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Abstract

In this paper an agent-based model of endogenously evolving migrant networks is developed to
identify the determinants of migration and return decisions. Individuals are connected by links,
the strength of which declines over time and distance. Methodologically, this paper combines
parameterization using data from the Mexican Migration Project with calibration. It is shown that
expected earnings, an idiosyncratic home bias, network ties to other migrants, strength of links to
the home country and age have a significant impact on circular migration patterns. The model can
reproduce spatial patterns of migration as well as the distribution of number of trips of migrants. It
is shown how it can also be used for computational experiments and policy analysis.
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1 Introduction

59 % of Mexican migrants to the US surveyed in the Mexican Migration Project (MMP128) make
more than one move, i.e., after returning to Mexico they go back to the US at least once. The
phenomenon makes it difficult to forecast stocks of migrants in the US at any point in time and
to make estimates of where they are likely to go and when, if at all, they are going to return. So
far, research on so-called circular migration has mostly been empirical, using multinomial logit,
count data models, duration models or Markov transition matrices to estimate migration and return
probabilities controlling for individual and/or home or host country characteristics. Examples are
Constant and Zimmermann (2003 and 2011), Bijwaard (2010), Vadean and Piracha (2009), Reyes
(2001) and, using the MMP, Massey and Espinosa (1997). Hill (1987) is an attempt at formalizing
duration of stay and frequency of trips in a life-cycle model. A more recent theoretical model of
circular migration is Vergalli (2011), who studies the phenomenon in a real option framework.
When developing a model that is sufficiently realistic to be used for policy analysis or, eventually,
forecasts and that is empirically sound one has to take into account some important aspects of the
issue at hand:

A migrant’s decision is not independent from that of other migrants and potential migrants. Other
migrants support the newly arrived in their job search, and home-community members help re-
turn migrants to reintegrate into the home country labor market. The role of social networks in
migration decisions has been subject of substantial research; Radu (2008) provides a survey of
the literature. It is often attributed to networks that migration concentrates on a certain number of
places and that people from one neighborhood tend to go to the same few places.

A migrant expands his or her network with every migration move and network ties possibly become
weaker over time. Hence, different parts of the migration cycle should not be seen separately.

An individual’s decision to move creates externalities: (i) on the network at the location of origin,
potentially motivating other individuals to migrate as well, and (ii) on the network in the destination
country, changing its size and structure. Thus, when a migrant considers migrating again, the

conditions have changed compared to the previous move, partly caused by his or her own behavior.
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Hence, a repercussion process is happening, with the network influencing the migrant, the migrant
influencing the network, and the new network influencing the migrant. This has been dubbed
the “reflection problem” by Manski (1993). The study at hand takes this issue into account by
investigating how large the effect of networks is on both migration and return decision, and what
other possible determinants of circular migration exist.

In order to approach this question and to create a space for policy experiments related to (circular)
migration, an agent-based model is proposed that allows for the necessary modeling flexibility
and for the spatial dimension of the problem. Its central component is the role of networks that
evolve endogenously from migration decisions. Links decay over time and physical distance. The
migration behavior of one generation of heads of household is modeled over a period of 33 years.
There are some rather simple, uncalibrated agent-based models on different aspects of migration
(Makowsky et al. 2006, Silveira et al. 2006, Espindola et al. 2006, Biondo et al. 2013, Barbosa
Filho ef al. 2011). The present model, in turn, is one of the few examples of completely cali-
brated and empirically founded agent-based models that deal with migration. Related empirical
models include Da Fonseca Feitosa (2010) on urban segregation, Sun and Manson (2010) on hous-
ing search in Minnesota, Haase et al. (2010) and Fontaine and Rounsevell (2009) on residential
mobility, and Mena et al. (2011) and Entwisle ez al. (2008) who model land use change. A recent
paper by Kniveton et al. (2011) replicates climate-induced regional migration flows in Burkina
Faso using an agent-based model with networks as information transmission mechanism. Rehm
(2012) provides a very sophisticated agent-based model to study remittances of Ecuadorian rural-
urban and international migrants. A different computational approach at empirically founded mod-
els of Mexican circular migration has been introduced recently in which discrete choice dynamic
programming models are estimated using Maximum Likelihood (Lessem 2011) or the Simulated
Method of Moments (Thom 2010).

In the present model, the Mexican Migration Project (MMP) and other data sources were used
for parameterization. Parameters that cannot be found easily in econometric models due to en-

dogeneity problems and the spatial dimension are calibrated in such a way that parameter values



are found that create a close match between simulated and observed data. Proceeding in this way
a common criticism of agent-based-models is avoided, namely many degrees of freedom and the
resulting possibility to create almost any desired output. All of the parameters except four are
fixed. Those remaining four are calibrated indirectly by matching the simulated data to real data:
The distribution of number of trips of migrants, the distribution of migrants across US cities, and
the time series of percent of agents migrating and returning per year. It is then possible to perform
experiments with the model.

The paper is structured as follows: Section 2 describes the methodology used and the main data
set. Section 3 introduces three stylized facts on circular migration that the model should match.
Section 4 derives and tests hypotheses on behavioral motives to be included in the model. Section
5 describes the model, which is parameterized in Section 6. The indirect calibration procedure is
described in Section 7. In Section 8 an example is provided on how to use the model for policy

experiments. Section 9 concludes.

2 METHODOLOGY AND DATA

2.1 Methodology

The methodology employed here is the following. First, for a model to be adequate for policy
analysis, it has to be “true” in the sense that it represents a plausible candidate for the true data-
generating process of the phenomenon of interest. To find out whether this is the case it is indis-
pensable to have some empirical measure to check model output against, that is, some means of
(external) validation. Therefore, three stylized facts are introduced in Section 3 which the model
has to match in order to be considered useful, two of which are distributions of empirical data
(number of migrants in each city and distribution of number of trips). Furthermore the model will
be matched against two time series of migration and return flows. For validation, this study follows
largely Cirillo and Gallegati (2012) and Bianchi et al. (2008).

It is assumed that migrants maximize a utility function that is implicit in the behavioral rules



introduced in Section 5, rather than explicitly stated. They use heuristics to cope with the high level
of uncertainty they face in terms of future earnings, others’ migration behavior and future levels of
border control. In every period ¢, agent i’s payoff depends only on the vector of players’ actions in
that particular period, and on the current (payoff-relevant) state of the system (Maskin and Tirole
2001). Behavioral motives for migration and return are chosen from the literature as candidates
to be included as behavioral heuristics in the model, similar to Rehm (2012). However, instead
of systematically varying the behavioral parameters to calibrate the model so that it generates
reasonable outputs like in Rehm’s model, the behavioral parameters here were directly estimated
from microdata wherever possible. Comparable models in this respect are Da Fonseca Feitosa
(2010), Kniveton (2011) and Entwisle et al. (2008). To avoid endogeneity problems, which occur
especially with respect to network effects, the four parameters concerned were calibrated later to
match the stylized facts.

Next, the model was built in NetLogo (Wilensky 2012), all parameters were set to fixed, empir-
ically determined values and the four remaining free parameters were set to reasonable values.
After verifying that the model roughly matches most of the stylized facts for most of the settings
of the free parameters, those were calibrated performing simple grid searches in the parameter
space. The resulting match of model output and empirical data was considered satisfactory, given
that this is a much simpler model than the one by, e.g., Rehm (2012), and given that it has only
four degrees of freedom. Finally, robustness checks are performed and it is demonstrated how the
model can be used for policy analysis.

The model code, all data files needed for running the model, the Matlab Code for estimating
the properties of the power law distribution and a full description are available on the open abm

platform at http://www.openabm.org/model/3893/version/1/view.

2.2 Data

For estimating the behavioral rules and for setting most of the other model parameters, the Mexican

Migration Project (MMP) in the MMP128 version was used. It is a large event-history microsurvey



data set of Mexican migrants and non-migrants from 128 different Mexican communities. Respon-
dents were each interviewed once, with the interviews collected in different waves, starting in 1982
and ending (in the version used) in 2008. Heads of households and spouses were asked to indicate
their migration history (number of trips and time spent in the US) and labor market experience
(employed or not and type of job) as well as family events for every year since they were born.
Additional information is available for the time of the interview and for the first and last migration,
such as whether or not a migration move was a legal migration, the type of visa used, income,
wealth, health status, etc. The full sample comprises 1.004.825 person-year observations. The
simulation was run with 2,860 agents, the number of heads of household in the MMP128 data set
born between the years 1955 and 1965 who - if they migrated - went to California and who were
interviewed (or had lived in the case of migrants) in the Central-West Mexican states of Sinaloa,
Durango, Zacatecas, Nayarit, Jalisco, Aguascalientes, Guanajuato, Colima and Michoacan. Those
states together are approximately the size of California and at the same time they comprise the
most important states of out-migration. All population distribution measures refer to this subset
of the data. The model therefore simulates migration behavior of one generation from one region

over the course of 33 years.

3 STYLIZED FACTS ON CIRCULAR MIGRATION

From the literature and the MMP128 three stylized facts on circular migration can be derived that
the model should match. If it succeeds in recreating these prominent characteristics of circular

migration behavior it is a plausible candidate for the true data generating process.

3.1 The distribution of migrants across cities is heavy-tailed

In order to calibrate the model to the empirical distribution and to have a means to validate the
model, the distribution of migrants across cities is determined.

When observing the complete MMP128 sample, the distribution across cities is very similar to



the Western-Mexico California subsample. Therefore, both the subsample and the full sample
are used in order to avoid bias in the estimates due to small sample size. The bulk of migration
originates in a few places and it concentrates on a fairly small number of places in the country
of destination. In the case of Mexican migration to the US, the communities with the highest
percentage of adults with migrant experience are in the states of Guanajuato, Durango, Jalisco and
Michoacan (MMP128). The percentage varies from just above one percent to almost 50 percent
across communities. Of the migrating heads of household surveyed in the MMP128, 20% went
to the Los Angeles district on their last trip; by far the highest number, followed by the Chicago
region (8%) and the San Diego region (5%).

Distributions that result from social interaction often follow a power law; that is

Pr(X > x] ~cx™” (1)

as in Axtell (2001) for the distribution of size of cities, Redner (1998) for the distribution of
scientific citations, and Liljeros ef al. (2001) for the distribution of number of sexual partners.
One of the generative mechanisms of power law distributions is preferential attachment: cases in
which it is more likely for a new node in a network to attach to a node that already has many links to
other nodes, rather than to a random node. Mitzenmacher (2004) provides an intuitive example that
can explain the often-found power-law distribution of links to a website: If a new website appears
and it attaches to other websites not completely randomly, but it links to a random website with
probability @ < 1, and with probability 1 — « it links to a page chosen proportionally to the number
of links that already point to that website, then it can be shown that the resulting distribution of
links to and from a website approaches a power-law in the steady-state. See Mitzenmacher (2004)
for a simple derivation and Cooper and Frieze (2003) for a more general proof.

In the case at hand, there is a small number of cities that attract a very large proportion of mi-
grants, and many cities attract only one migrant. Furthermore, the typical formation of migrant

networks - joining friends and family in the host country - suggests a case of preferential attach-



ment. Therefore, a power law is a first distributional candidate to check. The methodology is taken
from Goldstein ef al. (2004) and Clauset ez al. (2007). Matlab routines provided by Clauset et al.
(2007) were used that include estimating a minimum value for x above which the power law ap-
plies. First, it is assumed that the distribution of migrants across cities does indeed follow a power
law, and its parameters y - the power law exponent - and x,,;, - the value above which the power
law applies - are estimated. Then, it is checked whether synthetic power-law distributions with
the same exponent and the empirical distribution are likely to belong to the same distribution. The
most commonly used power-law distribution for discrete data is the discrete Pareto distribution,
which takes the form
x7

- 2
p(X) f(% xmin) ( )

where x is a positive integer measuring, in this case, number of migrants in a city, p(x) is the
probability of observing the value x, y is the power law exponent, (Y, X,u;;) is the Hurwitz or
generalized zeta function defined as ), ((n + X,;,)™7, and x,,;, is a minimum value for x above
which the power law applies. The Maximum Likelihood estimator is derived by finding the zero

of the derivative of the log-likelihood function, which comes down to solving

( (y’ xmln)
é’(’YV -xm,n) Z ln(x’ (3)

numerically for ¥, with x; as the number of migrants in city i and » as the total number of cities
in the sample; see Goldstein et al. (2004) for the derivation. Usually, if empirical data follow a
power-law distribution at all, they do so only for values larger than some minimum value (Clauset
et al. 2007). This value should be estimated in order not to bias the estimated ¥ by fitting a power-
law to data that are not actually power-law distributed. In accordance with Clauset et al. this X,
is chosen so that the Kolmogorov-Smirnov (KS) statistic, which measures the maximum distance

between two cumulative distribution functions (CDFs), is minimized. The KS statistic is
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D = max |S (x) — P(x)] 4)

X2 Xmin

where S (x) is the CDF of the empirical observations with value at least x,,, and P(x) is the CDF
of the estimated power-law distribution that best fits the data for the region x > x,,;,. This yields
a minimum x value of 34 and a scale parameter ¥ of 1.9. Although visually the power law seems
to be a good fit, it is checked whether the distribution might actually follow a power law above
Xmin = 34. To do this, the KS statistic is computed which measures the distance between the
empirical CDF and the best-fit power law. Then, a large number of artificial power-law distributed
data sets with y = 1.9 and x,,;, = 34 is created, a power-law model is fitted to each artificial data
set again, and the KS statistic (i.e. the distance of that data set to its own power-law model) is
computed. Then the proportion p of artificial data sets is determined in which the KS-statistic is
larger than the one from the empirical distribution. If the proportion p is such that p < .1, a power-
law can be ruled out because extremely rarely the artificial data sets are a worse fit to a power-law
distribution than the observed data. In the present case, however, p = .4250, so a power-law seems
a reasonable description of the data.

The same procedure is followed for the smaller subsample that is used as basis for the simulation.
The results indicate that even for the small subsample the distribution might follow a power law
for values larger than 15 with y = 2.2 (see Figure 1).

The p-value of .845 is even higher for the smaller sample, indicating that the artificial distributions
on average are a worse fit to a power-law than the empirical one. However, this result has to be
taken with caution due to the small sample size.

For comparing the empirical to the simulated distribution at the end of the calibration procedure,
mean, standard deviation and median of the two distributions are compared. It will be checked

whether and how often the simulated distributions resemble a power law (see Section 7.2).
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Figure 1: Log-log plot of the cumulative distribution function of numbers of migrants per city in

the small subsample and fitted values using MLE, with y = 2.2.
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3.2 People from one neighborhood tend to go to the same few places

People tend to settle where people from the same region of origin have settled previously: 65% of
the migrant heads of household surveyed in the community of the highest percentage of migrants
among the population, a village in Michoacdn, went to the Chicago region. Patterns in most other
communities are very similar. For additional evidence see Munshi (2003) and Bauer et al. (2007).

The reasons for this are positive network externalities.

3.3 Migration specific capital makes subsequent migration moves more likely

Several studies reveal the importance of migration specific capital, i.e. experience and know-
ledge that facilitate every subsequent move. This migration specific capital is closely related to
migrant networks as well: with every move, migrants build up new links that facilitate job search,
(re)integration and information flow (DaVanzo 1981). Therefore, once a move has taken place,
migrants are more prone to move (again) than they were before their first move (Constant and
Zimmermann 2011).

Since some of the individuals in the subsample were interviewed before the last year considered
(2007) and therefore their migration histories are not complete, the full sample is used for mea-
suring the distribution of number of trips. The total number of trips is measured at age 47, which
corresponds to the last year in the lives of the simulated agents. The distribution of number of trips
displays overdispersion (mean = .964, standard deviation = 2.785) and “excess zeros” as compared
to a Poisson distribution. The observed distribution fairly closely resembles a negative binomial
(see Figure 2). In fact, the null-hypothesis that it is equal to a negative binomial one could not be
rejected in a Kolmogorov-Smirnov test (p=.12). The overdispersion and “excess zeros” could be
due to either heterogeneity of individuals, or to two different data generating mechanisms creating
zero and nonzero counts of trips (Greene 2003, 744-752). Both explanations would be in line with
the argument by DaVanzo (1981) and Constant and Zimmermann (2011): Migrants could have
characteristics that distinguish them from non-migrants, so the heterogeneity between people who

do not migrate at all (number of trips = 0) and people who do make one trip would be much larger
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Figure 2: Observed distribution of number of trips compared to a Poisson and a negative binomial
distribution.
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than between migrants who make one trip and migrants who make two trips. Alternatively, the
conditions for making the first trip are much different from those for subsequent trips due to the
above mentioned build-up of migration specific capital. Therefore, the mechanism “generating” 0
moves is different from the one generating a positive number of trips.

The model developed here is useful if it succeeds in recreating these three stylized facts.

4 SELECTION OF BEHAVIORAL MOTIVES

Several behavioral motives can be found in the literature that might influence migration and/or
return decision. Which ones of those to include in the model is determined by running logit and
probit regressions on the MMP128 data set for the probability to migrate and to return in a person-
year. The full sample of individuals for the years 1970-2008 was used, thereby implicitly assuming
that they are not systematically different from the Western Mexican subsample which is used for
simulation. All of the hypotheses mentioned below are included in the regressions, as well as con-
trols for family status, community of origin, profession and current job. The results are displayed

in Table 1.

Hypothesis 1: Higher expected earnings in the host country than in the home

country attract migrants

The first hypothesis states that migrants are attracted by a higher expected income in the host coun-
try than in the home country, taking into account the unemployment rate (Harris and Todaro 1970).
The higher the expected income as compared to the current income, the more likely someone is to
migrate.

It is not straightforward to find the effect of the difference between expected earnings and current
earnings on the migration and return decision with the data available from the MMP128, for two
reasons: First, the data does not contain information on earnings of every person-year, but only

on the year of the survey and of the first and last migration. Second, it is unclear how to compute
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Probit 1. Probit 2. Logit
Prob. of trip Prob. of return Prob. of return
if in US if in US
Variables Coefficients
Sex (female =1) 265k " 313%Ek _550%%%
(.033) (.064) (.113)
Married -.033 %k 087 158k
(.012) (.022) (.038)
Number of children -.00001 017 031
(.00005) (.004) (.007)
Green card -.00004%* -.00006%**
(.00002) (0.00003)
Documentation used for trip (reference “unknown”)
Legal resident 3427 537*
(172) (.303)
Contract - Bracero 944 1.6807%
(352) (.653)
Contract - H2A (agricultural) 595k 982k
(.204) (.358)
Temporary: Worker 4715 7655
(.210) (.362)
Temporary: Tourist 7395k 1.235%#%
(.177) (.311)
Citizen .366%* 473
(.207) (.368)
Undocumented / false documents 680 1,101 %55
(171) (.302)
Exp. annual wage-difference US-Mexico (thousand USD) 0335 -.005 -.013%*
(.001) (.003) (.006)
Before first migration? (yes =1) -.87 5%
(.016)
No. family of origin ever migrated 07655 -.025% % _ 040k
(.003) (.004) (.008)
Property index categories (reference= 0)
Property index = 1 -.0497%k
(.012)
Property index = 2 - 109k
(.019)
Property index = 3 S 17
(.024)
Property index = 4 -. 1067
(.028)
Years since last trip 058k _ 077 _ 5]
(.002) (.003) (.006)
Number of previous trips 084k
(.002)
Property index larger in t+1 (1 = yes) -.509%k 1,093
(.039) (.069)
Last US wage PPP (thousands) -.0009% Z.002% %%
(.00005) (.00008)
Last US wage PPP (thousands) * Property index larger in t+1 000933 00023
(.00009) (.00002)
Age 18 to 30 (reference: < 18) 135%* 248 A4o47EE
(.020) (.051) (.087)
Age 311045 -~ 173 258 49
(.023) (.055) (.094)
Age 46 to 60 -.509%## 121% 225%
(.027) (.064) (.110)
> 60 -.998# .168* 231
(.047) (.095) (.163)
Constant -2.907%*# - 712%% -1.098*
(.093) (.317) (.582)
Number of observations 510578 32709 32709
Pseudo R* 0.426 0.292 0.296

Table 1: Probability of moving. Years 1970-2007. County and occupation dummies were used.
Robust standard errors in parentheses; *** significant at least at the 1% level, **significant at least
at the 5% level, * significant at least at the 10% level.
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Number of | Increase in probability to do a trip | z P>z
previous trips | in person-year per 1,000 USD ex-
pected wage difference

none .0011 21.54 | 0.00
(.00005)

at least 1 .0035 21.99 | 0.00
(.0002)

Table 2: Predictive margins obtained via delta method. Standard errors in parentheses.

expected earnings without knowing how those expectations are formed. In Section 5 it is suggested
that they are formed by averaging over network-neighbors’ earnings in the host country. To show,
however, that expected wage has an influence on the migration and return decision in the sample
and to get an idea of the size of the effect a reliable and simple measure is needed. For this reason
the difference between real GDP p.c. in Mexico and the US GDP p.c. multiplied by the employ-
ment rate is used. The coefficient of the expected annual wage difference between Mexico and the
US is positive and highly significant for the probability of making a trip. It is checked whether the
marginal effect of the wage difference on the probability to go on a trip differs by whether some-
one is a potential first-time migrant or has migrated at least once before. The results are shown
in table 2, indicating that a statistically significant difference exists. The marginal probabilities
shown in Table 2 are used for the behavioral parameter of expected wage in the simulation model.
The effect of the expected wage difference on the return decision should be opposite: The higher
the expected wage difference, the lower the probability of return. Indeed, the coefficient of the
expected wage difference is negative, but only significant in the logit model and not in the probit

model (see Tablel). Therefore, it is not included as a behavioral parameter for the return decision.

Hypothesis 2: Previous migrants in a host-country region are a pull-factor

The number of previous migrants in a region attracts new migrants for the following reasons. Work-
ers with a network are both less likely to be unemployed and have higher wages, as shown by Mun-

shi (2003). Therefore, migrants tend to go where they know somebody, as shown by Lindstrom
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and Lauster (2001), Flores-Yeffal and Aysa-Lastra (2011) and Massey and Aysa-Lastra (2011).
Previous migrants have an incentive to help the newly arrived to find jobs because this increases
the flow of information and trade among migrants, as argued by Stark and Bloom (1985). The
help of others decreases assimilation costs for new migrants, as shown for Mexican migrants by
Massey and Riosmena (2010). Previous migrants influence potential migrants’ decisions through
the policy channel as well: immigration policy often includes a family reunification element that
permits family members of migrants to immigrate as well. However, Beine et al. (2011) estimate
the relative importance of the different channels for immigrants to the US in a recent paper and
find that the immigration policy channel is much less important than the assimilation cost channel
and has decreased in importance since the 1980s. In sum, the more previous migrants somebody
knows the more likely he or she is to migrate.

This seems to be true for the sample at hand as well; the coefficient for the number of family
members in the US is highly significant (Table1). The influence of the number of previous migrants

on the migration decision is calibrated in Section 7.

Hypothesis 3: The stronger someone’s home preference, the less likely he or

she is to migrate

Migrants are often assumed to have a preference for consuming home amenities (a home bias
like in Faini and Venturini (2008) and Hill (1987)). Everything else held constant, utility is al-
ways higher if he or she is at home. The hypothesis is therefore: The stronger someone’s home
preference, the less likely he or she is to migrate.

Assuming that people are heterogeneous in their home preference, each individual is assigned an
idiosyncratic home preference parameter. For the home preference parameter property ownership
in Mexico before first migration is used as a proxy because people who consider it likely that they
will spend their lives in the home country are more likely to invest in property there rather than
in the host country. Logit and probit regressions of the probability to ever migrate on property

ownership, individual controls and community fixed effects before first migration (Table 3) show
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that property ownership before first migration is significantly negatively correlated with becoming
a migrant. This confirms the findings by Massey and Espinosa (1997).

Furthermore, an index was created from hectares, properties and businesses owned. The number
of hectares owned is transformed to a logscale, then the values from the categories are added. The
coefficient of the property index is also negative and significant.

The fact that many, but not all survey respondents seem to have rounded the number of hectares
to integers entails problems concerning the continuity of the probability density function of the
property index. Therefore values for all respondents are rounded in order to arrive at a discrete
distribution to simplify analysis. The distribution of the property index value of those individuals
that were born between 1955 and 1965 and originate from Central-Western Mexico was used,
because those are the individuals used for the simulation.

The obtained distribution of property index values before first migration approximately resembles
a negative binomial distribution (mean = .617, variance = .874, overdispersion = .552). However,
the null hypothesis that the observed distribution and a negative binomial distribution with the
above mean and variance are equal was rejected in a Pearsons chi squared and a log likelihood
ratio test.

Therefore, the relative frequencies of the property index in the Central-Western Mexico subsample
are used as relative frequencies for the home preference parameter ;. The analysis is confined
to values for the property index from O to 4, because the proportion of individuals with property
index larger than 4 is less than 1%. 57.85% of individuals have a property index of 0, 29.96% have
a value of 1, 7.83% have a value of 2, 2.57% of 3 and 1.09% of 4.

The probability to make a migration move in a person-year negatively depends on the property
index, as can be seen in Table 1. The average probability to migrate in a person-year was subse-
quently computed at every level of the property index (see Table 4). Interestingly, property index

= 4 increases the probability as compared to property index = 3.
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Prob. to ever be a migrant if before first migration

Logit (1) Logit (2) Probit (3) Logit (4)
Property cat- || Continuous Continuous Discrete
egories property property property
index index index
Variables Coefficients
Sex (female =1) -1.007%%%* -1.015%%%* - 519%** -1.001#**
(.028) (.027) (.014) (.027)
Family members ever migrated 316%** 31 5% 1 78%* 319%**
(.005) (.005) (.003) (.005)
Hectares owned before first migra- || -.003%%* - - -
tion (.001)
Pieces of land owned before first mi- || -.365%%* - - -
gration (.019)
Pieces of property owned before first || -.870%** - - -
migration (.012)
Number of businesses owned before || -.528%%* - -
first migration (.024)
Property index - -.599%* -.304%%* -
(.008) (.004)
Property index (reference = 0) - - - -
Property index = 1 - - - -.876%*
(.012)
Property index = 2 - - - -1.390%**
(.023)
Property index = 3 - - - -1.67%%*
(.033)
Property index > 3 - - - -1.620%**
(.042)
Constant -.276%** -.320% %% -250%** -286%**
(.065) (.064) (.036) (.065)
Number of observations 452675 452675 452675 452675
Pseudo R? 0.221 0.219 0.216 0.220

Table 3: Probability to ever become a migrant if before first migration. County and occupation
dummies were used. Robust standard errors in parentheses. *** significant at least at the 1% level,

**significant at least at the 5% level, * significant at least at the 10% level.
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Property Average probability to do trip in | z P>z

index person-year

0 .034 79.70 0.00
(.0004)

1 .031 68.06 0.00
(.0005)

2 .029 34.50 0.00
(.0008)

3 .027 23.63 0.00
(.0011)

4 .031 20.12 0.00
(.0015)

Table 4: Average probability to do a trip in a person-year at different levels of the property index.
Predictive margins obtained via delta method. Standard errors in parentheses. For the simulation
it is assumed that the probability to migrate decreases by .003 for people with home-preference
=1, by .005 for people with homepreference= 2, by .007 if homepreference = 3 and by .003 if
homepreference = 4.

Hypothesis 4: The more ties somebody has to the home country, the more

likely he or she is to return

Constant and Zimmermann (2003) find that family reasons are a driving force of repeat migration.
Ties to the home country can be understood as relationship capital. It is helpful for the migrant’s
reintegration into the home community upon return. However, the longer a migrant is away from
the home country, the stronger might be the depreciation of home country relationship capital
through physical distance. This phenomenon is studied analytically by McCann et al. (2010) and
found to be empirically relevant for the return decision by de Haas and Fokkema (2011). This
yields the hypothesis: The more family and friends someone has at home, and the stronger the
links are with them, the more likely someone is to return.

The decrease in likelihood of returning to the home country (for people in the host country) or of
migrating again (for people in the home country) is measured for migrants with at least one trip
to the host coutnry, taking time since last migration move as explanatory variable. This illustrates
the diminishing importance of ties across physical distance over time. A probit regression of

the likelihood of making a move in a year on the number of years since the last move yields a
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negative coefficient that is significant at the 1% level for both the migration and the return decision
(see Table 1). The links connecting physically distant network neighbors are therefore assumed
to become weaker each period by an amount a. This decrease is not linear but diminishes with
the number of years since the last trip; the coefficient of the number of years squared is positive
and significantly different from O (not shown). The probability of making a move in a person-
year (migration or return) starts out at 3.3% when the last trip took place in the previous year. It
decreases on average by 1.9% with each additional year that has passed since the last move. After
32 years without a trip the probability is at 1.8%. For reasons of tractability, the effect is assumed
to be linear in the simulation. The relationship capital associated with links between physically
distant neighbors is therefore assumed to decrease by 2% every year. The coeflicient of the size of
the effect of relationship capital in the home country on the probability to return home is calibrated

in Section 7.

Hypothesis 5: The higher someone’s savings, the more likely he or she is to

return

Often, migrants have a higher purchasing power of their savings in their home country, as modeled
by Dustmann (2001). This might be a return motive. Lindstrom (1996) follows a similar argument:
He tests whether Mexican migrants from areas which provide dynamic investment opportunities
stay longer in the US in order to accumulate more savings that they can put to productive use in
their home country and finds some evidence in favor of his hypothesis. Reyes (2004) shows that
devaluation of the peso relative to the dollar leads to more return migration, providing another piece
of evidence in favor of the purchasing power motive. A related argument is brought forward by
Berg (1961) and Hill (1987), who discuss the case where migrants have the objective to achieve a
level of lifetime income, and once that is achieved they return home because they have a preference
for home country residence. Either argument yields the same conclusion: Holding everything else
constant, the higher someone’s savings are, the more likely he or she is to return.

Unfortunately, the MMP128 does not provide information on savings. Therefore the supposed pur-
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chasing power effect is captured by including the last wage in the US, multiplied by the exchange
rate of that year and by the consumer price index from the Bank of Mexico, and a dummy that
is 1 if property ownership was larger in t+1 than in t in the return regression (see Table 1). An
interaction term of the dummy and the last wage earnings is also included. The ownership dummy
is significant and negative, which implies that people who lived in the US in year t and bought
property the same or the following year are /ess likely to have returned that year than people who
did not buy property. That somewhat contradicts the hypothesis and indicates that people seem
to buy property rather in the US than in Mexico. The coefficient for the last wage in the US is
negative and significant for return, albeit the coefficient is extremely small in size. The interaction
term has a positive and significant effect, in line with the hypothesis. This implies that if property
ownership in t+1 is larger than in t, the probability of return increases with the wage. The size
of the coeffcient, however, is very small as well. For that reason and because the proxy for the

purchasing power motive is imperfect it is not included in the model.

Hypothesis 6: Education

Education and heterogeneity in skill levels have been found to be important determinants of self-
selection of migrants in a wide range of theoretical papers originating from Borjas (1987) and in
empirical studies (e.g. Briicker and Triibswetter 2007).

The evidence in the literature on skill selection of Mexican migrants, however, is mixed: Borjas
and Katz (2007), Ferndndez-Huertas Moraga (2011) and Ibarraran and Lubotsky (2007) find that
Mexican migrants to the US are mostly from the lower tail of the Mexican earnings distribution.
Other studies find that migrants tend to have a medium position in the country’s skill distribution
because returns to skill are higher in Mexico, making migration less attractive for highly skilled
individuals, while at the same time low-skilled individuals are likely to be more credit-restrained
and not able to afford the moving costs (Chiquiar and Hanson 2002, Lacuesta 2006 and Orrenius
and Zavodny 2005). There is furthermore evidence that there is a self-selection process happening

for migrants within Mexico (Michaelsen and Haisken-DeNew 2011), but not between Mexico and
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Figure 3: Proportion of MMP128 full sample who make a trip at a certain age, for different cohorts

the United States (Boucher ef al. 2005).

In the simulation model it is difficult to take different levels of education and/or skills into account
without significantly increasing the complexity of the problem. The fact that the individuals in the
subsample are predominantly low-skilled (81% of migrants born between 1955 and 1965 had com-
pleted 9 years of schooling or less) in combination with the very mixed evidence in the literature
points in the direction that it does not seem to bias the results dramatically to leave out education

and assume a uniform level of education across individuals. This path is chosen here.

Hypothesis 7: Age

All cohorts display a similar migration behavior during their life cycle (see Figure 3.).

Migration behavior starts around age 18, reaches a peak between the ages of 25 and 30, and then
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Age Marginal proba- | z P > | Marginal proba- | z P >
bility to do a trip 2] bility to return if |zl
if in Mexico in the US

<18 .031 26.42 | 0.00 | .304 17.53 | 0.00
(.001) (.017)

18-30 | .039 73.92 | 0.00 | .367 76.26 | 0.00
(.001) (.005)

31-45 .028 69.70 | 0.00 | .352 68.27 | 0.00
(.0004) (.005)

46-60 | .022 28.57 | 0.00 | .316 23.75 | 0.00
(.001) (.013)

> 60 .009 396 | 0.00 |.279 2.82 | 0.01
(.002) (.010)

Table 5: Marginal probabilities to make a trip at different ages. Predictive margins obtained via
delta method. Standard errors in parentheses.

decreases, with small peaks in both migration and return behavior at around age 70. Age might
therefore have an effect on migration and return moves, independent of the other motives.

Age is significant in all regressions, except for the fifth age group in the return regression. All in all,
the results confirm the inverted u-pattern shown in Figure 3. Considering marginal probabilities,
the probability to make a trip increases by .8 percentage points when entering the age-group of 18
to 30, then decreases by 1.1 when entering the age group 31 to 45, and so on (see Table 5). This,
being translated to the behavioral parameters in the simulation model, indicates that after 3 periods
the agents in the simulation enter the second age group and their probability to migrate increases
by .008, and so forth for all age categories up to age 47 (the last year of the simulation) and both
migration and return, using the values from Table 5. The behavioral parameters that were included

in the model are summarized in Table 6.

5 THE MODEL

The model assumes two types of agents, workers and firms, which are spread out randomly on

a grid. Workers are heterogeneous only in a home preference parameter (fixed throughout the
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Para- Description Relevant for | Hypothesis | Direction of
meter no. effect
D Difference  expected | migration 1 +

and current earnings
)2 Number of previous | migration 2 +

migrants in network
D3 Home preference migration 3 -
q1 Ties to home return 4 +
Pas @2 Age migration 7 mixed

and return

simulation) and in a savings parameter (time-specific). There are two countries: one with high

productivity of labor (the host country), and one with low productivity of labor (the home country).

Table 6: Overview of behavioral parameters used.

Figure 4 displays the initial setup. While workers can move, firms cannot.

The model is initiated via a setup-procedure. During setup, the following happens:

e The world with two countries separated by a wall is initialized.

o Workers are created. A number that is equal to the initial percentage of workers in the home

country is assigned a random spot in the home country. The remainder is assigned a random

spot in the host country.

o Workers receive their individual values for the home preference and the savings parameter.

e Workers in the home country create links with other workers in their Moore neighborhood,

whereas workers in the host country create links with all other workers within a radius s.

e Firms are created in both home and host country and assigned a random spot and a random

initial wage.

In every step of a model run the following happens:

e Workers form links to all other workers in their Moore neighborhood (home country) or

within a small radius of size s (host country).
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Figure 4: Initial model setup. The model was implemented in NetLogo 4.1.2. (Wilensky, 1999).
The complete code is available at http://www.openabm.org/model/3893/version/1/view.
The host country is on the left, the home country on the right. Squares are firms, circles are workers,
spread out randomly on the grid. Workers are connected by links which represent relationship
capital.
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e Links between workers that are no immediate neighbors get weaker by amount a (relation-
ship capital diminishing over time due to physical distance). Through migration and renewed
physical closeness, the relationship capital associated with those links can be replenished,

like in McCann et al. (2010).

All other variables are updated.

Workers consume their earnings of the previous period minus savings determined by their

individual savings rate. Savings are added to wealth.

e Workers without earnings have a minimum consumption.

Workers use the information on earnings of network neighbors in the host country to compute

their expected earnings in the host country:

1
Wexp,it = N Z Wit (5)

where n = 1,..., N are all the worker’s network neighbors in the host country, measured at

time t.

e Migration is a three-step procedure. First, workers in the home country compute whether
their wealth is larger than the moving costs and if their expected earnings in the host country
are larger than their current earnings. If so, they secondly compute their individual moving
probability. The probability of worker i to migrate at time ¢ is assumed to have the following

functional form:

pis(migratelKi; > my, Wepir > Wiy) =

Po+ PLiWexpis — Wir) + p2Ni — p3i + pa; (6)

where K;, is the worker’s wealth in time t, m; are the migration costs, py is the baseline

migration probability, p; ;. is the behavioral parameter for the difference between expected
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and current earnings that depends on whether it is a first migration or not, p; is the behavioral
parameter for the number of network neighbors in the host country (&;), ps; is the individual
home preference parameter, and py, is the age parameter. They draw a random number € (0,
1). If this number is smaller than their individual probability, they migrate. Their wealth K
decreases by the amount of moving costs m;. In the last step, the probability that somebody
who is willing to migrate can do so is determined by the level of border control (see section

6).

Migrants become unemployed and decide where to go: If they have any network neighbors
in the host country, they move to the network neighbor with the highest wage. If not, they

move to a random spot in the host country.

Unemployed workers in both host and home country move to the network neighbor in the
same country who is employed and has the highest wage of all network-neighbors in the
country. If they do not have any network neighbors, they move one step in a random direction

in search of employment (but never across the border).

Firms employ unemployed workers that are on their patch. All workers receive the firm’s
current wage rate. In order to keep the model as simple as possible, firms are assumed to
pay a fixed, uniform, idiosyncratic wage to all of their employees. At every step the wage is

adjusted exogenously to account for inflation.

Analogous to the potential migrants, potential return migrants in the host country first deter-
mine whether their wealth is larger than the return costs and then decide to return with their
individual probability. The probability of worker i to return at time # given that his or her
wealth K is larger than the return costs m, is thus assumed to have the following functional
form:

R
q
Guremrn|Ky, > my) = qo + ) "+ 4o, ™)
r=1 00t

where ¢ is the baseline return probability, g, is the behavioral parameter for ties to the home
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country, r = 1,..., R are the worker’s network neighbors in the home country, a,, is the age

of a link, and ¢, is the age parameter.

e Return migrants’ wealth decreases by the amount of return costs m,. They become unem-

ployed and return to the spot in the home country they were assigned in the setup-procedure.
o All measurements of model output take place.

If the simulation is started with input data from 1975, when individuals are on average 15 years
old, agents start with 0 wealth and first have to accumulate income for one or more periods before
they are at least theoretically able to afford the migration costs. This causes them to start migrating
much later than their real-world counterparts. Thus, in order to provide the agents with an initial
endowment, the simulation is run for 15 periods with the settings of the first period (1975) without
allowing the agents to migrate. In the 16th period the schedule as described above starts, output is
measured and input data updated in every period. Then, the model is run for 33 time steps, with

each step representing one year.

6 PARAMETERIZATION OF NON-BEHAVIORAL PARAM-

ETERS

Behavioral parameters which are not directly measurable - those that involve the network as well
as a baseline migration and return probability - were determined by searching the parameter space
for those values that create the closest match between simulated and empirical data (see Section
7.1). All other parameters in the model were fixed to empirically determined values (summarized
in Table7).

Parameters of the model were set to sample population parameters that were estimated using the
MMP128, the Encuesta Nacional de Ingresos y Gastos de los Hogares (ENIGH) and the Encuesta

Nacional de la Dindmica Demogrifica (ENADID).
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Parameter

Value used for simulation

Source

City size

6.2

Average county size in Cali-
fornia (source: National As-
sociation of Counties)

Number people

2,860

Number of Individuals inter-
viewed in the MMP128 sur-
vey born between 1955 and
1965 and living in Central-
Western Mexico

Initial percentage
at home

944

Proportion of people from the
subset of the MMP that was
in Mexico in the year 1975

Border control

annual border enforcement
budget normalized to [0, 1]

U.S. Immigration and Nat-
uralization Service (until
1998), Homeland Secu-
rity Digital Library (after
1998), through MMP128
supplementary files

Saving rate

skew-normal distribution
with ¢ = 0.616 , w = 0.721
and o = -7.5

ENIGH

Moving costs 1,110.26 MMP128, Instituto Nacional
de Estadistica y Geografia

Return costs 1,715.65 US Bureau of Labor Statis-
tics, MMP128

Wage home | GNI p.c. PPP World Bank

country

Wage host coun-
try

annual average wage of pro-
duction and nonsupervisory
employees on private non-
farm payrolls

Bureau of Labor Statistics

a: Decrease in re-
lationship capital

2% every period

MMP128

Table 7: Fixed parameters that were derived from data and used for all simulation runs.
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The city size was determined by replicating the ratio of average county size in California (6,969
square kilometers), the most important recipient state, to overall land area of the state (403,933
square kilometers). That yields a radius of 6.2 patches or 49.6 pixels on the grid as radius of a city.
This measure determines the radius s in which migrants in the host country build links with other
migrants.

The initial percentage of individuals in the home country was set to 94.4 %, the proportion of
people from the subset of the data that was in Mexico in the year 1975.

The number of firms in the home country is determined by dividing the number of workers initially
in the home country (2700) by the average firm size in Mexico, which according to Laeven and
Woodruft (2007) is 13.6 employees per firm. That yields 199 firms. For the host country, the
number of firms is assumed to be 58, which is the number of counties in California. Values reported
in pesos are converted to USD using the annual average of the official exchange rate for the year the
data were measured (reported by the World Bank). In order to obtain moving costs an average of
legal and illegal crossings weighted according to the proportions of legal and illegal crossings in the
MMP128 data set was computed. Assuming that real moving costs are constant over time, nominal
moving and return costs were updated every period using price indices (the consumer price index
by the Bank of Mexico for the moving cost and the consumer price index by the Bureau of Labor
Statistics for the return cost). All values reported in the following are at 2002 constant prices.

It is assumed that (monetary) moving costs for legal migrants are composed of travel costs, costs
for obtaining legal entry, and loss of wage income for at least one month around the travel date.
This yields a total of 635.79 USD for legal entry (detailed computation available from the author).
For illegal entry, the cost for paying the coyote (hired smuggler) is added to the travel cost, which
is on average, considering that some illegal migrants do not use one at all, 801.31 USD at 2002
prices. For simplicity, this cost is assumed to be constant in real terms although in fact it rises
slightly with the level of border enforcement (Gathmann 2008). Adding up costs of coyote, travel
costs and loss of monthly wage yields a total of 1,314.84 USD for illegal entry. The estimated

migration cost is the weighted average of legal and illegal migrations according to the proportions
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in the subsample of the MMP128 data set (30.13 % legal and 69.87% illegal) and is therefore set
at 1,110.26 USD.

Return costs are assumed to be travel costs plus one month loss of American wages, which are
determined by a weighted average of illegal immigrants’ and legal workers’ wages. The median
monthly earnings of a legal worker with Hispanic/Latino ethnicity in 2009 are 1,814.66 USD. The
estimated earnings of an illegal worker are set to the average monthly earnings of an illegal migrant
in the MMP128 sample, which is 1,548.79 USD. Thus, overall return costs are 1,715.65 USD.
Firms’ wages are determined in the following way: In the setup procedure firms are assigned an
idiosyncratic productivity parameter & ~ N(0, %) for the host country. The standard deviation o =
.28 is the standard deviation of the average wage in a county as a percentage of the overall average
per capita personal income in California in 2007 from the U.S. Census Bureau. For Mexico, the
standard deviation of the average wage rate across states for the usual Western-Central Mexican
states in 2001 from Chiquiar (2005) was used, which is 22% of overall average wage. Accordingly,

each period, a firm’s wage is set in the following way:

W]'J = W, + W,aj, (8)

where a ~ N(0,0%) and w, is the time-specific average wage for the country. For this value time-
series are used that are updated each step of the model run. For the US, data from 1975 to 2007 are
taken from the average hours and earnings of production and nonsupervisory employees on private
nonfarm payrolls by major industry sector data set from the Bureau of Labor Statistics. For Mexico
GNI p.c. PPP, 1975-2007, from the World Bank was used because wage data for the subsample
used is not available for all years.

For minimum consumption in the US, the average annual expenditure on food and housing of a
household in the lowest income quintile of the population in 2010 from the Consumer Expenditure
Survey was used, which is 17,290.81 USD (in 2002 prices). For Mexico, the average annual
overall expenditure of a household at the bottom income decile in 2006 from the ENIGH was

chosen, which is 4,819 USD (2002 prices). For both cases the percentage of average income that
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this value constitutes is calculated for the respective year in which it was measured. Assuming that
the relation between minimum consumption and average income remains constant over time, the
minimum consumption is updated by multiplying the average wage each year by .3 for the home
country and by .7 for the host country.

To determine the savings parameter, data from the 2008 ENIGH were used. The data set was
restricted to 2,860 random observations from Western Mexico, thereby assuming that the sample
surveyed for the ENIGH is not in relevant ways different from the one surveyed for the MMP128.
Since only 17 % of respondents make any deposits in saving and other accounts, the difference
between current income and current expenditure is used as a measure for savings. The distribution
of the saving rate in the population is approximately skew normal with parameters ¢ = 0.616 ,
w = 0.721 and @ = —7.5. This distribution is used for the simulation, drawing a savings rate for
each worker in each period from this distribution.

Using a principal components analysis, a set of correlated border enforcement indicators were
checked (line watch hours, probability of apprehension, visa accessibility, real border enforcement
budget, number of border patrol officers; data sources see table 7) for principal components in
order to find a good proxy for the threshold of border control b, which is the probability of actually
being successful when wanting to migrate. Three factors account for 87% of the variance. The
border enforcement budget contributes the most to the first factor, which in turn accounts for 54%
of the overall variance. The unique variance of the border enforcement budget is one of the lowest
as well. Therefore that variable is chosen as a proxy for border control. The annual values from
1975 to 2007 are normalized to [0, 1] so that the probability that an agent who wants to migrate is
able to do so is inversely proportional to the level of border enforcement of the respective year. Of
course, there is a clear endogeneity problem here: if the level of border enforcement is low, a lot
of people will decide to try their luck and migrate. That might increase border protection, which
in turn influences whether migrants choose to try to cross the border or not. For this reason, the
way this is modeled here - migration decision and independent random draw whether migration is

permitted - is not realistic. Therefore, a baseline probability to migrate is estimated within the final
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calibration procedure (Section 7) with the border enforcement in place as it is.

7 CALIBRATION AND MATCH

7.1 Determination of remaining parameters

The first remaining parameter to be calibrated via simulation is the baseline probability to try to
make a move in any given year. This cannot be obtained from the data because the data set does
not contain information on failed migration attempts of people who end up not migrating at all.
The baseline return probability is also calibrated via simulation, as well as the two network-related
parameters p, and ¢;. In order to find the best values for the remaining free parameters 27,951
combinations of parameter were run, i.e. each of the four free parameters was set to values be-
tween 0 and 1 (for py, go and p,) resp. 0 and 2 (for ¢,), in steps of .1. Using a simple grid search,
the parameter combination is determined that is closest to fulfilling three criteria: causing an emer-
gence of the mean, standard deviation and median of the distribution of migrants across cities (see
6.2), causing the emergence of the negative binomial distribution of number of trips of migrants
(see 6.3), and yielding a similar time series of flows of migrants and return migrants (see 6.4).
After the best parameter combinations have been determined, the search is refined around those
values in steps of .01. The second stylized fact from Section 2 is an artefact of the model itself:
Through the preferential attachment to network neighbors - migrants move to where they know
somebody - people from one "hometown” are likely to move to the same host-country location.
Accordingly, this criterion is fulfilled for all parameter settings.

The overall best combination turns out to be py = .1, p, = .2, go = .38 and ¢; = .12 (details of
derivation and sensitivity analysis are available from the author).

Subsequently 10,000 simulations were run with the best parameter combination found, using dif-
ferent random seeds each time, to see how much the resulting distributions and time series differ
from one another and from the empirical ones. All of the following is based on these 10,000 runs

with the combination listed above.
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7.2 Stylized facts revisited: The distribution of migrants across cities is

heavy-tailed

Mean, standard deviation and median of the distributions of survey respondents’ last US trip and
of the last trip of the same number of computer agents were directly compared and it was checked
whether or not the power law hypothesis can be rejected for the simulated data.

To determine the simulated distribution, all patches on the left-hand side of the grid (see Figure
4) with at least one worker on them are brought into a random order. Then, in a radius of city
size s, the number of workers who chose this radius as destination for their last migration move is
counted. I move on to the next random patch until all workers who migrated at some point have
been counted. Finally, the distribution of number of migrants per radius of city size s is determined.
Some of the individual runs are extremely close to the empirically observed mean and standard
deviation (e.g. mean = 17.6, standard deviation = 54.9, median = 2 compared to mean = 17.5,
standard deviation = 54 and median = 1 for the empirical observation). Just like the empirical
distribution of migrants across cities from the small sample, most of the simulated ones also seem
to follow a power law (see Figure 5 and Figure 1 for comparison).

However, as for the empirical distributions, one has to be cautious because of the small sample
size. Furthermore, the overall distribution after 10,000 model runs has a mean of 27.2, standard
deviation of 60.1, and median of 4, which are slightly too high.

Both the facts that not all simulated distributions follow a power law and that often the median
is too high can be ascribed to the fact that there are on average more medium-sized cities in the
simulation than in reality. The simulated distribution is not as skewed as the empirical one. This is
probably because, for reasons of simplicity, it is not taken into account in the model that some cities
attract many more migrants than others not just because of network effects but simply because
they are larger and provide better job and other opportunities. Bauer ef al. (2007) find that the
probability that migrants choose a particular US location increases with the total population in that
location for almost all groups of migrants. Since the host country population is not modelled here,

this was not taken into account, but should be considered in future versions of the model.
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Figure 5: Example of a log-log plot of the cumulative distribution function of numbers of migrants
per radius of city size in the simulation with best parameter settings, and fitted values using MLE,
with y = 2.7 and x,,;, = 33. In a Kolmogorov-Smirnov test, p = 0.68, so the power-law hypothesis
is not rejected.
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7.3 Stylized facts revisited: Migration specific capital makes subsequent mi-

gration moves more likely

The distribution of the number of trips in the sample was negative binomial. The simulated dis-
tribution is not exactly negative binomial because even numbered counts of trips are much more
frequent than odd ones in the simulation, but not in reality. That is to say, moving to the host
country and moving back at some point is more frequent than in reality. That might be because
survey respondents have more degrees of heterogeneity than computer agents: the people who stay
in the US are different from the ones who return in a set of characteristics that were not considered
here. Furthermore, in reality, some of the migrants have family in the US and others do not, which
might fundamentally alter the psychic costs of separation (Lindstrom 1996). Therefore, also their
behavioral rules might differ. In the simulation, everyone makes the same type of decision, albeit
with different idiosyncratic parameter values such as the home bias ps3;. To correct this model in-
accuracy in a satisfactory way will be subject of further research. When smoothing the distribution
of number of trips by forming categories of two values each to correct for this inaccuracy (0, 1 -2,
3 — 4, etc.), the distribution is very close to being negative binomial (see Figure 6).

The hypothesis that the distribution of the smoothed values is negative binomial is, however, re-

jected in a Kolmogorov-Smirnov test.

7.4 Match of empirical and simulated time series

Generalized least squares was used to find the parameter settings that create the closest match
between the simulated and the observed empirical time series of migration and return (see Figure
7). In order not to over-calibrate the model the mean squared error between simulated and empirical
data was minimized in four points only. The focus was on matching rather the overall pattern -
an inverted u-shape. The results of the 10,000 Monte Carlo runs with the best parameter setting
po="_.1,pr =.2,q90 = .38 and q; = .12 are depicted in Figures 8 and 9. The curves that indicate

mean, standard deviation and quantiles can be used to classify particular simulation results in the
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Figure 6: Smoothed distribution of number of trips after 10,000 model runs compared to a Poisson
and a negative binomial distribution.
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Figure 7: Proportion of MMP128 subsample survey respondents who migrate and return in a given
year between 1975 and 2007.
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Figure 8: Result of Monte Carlo simulations for proportion of agents migrating. Dark bars: Mean
+/- sd; empty bars show range.

context of the conceptual population of simulated scenarios, similar to Voudouris et al. (2011).
Most of the simulation runs are within a fairly narrow range. The overall pattern — both migration
and return movement behavior increase and then decrease over time — follows the pattern of the

empirical data.

8 ROBUSTNESS CHECKS AND POLICY ANALYSIS

A robustness analysis of an agent-based model serves to check whether the model reacts as ex-
pected when parameter changes are introduced that should alter the results in an unambiguous
way. By manually increasing the home-country wage relative to the host country wage it shall now

be demonstrated that the model at hand passes a test for robustness.
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Some potential migrants can probably not afford to migrate and would therefore be enabled to
overcome a “poverty trap” if the wages increased slightly (McKenzie and Rapoport 2007). A
larger increase in home country wages should decrease stocks of migrants in the host country.
To check whether this result is produced by the model, the home country wage is increased by
multiplying each value in the time series by 1.1, 1.2..., up to 3.2 and running the model 1,000 times
for each treatment. An increase in average stocks is observed in early periods for increases in
the average home wage. At some point every potential migrant has gathered sufficient wealth to
overcome the poverty trap. That point is reached the earlier, the higher the home country wage.
Beyond that point, the higher the home country wage, the lower are the average stocks in the host
country (see Figure 10). At values larger than 3, migration ceases almost completely as the home
country wages are as high on average as the host country wages.

This is the effect that was expected and it is reproduced by the model. Whether this estimate can
be trusted quantitatively depends on whether one believes that the behavioral rules - in particular
the impact of the wage difference on the migration decision - are stable if the wages increase
substantially. Further research is needed to verify this assumption.

How the model can be used for policy analysis will now be illustrated. It is shown how the effect
of a tightening of border control depends on the level of foresight of potential return migrants.
Whether increasing border protection at the US-Mexican border increases or decreases the stock
of migrants in the US is unclear. Kossoudji (1992) observes that tighter regulation increases stocks
of migrants because it decreases out-migration. Angelucci (2005) finds an ambiguous answer:
Tighter border control clearly decreases inflow, but also decreases outflow. Thom (2010) does not
find that stricter border control increases stocks of migrants. Clearly, the net effect depends on in
how far migrants are deterred from returning since they take into account the lower probability to
be able to migrate again.

In order to test the impact on stocks it is assumed that the level of border control increases by
10%. Figure 11 depicts the average stocks across 33 years at levels of baseline return probability

of .38 and at lower levels, showing how stocks increase with a decrease in return probability. The
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Figure 10: Average stocks of migrants at each model step (1,000 model runs), at different values
of the average home country wage.
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Figure 11:

across 33 years at different levels of baseline return probability. The simulation was run 100 times

for each level. The horizontal line indicates the average stocks after 10,000 runs of the benchmark
simulation (369.17). The intersection of the fitted values and the benchmark scenario indicates

at which level of decrease in baseline return probability the average stocks at the higher level of

border control actually start to be higher than in the benchmark scenario.
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relationship between average stocks and baseline return probability is almost linear. Average stocks
increase by 3.58 individuals with every percentage point decrease in baseline return probability. It
can be concluded that, on average, stocks increase after an increase in border control by 10% if,
of 100 migrants in the US of whom 38 would have returned in a given year, 7 (i.e. 18 %) or more

take into account the reduced migration probability and refrain from returning.

9 CONCLUSIONS

In this study the phenomenon of circular migration is analyzed in an agent-based model. To the
author’s knowledge it is the first completely empirically founded and spatially explicit model of
the phenomenon that is able to take account of the whole cycle of migration and the role of net-
works. Three stylized facts on circular migration are introduced that the model can match, despite
it being fairly simple: (i) Migration concentrates on a certain number of places, (ii) people from
one neighborhood tend to go to the same few places, and (iii) migration specific capital makes sub-
sequent migration moves more likely. A set of hypotheses is derived from the literature concerning
influential factors to migrate or to return in a given year. These hypotheses are tested using data
from the Mexican Migration Project (MMP128). The behavioral motives that survived the empir-
ical check are included in the model. It is found that expected earnings, an idiosyncratic home
bias, network ties to other migrants, strength of links to the home country and age have a highly
significant impact on circular migration patterns over time. A model is presented that includes two
countries with differing average wages, workers who search for employment, and firms. Workers
can migrate and return according to probabilistic behavioral rules estimated from the MMP128.
Four remaining parameters are calibrated by running Monte Carlo simulations. Thus, avoiding a
common criticism of agent-based models, this model has only 4 degrees of freedom and is yet able
to replicate two distributions and two time series from the data fairly well.

Computational experiments are performed in order to demonstrate the robustness of the model.

Finally, it is shown how the model can be used to perform policy analysis. It has the potential to
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help answer the much debated question whether tightening border protection increases or decreases
the stock of migrants in a country. It is found that if 18 % or more of migrants who would have
returned at the lower level of border control take into account that they might not be able to migrate
again and therefore refrain from returning, stocks increase. Otherwise, they decrease.

Promising avenues for future research are to make the model spatially accurate using a geographic
information system (GIS) or to introduce more sophisticated behavioral rules and additional de-
grees of heterogeneity to account for existing mismatches between data and simulation.
Moreover, with further calibration and sensitivity analysis, the model can be used for forecasting
flows of migration and return in certain regions or cities, possibly by combining it with local border
enforcement data, and for estimating the effect of labor market shocks or changes in immigration

law.
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