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Abstract

Social ties are potentially an important determtr@Efrmigrants’ intention to return to their

home country, and yet this topic has not been addckin the existing economics literature
on international migration. This study examines #fsolute and relative importance of
migrant social networks both at destination andoagjin. We base our research on
experimental data from Batista and Narciso (281By defining networks according to

different characteristics of their members and amgreturn intentions with respect to three
different time horizons, we are able to dissectrté®vork effect into its components. After
controlling for unobserved heterogeneity and reveausality biases we find that network
at home seems to be the most important determirfiimé migrant’s intention to return home

within five and ten years.
Keywords: International migration, Return migration, Retumtentions, Social networks.
1. Introduction

According to the most recent OECD International tdigpn Outlook (2015), the level
of legal permanent immigration to OECD countriemsed 4.3 million of individuals in
2014. Among these, 1 million per year entered tble matching in this way the inflow to
the USA. At the same time, the yearly figures farefgn-born leaving an OECD country are
substantial and can range from 20% to 75% of theigrant stock (OECD, 2008).
Furthermore, between 20% and 50% of the inflow vetlrn to the country of origin after

five years from the arrival (Dustmann, Gorlach; 201n the case of Ireland, among those

! The data consists in a representative sample df itBfhigrants living in the Great Dublin Area, Dufli
Ireland



immigrated between 1993 and 1998, 60.4% returnéldeio home country after five years
(OECD, 2008).

The relevance of international migration is not secent phenomenon. In fact, it
has been an object of study under many lenseset deal of the recent economics research
on international migration has focused on explarime determinants of actual migration
patterns. (See Borjas, Bratsberg (1996), Berto#ilef2013) and McKenzie et al. (2014)).
Yet, very few studies undertook the study of migratintentions (as opposed to actual

migratory movements) and the formation processiof snigration intention decisions.

Studying the migrant intention to move across coest rather than the actual
movement, provides a net advantage. If on one haigitant intentions are more exposed to
changes over time that can be difficult to predgten the very nature of individual
intentions. On the other hand, migrant intentioainn a cleaner measure for migration
decisions (Dustmann, 2000). Indeed, investmentswaption and labor supply decisions
are often conditioned by current intentions rathan by “final realizations” as presented in
Dustmann (2000). Moreover, by focusing on migratrdgentions, we are able to study return
migration patterns, which usually implies followitige migrants over time for several years.
This is an expensive process and often discardeddmarchers, which mainly focused their
attention on immigration dynamiésA way to elude this unbalance and to shed some mor

light on the partially unexplored area of returrgration comes from focusing on migrants

2 A few exceptions are Borjas and Bratsberg (198®snard (2004), Yang (2006), Batista, McIndoe-Calde
and Vicente (2014), Dustmann (1997), and Dustmatihkarchkamp (2002).



intentions. In this paper, we aim at bringing tbgetthese two neglected aspects of the

migration experience.

As reported by Dolfin and Genicot (2006), the erigtiterature widely recognizes
the pivotal role of social networks in affectinggratory decisions. In particular, networks
facilitate the migration process and enhance iatisacting new immigrants to the host
country (Dolfin, Genicot; 2006). Networks affectgration decisions through three channels.
They allow information, support in the job marketiasafety both at destination and at origin
(Dolfin, Genicot; 2006). Yet, there is no clear ergtanding on these underlying mechanisms
through which social ties work. Our research qoestirises naturally form this framework.
We want to know: What is the absolute and relaitimportance of networks at destination
and at origin on return migration decisions? Intipalar, we want to understand whether
there is a clear distinction between the effect uthe network at destination and the one
attributable to the network at home. Our claimhigttthe two networks can be depicted as
two “pull” factors. We would hence expect the retimtention being indirectly proportional

to the network size.

In order to analyze the two network effects on miigrant intention to return, we
define the intention to return with three differdime horizons. This allows us to detect
whether the network effect holds in the short, medand long run. We also study the impact
of networks in details, looking closely at the netkwcharacteristics in order to better identify
the nature of the network effect. We find that tregwork at origin help explaining the
migrant intention to return within five and ten ygawhile network at destination does not

have any influence. A bigger network at home desgedhe likelihood of the migrant to



return home. In particular, an increase of one nenbthe network size at the migrant’s
country of origin will decrease the likelihood &t migrant to repatriate within the next ten
years of almost 20 pp. Our results show that théegpread idea of networks easing
migration (see Dolfin, Genicot; 2006) does not hetien we look at return migration. Our
study contributes to the existing literature byyidang empirical evidence on the formation
process of migrant intentions to return. We beligvs a crucial contribution since it adds
valuable knowledge on one of the main controveesial pivotal determinants of migration,

the social networks.

The remaining part of the article is structuredallows: the next section presents a
brief literature review of the existing work onust migration and social networks. The third
section is dedicated to the methodology and thetiaection to the descriptive statistics. In
the fifth section, we present and discuss the tesuh the last section, we draw the

conclusions from our study.

2. Literature review

Migration decisions are as complex as the variétiactors they are based on is.
Migrating is a decision that is taken at the indual level and it takes into consideration
many different elements from the surrounding, &saity proposed by Sjaastad (1962) and
Harris and Todaro (1970).

Towards the end of the 80s, researchers startedifgggon immigration and its non-
random selection processes, both in terms of obb&r\characteristics — such as in Borjas
(1987), Borjas and Bratsberg (1996) or Chiquiar Hiadson(2005) — and of unobservable

characteristics — such as in Batista (2008) ordbiest al. (2013). More recently, the literature



on the determinants of migration has broadenedamae both the origin and destination
countries, adopting increasingly more field anduretexperiments as sources of exogenous
variation — as is exemplary in Yang (2006) and MaXe et al. (2014).

Yang (2006) examines how households use migratsoa gechnology for saving
purposes, and the way this conditions return migmadecisions. By examining the impact
of an exogenous exchange rate shock on actuahnetigration, Yang aims at clarifying the
determinants of return migration between targaetearand life-cycle migrants. He finds that
migration allows household-investments back homemgementary to Yang (2006)
contribution, Gibson and McKenzie (2011) find tlambong highly skilled individuals the
life-cycle reasons predominate. According to thessults, return migration seems to be
determined more by preferences and local amenrttias purely by individual gains in
income (Dustmann, 2000). In addition, Dustmannkainchkamp (2002) show that wages in
the host country are indirectly proportional to dpimal migration duration. There is in fact
a decreasing marginal benefit of migration. Moreotreey find that the higher the schooling
level, the shorter the optimal migration periodé.

Another focal point in the literature has beenrtie of human capital in the context
of international migration. Return migration candb@ay to capitalize in the country of origin
the skills that have been accumulated during tlggation experience. Batista, Lacuesta, and
Vicente (2012) provide strong evidences in suppbtihie hypothesis of human capital gains
deriving from migration. Their result are consigtesth the model developed by Dustmann,
Fadlon and Weiss (2010), which is a theoretical @hadhere return migration that responds
to human capital accumulation. They show that wten human capital endowment of

individuals can be improved more efficiently abrpgmir return to the home country will be



delayed. McKenzie and Rapoport (2007) provide frr#vidence on the human capital gain
coming from migration.

When we consider migrant unobservable charactesjsselection into migration is
not easy to detect and isolate. McKenzie and Rap@p010) study self-selection patterns
among Mexican migrants to USA. They find that —eteting on whether the migrant lives
in a highly or lowly networked community — the patlility of migration is directly
proportional to the education level in low netwodksnmunities and indirectly proportional
to education of the migrant in communities that lsighly networked. Therefore, a larger
network means more incentives to migrate at anyathnal level. At the same time, by
dealing with networks, one has to bear in mind thate is a double selection problem; one
is into migration the other into the network. Otrstudies on individual unobservable
characteristics — e.g. the entrepreneurial spirihe migrant — and the key role they play in
return migration are Dostie and Léger (2009) amdiga, Mcindoe-Calder and Vicente
(2014).

Social networks play a crucial role in affectinggnaition decisions. A key feature of
their formation process is the non-randomness.H@rcontrary, its development is driven
mainly by factors related to ethnicity and geogsafflarmaros, Sacerdote 2006; Jackson,
Rogers 2007). Notwithstanding, these, together wmitimophily, can also lead to less
integration and cause segregation (Currarini, JagkBin 2009). Furthermore, depending on
the level of integration in the job market and be very nature of the networks themselves,
the migration experience can be more or less ssftde€onsequently, depending on how
successful the integration process was, a migraudoconsider re-migrating or returning

home (Borjas, Bratsberg 1996).



The most comprehensive definition for the severaicfions served by social
networks is the one of mitigating migration cosBaéstad, 1962). Yet, there are three

potential channels, through which social networks affect migration decisions.

First, networks catalyze information (Bloch et2008). In addition, by defining the
borders of social ties, homophily influences howimation is spread within and across the
networks (Currarini, Jackson, Pin 2009). Networ&s be particularly effective as a source
of information on the labor marketproviding more and better jobs opportunities and
therewith influencing the success of the migratexperience (Umblijs, 2012). Further

evidences demonstrated how more networks lead te job opportunities (Munshi 2003).

Second, social networks influence migration decidiy determining the migrant
integration in the host country. homophily assurmesucial role with respect to network
effect estimation, as it represents a source aktaded unobservables jointly with social
norms (Manski, 1993; Cai, de Janvry, A. and E. 88tp2015). Goel and Lang (2009),
prove how already present immigrants in locus ifaté the assimilation of new-coming
migrants. At the same time, though, networks cao &ad to segregation for particular

ethnic enclaves and therefore lead to worse jotdseaolusion (Borjas, 2000).

Third, networks can be an insurance mechanism hiefis reducing the risk
associated with migrating (Umblijs, 2012). Furthers) social ties can work as a very
peculiar risk management platform based on mutndlself-enforcing informal insurance

agreements (Bloch et al., 2008). At the same tiraiyorks at home represent a way to insure

3 For a more extended literature revision see Doffienicot (2006)



too (Batista and Umblijs, 2016). In addition, Fafolps and Gubert (2007) show that
networks facilitate insurance against risk, yetvithals do not choose the composition of
their networks in order to maximize the income gaaming from risk sharing

3. Methodology

The central hypothesis examined in this paper gegthat migrant’s social networks at
the destination and at the origin influence the ramgjs decision to return to the origin
country. More specifically, considered the funcidhrough which networks operate, we
expect to see earlier return intentions at a stedgere the network at home is small, since
with a bigger network at home, the migrant can btnefit from it relying on different
contacts in case of need. The same dynamic shaitt dt destination, where a bigger

network implies stronger ties from which the migrean still benefit.

In order to empirically evaluate this hypothesig, pvoceed by building an econometric

model that allows us to estimate the nature andlitieetion of the existing relationships
Yie = Qi + BijXaij + VijXaij + 6iZ; + &

wherey;; represents a binary variable summarizing the mifgantention to return with
respect to three different time horizansz;, is the constant term for the specificatiap;

and x,;; are the dependent variables representing netwdrkiestination and at home,

4 We also estimate separate models that only consitler the network at destination or the one igjilorBy
considering one network at the time, these mod&isvdo detect the absolute importance of both eks,
although they are not exempt from omitted varidiées. Therefore, the core model of our analysisictans
both networks at once.



respectively; Z; stands for the vector of controls, whilg represents the stochastic error

term of the model.

The model discerns the effects of one network ket to the other by estimating
the existing relationship between the outcome uraaedysis and both types of network

simultaneously.

In our econometric analysis, we include a vectorcoftrol variables including
observable and unobservable characteristics thgtitraffect the formation of intentions to
returrf. As we further describe in the section dedicatethé descriptive statistics, we take

into consideration various definitions for both tependent and the independent variables.

Since migration intentions can vary with respeditterent time frameworks, we are
able to better identify the nature of the relatlfopsin analysis by putting it into a time
perspective. Thus, we define return intentions ating to three different horizons. The first
refers to whether the migrant ever intends to retlihe second considers the intention of
returning within the next five-year period, whileetthird extends the period to up to ten
years, and it is regarded for the purpose of awgysds a comprehensive proxy for medium
run return decision dynamics. Similarly, it is pib$s to define networks in several ways

We define the network as network size. By doing thie can detect the effect of having a

5 Index; represents different definition for the networlséd on its characteristics

& We control for individual characteristics (gendage, spousal status, religion) and household atwionle
characteristics (humber of children, household mmepa dummy variable for having sent remittancesab
during last year). We also control for variablesttive consider proxies for unobservables as emnepirship,
ability and risk-aversion (e.g. years spent indnel, intention to stay at arrival, years of schugplnd a risk-
aversion proxy represented by a lottery-game [sgpl@mentary Appendix]).

7 For each migrant, we the network at destinatiotuohes household members, friends and acquaintaaces,
contacts already present in Ireland before arrivaé network at home gathers family members armdds.
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bigger or smaller network in terms of migrant irttens to return. Therefore, network size
can be regarded as a proxy for network effect BitgnYet, networks are much more
complicated structures than simple clusters ofadstErgo, for a deeper understanding of
the mechanic underlying the network effect, we skeable the network size in some of its
main characteristics that we consider key. The asitipnal analysis we set up takes into
account two main aspects that can influence ther@atf the existing relationship between

the migrant and her network.

A first crucial aspect of this relationship is tféort that the migrant puts in keeping
contact with her network members. It is thereforteriesting to look at those members that
are not part of the famifyand hence those that the migrant can include duég from her
network more freely. Keeping in touch with thesenmek members represents an interested
choice with respect to the functions that the nektvexerts, as we discussed in the previous

chapter.

A second element that has to be borne in mind vdeating with social ties is how
effective the network is in accomplishing one efritain functions, providing job solutions.
As we stressed already, jobs represent a pivatadifan most migrants’ decision to stay or
leave. Therefore, the choice of restricting themoek to just working members follows

naturally.

As we mentioned in the previous sections, we pmwstimates for three different

outcomes and several definitions of networks. Wet fanalyze the relationship between

& We define family in two manners: first, we considgict family members (parents, spouse, childrh a
siblings). Second, we extend the definition to otletatives.
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return intentions and migrant networks within adan Probability Model (LPM) based
framework? We are interested in knowing the magnitude ofdbefficients related to the
network effects ateteris paribus condition. The main challenge faced by our ecortdme
strategy comes from endogeneity. As is clear froeiterature, dealing with networks often
means dealing with endogeneity (Manski, 1993; dargacerdote, West, 2013; Baccara,

Yariv, 2013). We identify two different sourcesesfdogeneity.

The first source of endogeneity we consider steama the reverse causality problem,
which affects both networks at destination andamhé. The simple fact that migrants keep
contacts with people in their country of origin mag the result of a wish to go back. The
size of the network can depend on the intentich@migrant to return earlier or later in time
to its country of origin. The same holds for netkgat destination, whereby migrants can
choose to include or exclude certain people depgnaii their wish to be more integrated or
to return sooner. This considered, we face thelenolthat our outcome could influence back
the explanatory variables. Consequently, as the laPlroach is not sound against these
simultaneity problems, in order to be able to idgrthe correct network effects, we will

follow a two-stage least squares approach.

A second possible source of endogeneity comes trnoobserved heterogeneity. To
this extent, individual preferences and charadtesiplay a central role. For instance, a
person with strong preferences for local amendi@s$ consumption at the country of origin

against the same goods at the country of destmatald decide to build a bigger or smaller

° Probit estimations return similar results in temhsign, magnitudes and significance levels. Feiails, see
Supplementary Appendix.
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network at destination in order to hasten or déteyreturn. Similarly, risk-preferences are
important factors of unobserved heterogeneity. M@le-averse individuals will probably
rely on stronger social ties and their risk aversm likely to affect the return intention.
Moreover, because some people can have developedsomal abilities than others do, they
may have bigger networks and their individual chimastics might influence the intention
to return as well. Also, as reported in severalistsionrhomophily and discrimination, more
educated people may have bigger or more educatsebrks. This is a further channel
whereby networks can influence return purposesviselversa. As we shortly anticipated,
the way we choose to deal with both endogeneityces is the Instrumental Variable
approach, since it allows us to cope with both [@ois of reverse causality and unobserved

heterogeneity.

In order to be valid, the instrument has to be lyigbrrelated with the instrumented
variable while it has to be exogenous with respethhe dependent variable. In other words,
it has to be uncorrelated with the error term. @ network at destination, following
Woodruff, Zenteno (2007) and McKenzie, RapoporO@0Qwe use the stock of immigrants
living in the country ten years before. In our ¢aseorresponds to the stock of migrants
present in Ireland in 2000. To build the instrumwetuse census data from the database on
Trends in International Migrant Stock: Migrants Dgstination and Origitf. Some authors
use interaction of past stock of migrants with ables that induce variation at the individual

level. For example, McKenzie, Rapoport (2007) wsst pommunity networks time the years

10 United Nations, Department of Economic and Socisffairs, Population Division (2013),
POP/DB/MIG/Stock/Rev.2013.
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of education. Another instrument for networks astof@tion present in the literature is
rainfall, which finds a valid rational especiallyrfthose countries exposed to strong weather

shocks, as in Munshi (2003) or Yang (2006).

On the other hand, there is no clear indicatiomftbe literature on what is the most
pertinent instrumental variable for the networkaine. We decide to instrument the size of
the network at home with the average self-repoctest of calling a network member back
to their home country. This instrument entails widlial variation since it gathers the average
self-reported costs that each migrant has to sultatalling the different network members.
As a valid instrument, it is correlated with thewerk size, since it entails the number of
contacts the migrant has. At the same time, ihourelated with the intention to return since
it is very unlikely that a detail as the cost afadl will affect such important decision. At our

best of knowledge, this is an innovative instrunfensocial networks

4. Descriptive statistics and data

Our study uses the dataset from Batista and Na(@Bb3). The sample gathers
information at the individual level on about 1,50®usehold-representative adult
immigrants, which live in the Greater Dublin Aréar the purpose of our research, we are
going to consider the baseline sample, which coli#81 observations that were collected

between February 2010 and December 2011.

Migrants from 110 different nationalities are pafrthis cross-sectional sample. There
are six main nationality groups represented: Nageti9%, Polish 10%, Indian 6% and South

African 5%. On average, the migrants, object of study, are 32 years old women, which

14



are not married. The proportion of males within faenple is 45 out of 100, on average.
Regarding the household composition, 53% of thpardents do not have children. Among
those individuals that do have children, the moshmmon case is of only child. A condition

that is mirrored by 18% of the sample.

The migrants in the sample are mainly highly edegtandividuals, 70% of which
pursued a post-secondary or even a university de@aly 5% of the sample stopped at
lower secondary degree or before. Almost half efdgample, 48%, is taking part to a training
that is not an English course and 18% is still wiugl For the employed individuals, the
average monthly individual income is about € 1,260 the weekly average working-hours
amount to 23. Among the interviewed migrants, 378tkwn the tertiary sector, while 10%

work in the commercial area and another 10% is yheyed.

Only migrants whose year of arrival fell within thee range that covers the period
between 2000 and six months before the beginninigeointerviewing process in 2011 were
considered eligible to be included in the sample.a&@erage, the participants in the study
came to Ireland at the age of 27 and at the timbkeinterview, they had spent five years in
Ireland. Moreover, 80% had ever intended to retatheir home country, while almost 40%

intended to return within five years.

The dataset does not only collect information ogramts and their households but
also on their networks’ members. We consider asgopart of the network at destination,
members of the same household of the migrant, pabplmigrant is in contact with and the
contacts the migrant had before migrating to Iréldn like fashion, the migrant’s family

members and other people she is in contact with the network at home. In order to keep
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temporal consistency between the dependent andxiplanatory variables of our models,
we consider current network measures. An intergspiece of information reflects the
importance of networks for these migrants. ArouB#&f respondents do not have siblings
living in Ireland, while 70% have between one amut fsiblings living in the migrant country
of origin.

5. Results

In this section, we present the results of the eswtric analysis. We first consider
the LPM specification from the model based on bwtwork sizes. Following, the results
from the IV approach are shown. Finally, we repbe results from the compositional

analysis.

At the LPM stage, both networks determines the iggnetention to return to the
home country, with a coefficient of -0.0132 andA¥.4, respectively. Both networks yield
negative signs, therefore our claim of the netwadtng as two “pull” factors seems to find
support. Moreover, the home network has a stromgagnitude. Restricting the time

framework to five or ten years, we do not find gigant results (See Table 2.a in Appendix).

These estimates where obtained by estimating arlipeobability model. For the
previously highlighted potential endogeneity reasame cannot fully rely on these results
and should therefore follow an estimation stratbgged on a two-stages least squares
approach. After having instrumented the networdestination for the past stock of migrants

and the network at home for the average cost gaNie obtain the following results.
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After having instrumented it, the size of netwotkdastination does not contribute
explaining the intention to return of the migranydonger. This is equally valid for each of
the three time-frameworks. Only the network at haxglains the intention to return of the
migrant. Looking at the broader definition of retuntention, we do not find significances.
Now, we find strong and consistent evidences whemestrict the intention to return within
the next five and ten years. We can say with aidente interval of 90% that an increase of
one member in the size of the network at home dsesethe probability of the migrant to
return home within the next five years of 9%. If e@nsider the migrant intention to return
within the next ten years, the coefficient morentid@ubles. An increase of one member in
the home network size decreases the probabilitsetnfrning to the country of origin of
19.4%, significant at the 1% level. The correspogdoint F — Statistic on the instruments
is greater than the threshold value of ten configrso the validity of our instrument (See

Table 2.a in Appendix).

As demonstrated by Umblijs (2012), migrants withrenmtense networks are more
risk-averse, on average. Networks lower the lef’ahgertainty around migration decisions;
therefore, the network effect could be partly daethte different risk-preferences of the
migrant. In order to improve our understandinghef tdetected network effect, we proceed

then by allowing the network size to interact wathindicator of migrant risk-aversitin

11 This indicator is based on a question from the eyrasking the respondent how much would she have
contributed in a hypothetical lottery game (seepipentary Appendix). The indicator consists inuanchy
variable that takes value 0 when the respondergeshtm not take part to the game and thereforeilbatihg

zero to the lottery and takes value 1 when theardgnt contributed with a positive value.
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Interestingly, results show that the none of thevneks explains the general intention
to return of the migrant at the IV stageThe estimates deriving from the interaction with
the risk indicator show no significances meanirgg the network effect previously detected

does not depend on risk-preferences of the migrant.
5.1 Compositional analysis

The nature of the network effects that have beéectied so far can be due in part to
the choice of using the general network size asmidgnt variable. Therefore, we need to
proceed with a compositional analysis of the migretworks in order to better identify their

role in explaining the intentions to return.

We consider three main categories for a narrownitlen of network: highly educated

network members, working network members, and rmomitf member individuals.

We first look at the number of highly educated geajefined as number of network
members that pursued at least a primary univedgityee. For the LPM specifications, even
after having considered the vector of controls tnedfixed effects, the coefficients for the
network sizes do not present significant resulesralN. Also at the IV stage highly educated
home network size does not return significant estia® (see Table 3.a). Even though at the
LPM stage we find a significant estimate for thieiaction term of highly educated network

at home with the risk indicator explaining the imtten to return, there are no significances

12 See Table 2.b in Supplementary Appendix

13 We further define network size as non-strict familgmbers (parents, spouse, siblings and childnem),
extended-family members (strict-family plus othelatives). Also, we consider working members and
working members that are not living in the samededwld of the migrant. For further details, seéetain
the Supplementary Appendix.
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at the 1V stage (see Table 3.b). The same concidstus for network defined as number of
working members, despite the significances at fPkliIstage (see Tables 4.a,b). Now, when
we consider working members that live outside thgramt household, we find significant
estimates at the 10% level for the working netwside at origin in explaining the intention
to return within the next ten years. Yet, the cgpanding joint F — Statistic is not
satisfactorily higher than ten. After interactimg tcoefficients with the risk-aversion proxy,

we do not find significant results (see Tablesld.a,

We could further dissect the network members in ¢naups, those that are part of
the same family of the migrant and those that ateThe latter group represents the contacts
the migrant has to put more effort in keeping contéth. In tables 7.a and 7.b, we consider
being part of the family all those members thatcanesidered relatives by the responéent
In Tables 6a,b we consider network as the numbeowoffamily members living outside the
migrant household. Although there are no signifidamdings for the general intention to
return, significant evidences for the intentiorréturn within five and ten years are found to
be in line with the estimates of the general daéniof both networks’ sizes. Network at the
origin returns negative estimates. Yet, the inse#ots do not pass the weakness test jointly.
After considering the interaction term, no sigrafices are found. Estimates from Tables 7a
and 7b are in line with those from Tables 6a,b thbo terms of sign, magnitudes and
significances. Therefore, there is no differenceveen the two definitions of family. Also
for these two last cases, after interacting theeddpnt variables of the model with the risk-

aversion indicator there are no significant estesat

14 Ibidem

19



6. Conclusions

In view of the growing relevance that internatiomaigration is acquiring in the
economics literature as well as in the recentigalibgendas, with this paper, we studied the
importance of social ties in determining migrariémtions to return to the country of origin.
The main conclusion we can draw from our study ted that the social network in the home
country has more weight than the network at detstinan determining the migrant intention
to return. In particular, the relation between ititention to return and the network at home
— measured as the number of network members -direatly proportional — i.e. the bigger
the network, the more the migrant tends to delaydtern. We found that one more network
member reduces the probability of return withirefiwears by 0.9 percent. In particular, we
observe the network effect to be stronger whemtiggant considers the intention to return
within the next ten years. Being the network at Bdhe one that determines the intention to
return, this pattern can be explained as the migrame network is doomed to decrease over
time and therefore the more time pass by the nrmpaitance the network will acquire. For
all specifications, we find that the home netwdifie@ on the return intention at ten years is
about double of the one at five years horizon. Agrease of one member in the network at
home decreases the probability to return withinytears by 19.5 pp. Regarding the social
network at destination, there is no strong evideheé this affects the probability of return

migration, perhaps partly due to the choice ofitis¢rumental variable.

One way to interpret the results obtained regarthieghegative relationship between
the network in the country of origin and the prabgbof return migration is that if the

migrant has still many contacts at home, she calopg her stay overseas without becoming
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too worse off in terms of safety provided by thenegonetwork. With the time passing by, the
home network can decrease in size; therefore therfeontacts become more crucial, as they
represent a way to ensure a safe return back hdohig.result is similar in spirit to that
obtained by Batista and Umblijs (2016) where theg that remittances are used as insurance

to keep support of networks in the origin country.

Studying the network effects over several time s, we find consistency in the
estimates across different definition of networkéter finding negative and significant
estimates for the size of the network at origiginig to disentangle the puzzle around the
network effect, we broke the general definitionneftwork size into several components
according to three categories: highly educated, kingr and non-family members
individuals. We find that an increase in the honeéwork size — defined as number of
members who do not belong to the migrant familgduces the probability of return within
five and ten years by about 20 pp. and 40 pp.,ectsely. Although the associated
regressions still seem to suffer from potentialcgeheity problems, these results are in line
with the main finding of our study. We further alldhe network size to interact with an
indicator of risk-aversion. The different estimatsado not provide significant results, we can

therefore conclude that risk do not bias the hosteark effect we presented.

“Overall, this paper emphasized the importanceoofas ties at the country of origin

in ensuring a safe and successful return, partigutaose outside the family circle.

Keeping in mind the potential effect of networks @turn intentions, there are
important economic implications, especially forgamicountries, - that usually correspond to

the less developed countries. Return migratioredfect origin countries especially for what
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concerns the quality of institutions as presentgdatista and Vicente (2011) or Batista,
Seither and Vicente (2016). Rauch and Trindade 2802w particular benefits for the home
country in terms of international trade after rat@as effect of networking. In addition,
Batista, McIndoe-Calder and Vicente (2014) showttinere are clear gains in entrepreneurial
capacity after migrants return. Therefore, govetmehmigrant-sending countries may wish

to promote these contacts as a way to incentiatem in order to benefit their countries.
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Appendix

Main Estimation Results

- Instruments used in IV regression are the samevery specification: stock of migrants
living in Ireland in 2000 for network at destinatiand self-reported average cost of calling
home for network at origin.

- Controls are the same for every regression asfgakiri Footnote 6. For the interaction term
with the risk indicator we introduce also the twoms of the interaction separately.

- Robust and clustered standard errors in parenthi&sps0.01, ** p<0.05, * p<0.1

Table 2.a Network as size

VARIABLES LPM v
Intends to return
Network size dest -0.0132* -0.0514
(0.00717) (0.0474)
Network size home -0.0274* -0.114
(0.0161) (0.0760)
Constant 0.854*** 1.154***
(0.190) (0.285)
Intends to return within 5 years
Network size dest -0.00403 0.0127
(0.00759) (0.0427)
Network size home -0.00245 -0.0936*
(0.0127) (0.0562)
Constant 0.634*** 0.761***
(0.174) (0.241)
Intends to return within 10 years
Network size dest -0.0126 -0.0145
(0.00998) (0.0526)
Network size home -0.0268 -0.194***
(0.0170) (0.0753)
Constant 0.636*** 0.929***
(0.178) (0.304)
Observations 752 681
Controls YES YES
FE YES YES
F-statistic on excluded instruments 10.526
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Table 2.b Network as interaction term between the and a risk indicator

VARIABLES LPM v
Intends to retur
Network size dest*Lotte! 0.0369** -0.371
(0.0146 (0.832
Network size home*Lotte! -0.0675* -1.14¢:
(0.0284 (1.665
Network size de -0.0420*** 0.28(
(0.0128 (0.648
Network size horr 0.0247 0.801
(0.0255 (1.204
Lottery 0.137 5.22:
(0.0864 (7.856
Constar 0.854*** -2.58¢
(0.189 (5.395
Intends to return within 5 ye:
Network size dest*Lotte! 0.0283" 0.090°
(0.0143 (0.483
Network size home*Lotte! -0.0024¢ -0.821
(0.0291 (0.897
Network size de -0.0261* -0.076:
(0.0126 (0.375
Network sizehome 0.00073! 0.617
(0.0239 (0.651
Lottery -0.096¢ 1.89¢
(0.0886 (4.333
Constar 0.728*** -0.58¢
(0.181 (2.976
Intends to return within 10 ye:
Network size dest*Lotte! 0.020¢ -0.151
(0.0181 (1.006
Network sizehome*Lotten -0.00079. -1.75:2
(0.0299 (2.031
Network size de -0.0285* 0.107
(0.0137 (0.783
Network size horr -0.025: 1.26¢
(0.0268 (1.471
Lottery 0.0077! 5.751
(0.102 (9.595
Constar 0.706*** -3.207
(0.192 (6.592
Observation 752 681
Controls YES YES
FE YES YES
F-statistic on excluded instrume 0.24:
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