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ABSTRACT

In recent years, migration has been modelled withénperspective of social networks. Models aretias the idea that
migration flows are influenced by the social netkgowhere the agents operate. In this work we udelli-Agent System
to simulate social networks of migrants and anatheeimpact of the structure of these networkshi ftow of migrants.
The model we propose uses information of a IPUM&liise of immigrants in the United States. We fedus four
different countries of origin: Germany, Mexico, Rmyal and China and in six variables: age, edugatitevel, income,
number of people in the household, labour statasrarmber of individuals in the social network oé thgent. We have
analysed four important measures of network strectdensity and three measures of degree centializanput, output
and general. Results indicate that Mexicans haglkehiinput and general degree centralization, nnegthiat their networks
have higher levels of influence of the agents. \Wectuded that the agents that stay in the U.S. ¢andot go away to their
country of origin), have network connections that weaker than those of other agents.

1. INTRODUCTION

Social network analysis has had a great developmergcent times, although the main concepts weopgsed between
1960 and 1970. According to Mitchell (1969), “a isb@metwork is a specific set of links among aaiepersons”, with the
additional property that the characteristics ofsthdéinks as a whole may be used to interpret tlegalsbehaviour of the
persons involved. Likewise the network structurBents the pattern of relationships between indigid (Newman &
Girvan, (2004), Wasserman & Faust, (1994)). Migmatis often modelled within the perspective of abaietworks

(McKenzie & Rapoport (2007), Woodruff & Zenteno (0, Hussey (2007)). In general it appears thatratign flows

towards a specific country B with origin in countty induce further migration of other individualsom A to B

(Helmenstein & Yegorov, 2000).

In this work we use a Multi-Agent System to moded flow of migrants in social networks. Agent-Baseoimputational
Demography (ABCD) is a computational approach tanbgraphy, with emphasis placed on simulation basedgents
(Billari and Prskawetz, 2005). In particular, in 8B models, it is relatively easy to integrate mibased demographic
behavioural theories with aggregate-level demogcaphtcomes. In such models, space and networkbedormalized as
additional entities in which the agents will intergBillari, Ongaro, Prskawetz, 2003). Our modeb&sed on the idea that
migration flows are influenced by the structuretioé social network where the agents operate. Thposed model of
migration uses four countries (Germany, Mexico,tiRpal and China) and six variables: age (y), edoat level, (e),
household income (r), number of people in the hobolsk (p), labour status (working/not working), (ahd number of
individuals in the social network of the agent (s).

! E-mail: pedro.campos@ine.pt



The social network of the individual is simulaté@sed on a correlation with the number of persorthé household. We
have used information from the IPUMS (IntegratethlRPuUse Microdata Series, Ruggles et al, (200@htaining data of
migration flows to the United States between 2008d 2008. We decided to consider four communitiethen U.S. with

origin in four different countries (Portugal, MesicChina and Germany), and identified the forca thase communities
have to attract new migrants from the country afiar as well as to repel those already leavinghie U.S. We used a
gravitational model incorporating the mass of tgerd (M) that includes the household income (r), the nunatbgpeople

of their household (p), the agent's age (y) andabeur status of the agent, or working situat{ey), Similarly, the mass of
the corresponding social network of the agent)(Mas computed. To determine the gravitational goo€ migration, a

distance d between the agent and their social mktwas defined. The Euclidean distance was chosetha distance
measure. Migration costs have also been considevVedanalysed the structural properties of the ggadrnetworks and
compared the impact of these structures on the itoalgnof the migration flows. Empirical validatiavas applied in order
to evaluate the quality of the model. The simulatieas initialized with real data of 2000, basedtlo clustering of the
main properties of the individuals coming from fbar different countries of origin. After runningg model and iterating
it for nine years, we compared the simulated mignaflows with the real data observed in the Ushim period of analysis.

Measures of network structure were used: densityedecentralization (input, output and general)e Tdtter constitute
signs of agents’ influence in network since thehbigthese degree centralization measures, the centeal agents are in
the social network. We concluded that the agerasdtay in the U.S. (and do not go away to theimtéxy of origin), have

higher values of individual mass, Ma, and are dased with less average distance with the membérheir social

networks. Networks where these agents belong are mwhesive. According to the results of the sirtioig in 2008,

Germans, Chinese and Portuguese have similar vafuth® degree centralization measures, meanirgatijents occupy
central positions in networks. Simultaneously, tesworks keep growing during the period. Centraigytherefore an
important property for the growth of networks. Wave concluded that Mexicans have higher input skl degree
centralization, meaning that their networks haghér levels of influence of the agents.

The paper is structured as follows: in Sectionr2p@erview of the concepts of Migration and Sodlatworks is made. In
Section 3, we introduce the approach of Agent-B&ethputational Demography (ABCD) and the methodplag have
used in this study. Results are discussed in Sedtidn this section we also analyse the stabdlitg the validation of the
model. Conclusions are in section 5, where we wepopics for further work.

2.  MIGRATION AND SOCIAL NETWORKS
2.1. Migration studies

Studies on migratory flows are essential to theeagment of more accurate demographic forechitgration flow is to be
viewed as the movement of a person through a liniigace, with the intention of changing residereapiorarily or
permanently. International migration (migrationyeén countries) and internal migration (migratioithim a country or
within a particular region — within a country or aggregation of countries) constitute differentspectives approaching
the problem. Internal flows of migrants associatétth the movements of persons within a countrydifficult to register.
In some situations like in European Union, coutitoyders have lost some of their previous econonsieake, and internal
flows of persons, goods and services can now eitewkith fewer restraints in the whole territorhefefore it is not easy
to correlate these flows with the specific bord#rsach country and alternative measures are ndedsaculate migration
flows.

There are several methods for the developmentusfied of migratory flows: registers of the entr@sd exits can be
produced in most regions where the possibility afihg such control in the borders exists. In ogtirations, national and
international sampling surveys produce informatmnthe flow of migrants: different countries maynduine statistics
obtained from these surveys and estimate their fiovms in the perspective either of the exits (eratgm) or the entry
(immigrants). For example, Portuguese emigrantsrance are considered immigrants in that countherg& are other
different approaches to the prediction of migratitows, such as modelling migration flows using ctastic and
deterministic models, as in Maier and Weiss (19@hgpre a random utility, model (based in the rediondity of
migration) is presented. Stillwell and Congdon (IP%hake a very complete approach of deterministid atochastic
migration models.

When the results of migratory flows obtained witiese models are included in population projectitims,corresponding
values are therefore considered in the equationgdtmating or projecting the population totalsc@ding to the most
appropriate methods (Shyrock et al. (1976)): (f)domputing post-censitary estimates associatedrti@nt and past flows,



after a census, taking into account all the censi# (and including) a particular one, not inclagifurther census; (ii)
Projections, associated to periods after the ks$ws, for which there is not available data.

2.2. The social network perspective

In recent years, migration has been modelled withm perspective of social networks. The works afKinzie and
Rapoport (2007), Woodruff & Zenteno (2007) and Hys@007) are examples of such applications. Iregrit appears
that migration flows towards a specific country Bhaorigin in country A induce further migration other individuals
from A to B (Helmenstein & Yegorov, 2000). Sociattwork analysis has had a great development indasades.
According to Mitchell (1969), “a social network & specific set of links among a set of personsthwhe additional
property that the characteristics of these linksaashole may be used to interpret the social beavof the persons
involved. Likewise the network structure reflecke tpattern of relationships between individualswian & Girvan,

(2004), Wasserman & Faust, (1994)). In the literatf social networks, relationships are exploredetwork construction
and shaped by the analyst in the most appropratmat. Wasserman and Faust (1994), for instancsgritbe a full

comprehensive approach of the role of social nétsvor the Social Sciences.

In the work of Woodruff and Zenteno (2007), migoatinduces the reduction of inequality betweenviittlials of the same
community. The model takes into account the retetidp between the wealth of individuals and migmatiHussey (2007)
reports a study on migration of medical doctorsiider to identify the countries with the highederaf migration in the

United States. Neto and Mullet (1998) study a groftig0 Portuguese adolescents according to 20reliffevariables. The
group is also quantitatively divided into desceridaf the working class and middle class. The astidentified several

interesting features in this study, as the intentm migrate (which is much higher when family defids exist in the host
country), the effect of the wage gap (which is tgeavhen the job opportunity in question is goosd,itahas greater
influence when there is already a social networthanhost country. The effect of employment opputies has a greater
influence when there is a network and the netwdiidceis greater when the job opportunity is relaty good. On the other
hand, the way how employment opportunities affaetwage gap varies depending on the presence enabsf a social

network.

2.3. Some concepts of social networks

Social Network analysis examines the relationsbigtsveen individuals (actors or agents) and is basegraph theory. A

graph is a set of nodes (agents, or vertices) mned:| lines represent links, meaning relationshépreen the vertices
(Lemieux and Ouimet (2008)). It is assumed theeefibrat society is an organized structure of agants not just an

aggregation of agents. Each agent is an individ@@aperson), or a set of social, economic or caltunits. The main

purpose of social network analysis is not only nalgse the population, but rather to detect anerjimet social standards
(Nooy et al. (2005)).

In social network analysis the relationship between nodes or agents may or may not have an otientdf the relation
between two agents A and B is oriented, then tilebietween them is named “arc”, defining the taxddtansmission of a
flow (that represents information, goods, etc.) aad be of two types: from A to B (A B), or, instead, from B to A (A
~B). If, on the other hand, the relation between agents has not a specific orientation, but it angans that two agents
A and B are connected (the orientation being repriesi as A B or simply A-B), then the relation is called “edge “link
“(Lemieux and Ouimet (2008); Nooy et al. (2005)).

The graphical representation of the network stmecia an important step for understanding and jméting the social

network. For that purpose, specific programs esisth as Pajek (Pajek (2010)), where it is possibtisplay the structure
and calculate the parameters that characterizestlo@al network. In this work we are interested tedmining the

importance of each agent in the network. Therefaregt of measures of node centrality are use@&ath vertex it is

possible to measure a level (degree) of centraliyresponding to the number of lines involving teetex. If the network

is not oriented, the degree of each vertex is etuahe number of its neighbours (the adjacentices}. However the
calculation is different when networks are orientedthis case it is necessary to distinguish thksl leaving the vertex
(outdegree) from those that are coming to the aestiindegree) (Nooy et al. (2005)). Centralityaisneasure aiming at
comparing the position (more or less central) ofigant, and is given by the ratio between the nurabeonnections of

agents and the total number of connections. Theratleast three measures of centrality most &ety cited (Freeman
(1977; (1979)):

o Centrality degree (degree centrality) - measuresitimber of direct connections of each agent iraphy
o0 Centrality of proximity (closeness centrality) - aseires the length of the shortest path connecatingagents.
0 Betweenness centrality - measure the importaneenaémber in the network.



In addition to these measures of centrality, tla@eeseveral other possible measures for networysiagCampos (2008)),
such as:

o Clustering (transitivity) - measures the connetyiwithin the network, and it is expressed by thebability that
two neighbours of a given vertex are connected;

0 Density - defined as the ratio between the numbeelationships and the number of possible relatips. If the
network is oriented, the number of possible reteiops is equal to the number of vertices N muéicbby N-1. If
the network is not oriented, then the number objtods relationships is given by N (N-1) / 2 (Lemieand Ouimet
(2008)).

0 The average path length - measures the lengtheofieghwork, and is given by the average numbeméglin the
shortest path between any two pairs of vertices;

o Diameter - measures the length of the network,iaritle result of the maximum number of links in gfertest
path between any two vertices;

0 Degree of centralization (degree centralizatioiit) is determined based on the centrality of therdegf network
agents, and measures the centrality that existseonetwork.

In the present study, we analyse the centralitydersity of networks. Our aim is to verify to wheattent the existence of
networks with major centrality contributes to favadlie increase the number of migrants. We belibaein cases of higher
centrality, the information flows easily throughetlinks and nodes of the network, but the centehefnetwork is critical
for the transmission of information. The degreeeftralization of a network is the ratio betweem tariation in degrees of
the vertices and the maximum degree of variatiohickvis possible in a networks having the same @imoy et al.
(2005)). The centralization degree may be analysd¢dree different perspectives in oriented networput centralization
degree (taking into account the arcs of entranearnds an agent), output centralization degreer{takito account the arcs
of exit from an agent) and general centralizatiegrde (taking into account both input and outpgteles).

These network measures are analysed later in 8ettim the next section, we introduce the modéhiwithe Agent-Based
model perspective.

3. ABCD, MAS, AND THE MODELLING OF MIGRATION NETWOR KS
3.1. Agent-Based Computational Demography (ABCD)

In this section, we introduce the ABCD perspectifenodelling demographic issues and present then®Based approach
to model the role of Social Networks in the proj@ctof international migration flows.

In the last decades, simulation has been a usefllin Demography. Recently, the area of Agent-Bastdels was
applied to Demography. In fact, Agent-Based Modetsy be seen as containing (or being containechimwtide scope of
simulation techniques. Agent-Based ComputationamBgraphy (ABCD), suggested in Billari et al. (20p3and

Prskawetzy and Billari (2005), focuses more ongkglanation of the behaviour of agents in Demogyaphn on the usual
demographic forecast. Thus, individual agents apslelled and the overall result of their interactisnstudied in a
"bottom-up" perspective.

According to the social model of Coleman, citedBijari and Prskawetzy (2005), there are threeditions that explain
the phenomenon at the macro level (Figure 1). Tiis¢ transition occurs from the macro to the miara concerns the
influence of a social macro affecting each indi@dun the second transition, the interactionsnofividuals are explored.
Finally the last transition is the influence ofdrdctions, at the individual level, on the macrele



Figure 1 - Diagram of the interaction of social tm&gisms in Agent-Based Computational Demography
adapted from Billari and Prskawetzy (2005)

o Macro Level
Situacional
Mechanism
Transformational
Mechanism
Micro Level [ >

Mechanism of formation

One of the goals in applying ABCD is to understanel transition from the micro to the macro level.fact, simulation
using Multi-Agent Systems has turned out to be gy weseful technique and is rapidly becoming impottan every
scientific field because of its simplicity and eféncy when run on existing computers. The fact itha not required to use
fully rational agents is a challenge for the cleasimathematical models which defines formal equestito guide agents’
behaviours. Another advantage of ABCD is the capdoibuild models that provide answers to probléhag do not have
analytical solutions (Billari et al. (2003a); Billaand Prskawetzy (2005)). In addition, agent-basextlels are used in
situations that can be solved by other models,nbadlels with agents are more "visual" and easy terstand (Axtell
(1999)).

Agent software has been much influenced by the wafrlArtificial Intelligence, (Al) especially the bfield called
Distributed Atrtificial Intelligence (DAI) (Bond anérasser, 1988). DAI is very important to sociahslation, because it
pays attention to building networks of intelligexfents and investigating their properties.

In the literature of Multi-Agent Systems (MAS), agent is usually defined as an entity that livea particular
environment and has the ability to interact withestagents. According to Ferber (1999) an agentHwfollowing
characteristics:

o0 Action and interaction - agents interact with otimglividuals and the environment. Actions modifigt
environment of the agents, and hence future dewidio be taken;

Communication with other agents - the main forneafhmunication with other agents;

0 Aims and individual autonomy - agents are not adlgd by commands from the user or another agentpa
set of "trends" that may take the form of indivilabjectives or survival functions that agentstorynaximize;

0 Perception - the agents have only a limited origlgoerception of the environment in which theyeliihey have a
global perception of everything that happens arahed. Often it is assumed that agents have a ‘telin
rationality” in the sense that use a limited cormmutesources to extract the consequences of wasiseized.

Wooldridge (2002) and Gilbert and Troitzsch (199%8¢sent a complementary definition of the aspeetsiibed above.
According to these authors, in order to charactesiz agent it is necessary to include other asgects as reactivity, pro-
activity, social skills and autonomy. These aspantsnot characterized in the present study. Iti@&e8.3., the social skills
of agents are defined with more detail, as it ipontiant to have a good adherence between modelsality.

3.2. Motivation and hypothesis

The promising developments presented in the studfiesocial networks and the desire to frame sofdators in the

migration of individuals constitutes the motivatiohthis work. The general hypothesis to be te#tdtiat the structure of
social network influences the level of migratorgvil To this end, the analysis of social networksulting from the

simulation is very important. This analysis aimshéhlighting two important aspects, which can leers as research
hypotheses:



1) The density of the network influences the quardftyhe migratory flow;
2) The degree of centralization of the network infleenthe quantity of the migratory flow.
To calculate the density that is used in Hypothé&kidoth the number of arcs (links) of the netwakd the total number

of agents (persons) are computed. Higher densignmenore connections between individuals, reflgcirmore intense
social network structure. The degree of centrabreis used to evaluate the performance of soelations in the network.

3.3. Data and methods

3.3.1. Data and representative groups of agents

As referred above, when simulation is used, therstitial skills of agents have to be defined withrerdetail, according to
empirical observations, as it is important to havgood adherence between models and reality. Adagabase, selected
from the IPUMS project has been used, in orderdihey information about the actual situation of flegulation to be

modelled in the Multi-Agent System. IPUM®8atabase has been used for this project, congaimioro-data (individual

registers) gathered from several surveys conduntdte United States of America.

Table 1: variables collected in the IPUMS database

variable Description Scope
y Age of the agent {1, ..., 95}
e Educational level of the agent {1, 2, 3}
r Income of the houseold ($/1000) [2pf+
p Number of individuals in the household {1, 2, 15}
S Number of individuals in the agents’ social natwo {2, ..., 20}
w Labour status (working situation: working/not \kiorg) {0,1}

Six variables were selected to describe the mopbitant aspects that we aim at modelling. The palgdatabase of
IPUMS contains information about the main varialdésnigration for several years. It addresses 1&dntries of origin

with immigrants living in the United States. Forstistudy, we have selected nine years (2000 to)28@®& four countries of
origin: Germany, China, Mexico, and Portugal. Teasons for the selection of the countries areahewing:

o Countries belong to three different continentshwiifferent territorial dynamics;

o Different development stages: Germany and Portageldeveloped countries, and the other, Chinavéedco,
are countries in the developing world, China beirgpuntry with a strong potential for economicadvgih.

0 The migration of each country and the type of inmaigs found in the United States have differentatiaristics.

The analysis of the individual features was madeghyuping the initial dataset in clusters. This wiyis easier to
understand the characteristics of the individualshie database, for each country, and it is pasgiblinstitute a set of
representative groups. In order to define a setepfesentative groups of agents for each countmget clusters of
individuals have been created, for each countringus-means, a non-hierarchical multivariate clustering meth(btair,
20009).

For the whole period of analysis (2000 to 2008)e¢hnatural clusters were found for every countoynfing 3X4=12
clusters in total), each of which having distinbacteristics with respect to the variables tlaatehbeen selected. This
information is important to characterize the ageatsimulate starting in the year 2000. In Tabl¢h2, main results of the
clustering process are described for each country.

2 IPUMS is the Integrated Public Use Microdata Sedthe Minnesota Population Center (Ruggles.e20D9).



Table 2: Results of the clustering process forctigation of representative agents

HH HH %
Cluster  Age(y) dimension Income  workers
(p) 0} (W)
GERMANY
1st and 3th 1 31a50 2a4 134 2 174 -
quartiles 2 12a34 345 352a71,4 -
3 37a70 l1a2 2432645 -
N(X;0,) 1 N@1.17) - N(168;59) -
2 N(@2313) - N(54,3;27,9) -
3 N(54;19) - N(45,7;29,0) -
(%) Representative ¢ ; 83,7 . 68,9
2 - 83 - 39,4
3 - 82,4 - 55
| CHINA
éiﬁtﬂg:th 1 36 a 55 2*a 4 139 a 188 -
2 20 a 44 3*a 6 34,3a827 -
3 37 ab67 1*a 3 16,2a 74,9 -
N(X;0 ) 1 N(46;12) - N(178;73,1) -
2 N@31;17) - N(59,8:29,6) -
3 N(53;18) - N(48,1;32,5) -
(%) Representative  q } 76,2 } 85,9
2 - 82,4 - 51,4
3 - 87,4 - 56,4
| MEXICO
1stand 3th 1 27 a 50 1*a 5 1282170 -
quartiles 2 20a37 37"  19,7a509 -
3 32 a 56 1a3 16,0 2 43,0 -
N(X;0,) 1 N(38;15) - N(160;50) -
2 N(@29;13) - N(38,2;25,2) -
3 N@4517) - N(32,9:22,7) -
(%) Representative  q } 78,8 } 73,4
2 - 86,7 - 53,2
3 - 84,9 - 61,8
| PORTUGAL
1st and 3th 1 47a57  4a5 147 2 289 -
quartiles
2 22240 4a5*  312a60,0 -
3 41a63 2a4™  17.4a54,6 -
N(X;0,) 1 N(52;8) - N(211;73) -
2 N@32;11) - N(45,6:22,4) -
3 N(52;16) - N(39,2:26,7) -
(%) Representative 1 - 76,4 - 64,7
2 - 82,3 - 69,4
3 - 80,97 - 54,1




According to Table 2, it is possible to concludattithe educational level in all groups is equalgmater than 2. The
dimension of the Chinese community in the U.S. @@ is lower than the German community. Howevas¢htwo

communities have very similar characteristics. Thied cluster is the one with the highest perceata individuals

represented. The second cluster represents the groyounger individuals, probably young couplesuseholds with

higher than individuals of other clusters, but wighatively low incomes. The percentage of workerthe lowest compared
to the other two clusters.

3.3.2. Gravitational model

In the gravitational model of Newton, every masgdagticle in the universe attracts every other inasparticle with a

force which is directly proportional to the produdttheir masses and inversely proportional togfeare of the distance
between them. Likewise, the essence of the grawitat model applied to migration flows is that et of migrating may

be influenced by the attraction exerted by the adamétwork. Boyd (1989) stresses the importanciuwily relationships

and friendships within a community and in socialwagks. In our work, immigrant communities in theSJ have been
created on the basis of the dimension of the soeilorks. We aim at measuring the force that tisesemunities have to
attract new migrants from the country of origirttie U.S., as well as to repel those who are alreathe U.S.

In order to adapt the Newton’s model to this copterme forces have been defined. Fm in Equatipri€lermines the
force of migration, i.e., the level of attractiohtbe social network in the country of destiny to a&gent in the country of

origin.
1)
M N ma
d2
My is mass of the social network, ma is the maskefigent and d is the average Euclidean distarteeée the agent and

the other agents in the social network. Here, @ ¢ibnstant measuring the gravitational constattiérgravitational model
of Newton) is equal as 1. The masses &hd m involved in the model represented in EquationafE) now substituted by

F,=G

m

the values of the social network: the average @ftcome (r) of the households, the median of tiaber of persons in the
household () the average age of the agent (y) and the sitwatiovorkforce (w). The mass jnis replaced by similar
measures that are computed at the level of theithdil agent (see Equation 2)

2

log(Fy ) x mediarfpy, ) , o, ]x(log(ra)xpa+ J
Fm_G( (7.,/19 ;W 10 "

a

We have computed a level of the propensity to nég(B,) that considers the difference between the GDRggita in the
U.S. (kua) and the GDP per capita in the country of orido).(The value h is the geographical distance bebtaée two
countries (see Equation 3).

_feunfo (3)
" (h/100)

The final model that includes all the previous aspean be formulated in Equation 3 (in which weehancluded the cost
of migration, G;) and may be interpreted as follows: the chancanofgent to migrate, defined as, ¥ a function of the
propensity to migrate (P, associated with each nationality, and the ga#igihal force of migration (). These forces, P
and K, are summed up in this equation, since they catabght as complementary forces. In this sensehitjeer the
propensity to migrate, the greater the chancethigagent has to migrate (or to leave the U.S.).

MaZCMx(Fm+PM) (4)

3.3.3. The simulation

Some initial considerations have to be made befoiting the final simulation algorithm: for the sakf simplification, we
have assumed that social networks connecting elsneéa particular country can only attract eleraesftthat country. For
example, a social network of Mexican persons inWh® is not able to attract Portuguese persons frain country of
origin.



Another important issue is the number of repredmmetaagents that were created according to Tabl& &istribution of

agents proportional to the number of immigrants wlagsen. Some attention was paid to the hardwaracdg, as the
software that was used to perform the simulatioedsea considerable quantity of resources. Therefbee number of
agents created for the starting of the simulation2000 for the Germans, Chinese, Mexican and Poetg was,
respectively 459, 449, 404 and 348. Each agensssciated to a identification label, so that ip@ssible to trace its
evolution. At the moment of the creation of an dganset of variables is immediately defined actaydo Table 1: age,
educational level, household income, the numbgreo$ons in the household and working situation kimgynot working).

For the year 2001 (and subsequent), new agentsaseated following a Normal distributioiN (ﬁ,Jn) where N is the

expected number of agents ad, is the corresponding standard deviation. A diffiérBlormal distribution has been

defined for each country. After the creation of #gents, an evolutionary simulation is performedeach time step, the
age of the agent is updated. In the following litke main rules used to update the main variaiesiscribed:

aAge(y) — if the age in year(y,)
i.  Yi<94theny, =y +1;
ii. y;=95 then the agent die.
b. Educational level (e) — depends on variable age:
i. Ife=1and Kyu;<14,theng=@q, =1;
i. Ife=1el1Xy. <18, entdog = U(1, min(2, may);
ii. Ife=1e 1Ky, <94, entdog = U(1, min(2, may)
iv. Ife,=2e 1Ky, <94, entdo g = U(2, min(3, may);

c.Income(r) varies in [2;+o[, and depends on the inflation rate of USA (eda& %). In t+1, the value of r is given
by: r.=r+[U(-1,1)x0,03].

d. Labour statugw) depends on variable age:
i. If1<yu1<15thenw,;=0;
ii. If 16 <y <94 then w,; = Bernoulli(k), being the fraction w of working people in USA.
e Number of individuals in the househd{al):
i. Ifpy=1,thenp.=p+U(01);
i. Ifpy=15,thenp.:=p+ U(-1, 0);
i. If2<pw<ldthenp=p+ U(-1,1);

f.The Number of individuals in the agents’ sociamwmk (s) varies according to the value of ih the previous
year.

The software REPAST - Recursive Porous Agent Sitran Toolkit, ( North et al., 2007), with Java immentations has
been used. One of the advantages of this softwaresiability to create multi-agent systems copitith social behaviours.
In order to represent and analyse the structusmofl network structure that emerged from the ktian, we have used
Pajek (Pakek, 2010).

4. RESULTS AND DISCUSSION

The main aspects explored in this section are tdtglity of the results, the possibility of validag the outcomes and the
analysis of the social networks. A NMigration Level) was defined exogenously in orttedefine a scenario of migration.
For each agent, the value,iefined in Equation (4) is computed and compaoelllt. If ML is greater than the value M
then the agent remains in the country of origirhédtvise, the agent will migrate or stay in U.S. A&sumed that three
different levels of ML may occur (low, medium andylm. These values are defined as 1,5, 4,0 andeéspectively,
corresponding to the three different scenarios igfration. In Scenario |, M:1,5 is low, and agents tend to migrate to the



U.S. In Scenarios, Il and lll, agents are more ispEzbed to stay in the country of origin, or elsddave the U.S. in the
case they are already out of their country of arigi

4.1. Stability

The stability of the model was analyzed for thee¢hscenarios and for all countries. Each scenaamrapeated 15 times.
As an example, Table 2 illustrates the resulthefrhain variables for Scenario | (and for GermawW&).can state that there
is a great stability of the values, confirmed bg thariation coefficient (the standard deviatiomigealways smaller than 5%
of the mean). The values for the other countriese#en more stable than these.

Table 3: Average values and Variability (value&dnof the main variables for German population

Variables 2000 2001 2002 2003 2004 2005 2006 2007 0082
Household
Dimension 2,40+0,03 2,73+0,07 2,9040,06 3,01+0,06 3,11+0,06 3,17+0,04 3,23+0,05 3,2740,05  3,30+0,05
®) (1,4%) (2,5%) (2,2%) (1,9%) (1,8%) (1,3%) (1,6%) (1,6%) (1,5%)
Age (¥) 43,8+0,7 39,4+1,1 38,0+0,8 37,4+0,8 37,1+0,6 37,1+0,6 37,240,6 37,6+0,6 38,0+0,6
9e (1,6%) (2,7%) (2,0%) (2,2%) (1,7%) (1,5%) (1,7%) (1,6%) (1,5%)
Social 7,85+0,21 7,31+0,14 7,39+0,13 7,57+0,15 7,79+0,14 8,02+0,14 8,22+0,15 8,39+0,16  8,53+0,15
Network (2,7%) (1,9%) (1,8%) (2,0%) (1,8%) (1,7%) (1,8%) (1,9%) (1,8%)
Houseold 65,5+1,5 61,9+1,6 61,4+1,7 61,1+1,7 61,0+1,7 61,1+1,8 61,5+1,8 61,4+1,7 61,4+1,5
Income (r) (2,2%) (2,5%) (2,8%) (2,8%) (2,7%) (2,9%) (2,9%) (2,7%) (2,4%)
% Workers |0,476+0,02% 0,552+0,017 0,504+0,022 0,473+0,016 0,465+0,017 0,460+0,011 0,455+0,010 0,457+0,014 0,460+0,01C
(w) (4,9%) (3,1%) (4,4%) (3,3%) (3,7%) (2,3%) (2,3%) (3,1%) (2,2%)

Note: The values in this table may be interpreted as follows: in the year 2001, for example, the mean values of the household dimension
for Germans is 2,73 with a variation between -0,07 and +0,07 corresponding to a percentage of standard deviation of 2,5% (variation
coefficient).

4.2. Validation

Validation is a very important step in the simuwati since we need to measure the adequacy of tldelnfeagiolo et al.
(2007) and Windrum et al. (2007) suggests sevemglswof validating computational models, such asolits friendly
validation, calibration, etc.. According to Bianddti al. (2007), the most intuitive form is made dpmparing simulated
values with real ones. In our case, a Wilcoxon (@snover, 1999) was applied. In this test, a $étypotheses (Hao Hd"

) is defined as: “the medians of the variableshimpaired populations r and s are equal: Mgy, ; Ho":re=r, ; Ho" :ps=p: ;
Ho": wew,” (where r denotes the real values and s denoesithulated ones and the indexes y, r, p and vd dtarthe
variables of the problem — see Tablel). If weatejee null hypotheses, corresponding to a p-viidaeis lower than 0,05,
then it means that there is statistical evidened thifferences between real data and simulated ebdt (with 5% of
significance). Each set of hypotheses is applieal ¢ountry. Table 4 contains the results of thec@¥%bn bilateral tests for
the variables and countries in which the null hjngses are not rejected (there is no statisticaleege that differences
between real data and simulated data exist (wittob&tgnificance).

Table 3: Results for the Wilcoxon Bilateral tesisWhich real data is similar to simulated data

Country of origin Variable Scenario z* p-value
Germany Working situation (w) I -1,718 0,0858
China HH Income (r) I -1,362 0,1731
Working situation (w) I -0,889 0,3743
Mexico HH Income (r) I -1,362 0,1731
Hh Income (r) Il -1,244 0,2135

Hh Income (r) 1 -1,125 0,2604




4.3. Analysis of social networks

At this point we are interested in analysing thei@onetworks that emerged from the interaction agnimdividuals and to
verify in what extent the shape of these networksimportant to the international migration flovis.particular, we aim at
verifying the impact of network density on the gtignof the migratory flow and to verify if the deze of centralization of
the network influences the quantity of the migrattow.

We focused our attention in specific scenariosnaces Il and Il are more realistic than scendri®he latter is strongly
inductive for immigration since the value M¥L,5 contributes to more exits from the countryodfjin. So, we base our
further analysis in Scenarios Il and Ill. Mexicotige country with higher growth rate in terms ofnirgration in USA
during the period of analysis. As the size of theia network of Mexicans increases, the densityrefeses, in general.
Germans have the lowest values of density of all tmuntries.

The centralization degree may be analysed in tliféerent perspectives in oriented networks: inpetralization degree
(taking into account the arcs of entrance towardagent), output centralization degree (taking aatoount the arcs of exit
from an agent) and general centralization degrang into account both input and output degre€bse measures are
signs of network centrality. The higher these degrentralization measures, the more central agmetsn the social
network and therefore the higher influence the tgbave in the network. We concluded that the agthet stay in the
U.S. (and do not go away to their country of orjginave higher values of Msee Equation 4), and have less average
distance among the members of their social netwdtksvorks of these agents are more cohesive. Alaugito the results

of the simulation, in 2008, Germans, Chinese anduBuese have similar values of the degree cerdtadn measures,
meaning that agents occupy central positions iwads. Simultaneously, the dimension of the netwar@ntinues to grow
during the period. Centrality is therefore an impat property for the growth of networks.

Correlations between the centralizations degregsi{icentralization, output centralization, and egahcentralization) are
not consistent according to different variables ands not possible to take conclusions about asjbds statistical
association between these measures. We observE&¢haitans have lower values of the general degrmeteatization and
input degree centralization. Mexicans have lowdpoudegree centralization and higher general @egeatralization and
input degree centralization. In Fig.3 we observe ¢lvolution of the social network for the Mexicaatsthe beginning
(2000) and at the end (2008) of the simulatiors ftossible to verify that the networks are morpyated at the final of the
simulation and that it is difficult to analyse thmups of individuals that were easier to findhat beginning.



Figure 2: Evolution of two measures of social netgo Density and Centrality Degree - of the Maxis in the nine-year
period of the simulation, according to the threféedént scenarios
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Figure 3: Evolution of the social network (Mexicgr2000 (A) and 2008 (B)




5. CONCLUSIONS AND FURTHER WORK

In this work we use a Multi-Agent System to modued flow of migrants in social networks. Our modebased on the idea
that migration flows are influenced by the struetorf the social network of the agents. The propasedel of migration
uses four countries (Germany, Mexico, Portugal @hiha) and six variables: age (y), educational llefed, household
income (r), number of people in the household, lghour status (working/not working), (w) and numbéindividuals in
the social network of the agent (s). The socialvnet is based on the number of persons in the hmldeWe have used
information from the IPUMS, containing data of nation flows to the United States between 2001 €882

Our goal was to verify to what extent the existeataetworks with major centrality contributes tovbur the increase the
number of migrants. We believe that in cases ofidrigcentrality, the information flows easily thréuthe links and nodes
of the network, but the center of the network igtical for the transmission of information. This aysis aims at
highlighting two important aspects, which can bersas research Hypotheses: 1) The density of tiweorieinfluences the
guantity of the migratory flow; 2) The degree ohtalization of the network influences the quantifithe migratory flow.

A gravitational model has been applied to migrafiomws in the sense that the act of migrating mayirfluenced by the
attraction exerted by the social network. In ourky@mmigrant communities in the U.S. have beerat@é on the basis of
the dimension of the social networks. We aim atsudag the force that these communities have ractnew migrants
from the country of origin to the U.S., as welltagepel those who are already in the U.S.

The stability of the model was analyzed for thréetent scenarios of migration level (Mand for all countries. It is
possible to confirm that there is a great stabitifythe values, confirmed by the variation coeéfiti We focused our
attention in specific scenarios: scenarios Il alhchle more realistic than scenario I. The latgsirongly inductive for
immigration. We concluded that the agents that stdlie U.S. (and do not go away to their counfrgrigin), have higher

values of M, and have less average distance among the memwb#hsir social networks. Networks of these agerts

more cohesive. Centrality is therefore an imporfaoperty for the growth of networks. In additidBermans have lower
values of the general degree centralization anditingegree centralization. Mexicans have lower dutdagree

centralization and higher general degree centtaizand input degree centralization.
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