarreal (2014) and Durand and Massey (2019) provide

more background on these trends.

1. From 1995-2000, migration from Mexico to the US was increasing, ow-

ing to the recent passage of NAFTA and a relatively porous border.

2. From 2000-2005, border security increased as a result of the September

11 attacks. The Mexican economy continued to recover from the 1994
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”tequila crisis” and associated devaluation of the peso.

3. From 2010-2015, the global economic recession of 2008 caused the re-

turn of an estimated 500,000 temporary migrants from the US to Mex-

ico. US-Mexico migration peaked and begun to decline.

Examining the determinants of internal migration in these three time

periods will allow us to indirectly examine the overall ”migration climate” of

individuals and the relative ease or difficulty of these outside options.

In addition to the value of the outside option, changing conditions in

the Mexican economy have also affected internal migration. As part of an

overall shift in Mexico’s economy from rural agriculture to urban industry,

the labor market of the rural agricultural sector has changed. Residents of

rural areas have sorted into productive farmers, who continue to make a

profit despite challenging market environments, and non-productive farmers,

who have abandoned subsistence farming in search of other opportunities.

These other opportunities include local non-agricultural work and migration

within Mexico in addition to international migration (Charlton & Taylor,

2016). Our use of migration flows from Mexican population census data

complements the household-level migration histories from the National Rural

Mexican Household Survey panel that these authors use. We do not examine

international migration flows from the origin states directly. Nevertheless,

the changes we observe in the determinants of migration over the three time

periods of interest match these authors’ conclusions about the increasing
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availability of high-skilled non-farm job opportunities in Mexico.
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5.4 Social Networks Across Time

Next I use our structural gravity and social networks model across the three

time periods of interest at the extensive and intensive margin. I present the

results in Table 5.3 and 5.3.

The effect of the social network is monotonically increasing across time

periods. A one log point increase in the size of the social network causes a

4.1%, 11.6%, or 12.7% increase in the probability of a migrant flow, respec-

tively. Conditional on the presence of a migrant flow, a 1% increase in the

size of the network increases the flow by 17.3%, 28.6%, or 30.6%.

Changes in the effect and significance of the other factors in the model

reflect changing economic conditions in Mexico.

Base salary difference matters slightly in all three time periods, while

return to skill only matters in the third time period. This result matches

other literature like Charlton and Taylor (2016) which suggests that Mexico

is in the late stages of a structural transition where education and non-farm

opportunities have increased together.

Distance matters less over time. I imagine the increasing presence of

communications technology like cell phones and the Internet as well as the

ease of travel within Mexico reducing the effect of physical and psychic costs

that distance models.

I see urban-urban migration across all three time periods at both mar-

gins. The presence of this migration instead of purely rural-urban migration

contributes to the evidence for a structural transformation in Mexico.
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In contrast, the effect of a destination on the border drops across three

time periods. This result matches US-Mexico migration trends, which peaked

in 2007. It suggests decreasing transit migration from the first to the second

time period and an absence of this type of migration in the third time period.

In the two time periods for which I have data, indigenous migration above

and beyond general trends plays a role in the first but not the second. In

2005, the indigenous tended to migrate where other indigenous were present,

but not in 2015 ten years later.
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5.5 Migration Taste Factor

As I mention in the section 4.3 one threat to the identification of the effect of

social networks is the presence of serial correlation: some unobserved factor

that affects a migration flow in one period and in the next.

I use a simple model of such a factor that we call a taste for a particular

migration corridor. Tables 5.4 and 5.4 show revised estimations with the

inclusion of this taste factor. It is significant across 5 of the 6 estimated

equations, which indicates the role of taste in migration. On the other hand,

it does not change appreciably the magnitude, sign, or significance of our

results at the extensive margin. At the intensive margin, it brings down the

magnitude of the social network coefficient by approximately 10%. These

results suggest that the effects of social networks that I have estimated are

not caused by a mere taste for certain migration corridors. Further work

could examine the role of this taste for migration in the initial conditions

that jumpstarted these social networks.

6 Conclusion

This paper has used a structural gravity model to estimate the effect of

social networks on the extensive margins and intensive margins of migrant

flows from origin states to destination municipalities in Mexico over the time

periods 1995-2000, 2000-2005, and 2010-2015. The extensive margin refers

to the presence of a migration corridor; the intensive margin refers to the
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magnitude of migrant flow through this corridor. It uses a sample of working

age men from 25-55 who would most likely migrate for economic instead of

non-economic reasons to compare the explanatory power of a Roy model, a

structural gravity model without social networks, and a structural gravity

model with social networks. In the third model, it aims to identify the effect

of the social networks.

I find two main results.

First, in all three time periods, the model reveals a rich set of factors other

than wage differences and return to skill that are associated with the presence

of migration corridors and the magnitude of migrant flow through them.

These factors include urbanization share, indigenous share, and presence on

the US/Mexico border. I am interested in particular in identifying the effect

of the presence and size of a social network of migrants from the same origin

state who migrated in the previous time period. To identify this effect, I use

the presence of a migrant flow from 1960 along the same corridor to control

for serially-correlated unobservables that could influence the size of the social

network across time periods. I call this control a ”taste for migration” along

a particular corridor.

In a representative time period (2000-2005), a model that includes only

differences in base salary and return to skill explains 2.5% of the variation

in the presence of migration corridors; additional structural gravity factors

26%; and the social network 39% The corresponding models of the magnitude

of the migrant flow explain 5%, 39%, and 58% of the variation, respectively.
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Thus social networks add explanatory power to structural gravity models at

the extensive and intensive margins. Both models vastly outperform standard

Roy migration models that focus only on individual utility maximization.

Moreover, across all three time periods, the effect of social networks is

monotonically increasing. At the extensive margin, a 1% increase in the size

of the social network increases by 5%, 12%, and 13% the likelihood of a

migration corridor. At the intensive margin, the equivalent social network

elasticities are 19%, 30%, and 32%.

Estimating these models separately for each time period reveals changes

in the Mexican economy that affect internal migration: including increased

educational opportunities and the decreasing appeal of migration to the US.

These results contribute to a strand of literature in the economics of mi-

gration that argues not only for the importance of considering social networks

or diaspora effects but that these effects dominate economic effects as drivers

of migration. Moreover, they do so in a novel context of internal migration

instead of international migration.

One novelty of our approach, the use of Mexican census data, is also its

limitation. Since we use the nationally representative Mexican census col-

lected every five years instead of smaller scale panel data surveys that ask for

more detailed migration histories, we can only account for long-term perma-

nent migration that occurs at most one time per time period. Moreover, we

consider here the weak ties of migrants from the same state instead of using

a more granular measure of migrants from the same municipality.
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Moreover, though we restrict the sample to men aged 25-55 who would

tend to migrate for work, we still observe that many of the individuals in this

sample migrate for reasons other than employment. Other data sources, such

as the quarterly Mexican Survey of Occupation and Employment (ENOE),

would provide a targeted look at internal migrants who obtain formal em-

ployment at a much higher temporal frequency. These data sources would

provide the ability to understand more deeply the mechanism by which new

migrants help existing migrants find jobs.

Finally, further research in the origin of migrant networks in specific con-

texts such as Mexico is needed to provide a better understanding for what

causes corridors to develop in the first place. Ideally, this research would re-

veal an instrument that could be used to credibly identify the effect of these

social networks.

Nevertheless, the results here provide useful tools for several sets of actors

as they seek to predict and respond to internal migration trends: local and

state governments in receiving communities that must accommodate new

populations; export manufacturing factories and other sources of employment

for new migrants; and NGOs that facilitate their integration into receiving

communities.
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