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Abstract. We analyze whether migration-costs reducing social networks emanating from fellow 
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source of migration flows to become receiving countries since the 1980’s and much more 
prominently in the last decade. Our results point to the existence of both interprovincial 
migration networks through compatriots’ communities and previous trade relationships that 
reinforce the migration inflows in the province. In addition, patterns of spatial dependence have 
been shown to be essential in determining migrant’s final destination. 
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1. INTRODUCTION  

The migration-trade link has been studied extensively since the mid-nineties, finding a 

positive impact of migration on bilateral trade patterns between migrants’ origin and destination 

countries, trough different channels. The ability of migrant networks to provide home and host 

market information and to compensate for the lack of contract enforcement in international trade 

reduces the transaction costs and facilitates new trustworthy foreign relationships, mainly when 

institutions and social infrastructures fail, enhancing bilateral trade. In addition, since migrants 

maintain some preferences for products from their origin countries, they may increase trade 

flows to fulfill such demand. In comparison, the immigration literature has concentrated mainly 

on the labor-market effects, with an emphasis on the outcomes of low-skill native workers (e.g. 

Card, 2001; Borjas, 2003, and many others.), but very little work has been done for empirically 

testing the effect of trade on migration flows. 

From a theoretical perspective, there is not a definitive answer on the relationship 

between trade and labour mobility. While Mundell (1957) pointed to the substitutability 

between trade and labour factor mobility under certain conditions, Markusen (1983), by relaxing 

some of these conditions, found a complementary relationship between trade and factor 

mobility. Recently, Schiff (2006), argues that either complementary or substitutability between 

trade and factor mobility could occur, when generalizes the Markusen’s model by considering 

an initial tariff and the changes in protection levels. This situation either occurs in the empirical 

framework. While Goldberger and Klein (1999) find evidence supporting both complementary 

and substitutability between trade and factor mobility, Collins et al (1997) find not statistically 

significant results supporting substitutability between trade and migration with historical data. 

Standard models of the determinants of migration of people use a complex mix of self-selection 

factors (wage costs, etc.) and out-selection factors (immigration policies at destination, mobility 

agreements,…) as migration determinants (see Mayda, 2010).  In  these  context,  migration 

networks can also influence the scale of bilateral migration costs (McKenzie and Rapoport, 

2010; Beine, Docquier, and Ozden, 2011). These networks externalities would provide reliable 

information and financial support to newcomers in order reduce their moving and assimilation 

costs. Furthermore, if moving costs decrease with the size of the network already settled in 

destination, migration would occur gradually over time, migrating first those individuals with 

low moving costs. In addition to these cost-based network externalities, diasporas would attract 

new migrants via family reunification programs. 

Emigration and immigration are not equally distributed across space. Differences 

become more evident as the scale of analysis become smaller than countries, focusing in 

regions, provinces or cities. In this sub-national context, the would-be immigrant chooses where 

to migrate comparing the cost of alternative destinations. In the traditional approach considering 

push and pull factors, both bilateral trade relationships and ethnic networks would be relevant 



3 

factors reducing mobility costs in international migration while the alternative destinations 

would be independent and irrelevant in the migration decision (IIA assumption).  

Recent literature based on Random Utility Maximization Models (RUM) considers that 

alternative destinations are not irrelevant in the migration decision process. The intuition is that 

migration arriving at one destination also depends on the opportunities to migrate to alternative 

destinations. Thus, alternative destinations are not irrelevant since choosing one implies the 

loosing of the benefits that would be obtained when choosing an alternative. The omission of 

this multilateral resistance term effect and the relationships among alternative destinations 

would produce biased estimations, as it is the case of studies in which bilateral migration rates 

are estimated only as a function of the characteristics of the origin and of the destination 

countries omitting the multilateral nature of a location’s attractiveness (Hanson, 2010). Mayda 

(2010) bases on the idea of multilateral pull effects in the context of international migration and 

Bertoli and Fernández-Huertas (2013) introduced the notion of multilateral resistance to 

migration, in close parallelism with the notion of multilateral resistance to trade introduced by 

Anderson and van Wincoop (2003) to deal with such omitted variables problem. 

Our aim is to investigate the effect of ethnic networks and international trade on 

immigration flows considering interrelationships among alternative destinations. Our study is 

focused on migration flows arriving to 50 provinces in Spain, 103 in Italy and 18 in Portugal, 

from foreign countries (104, 112 and 79 for Spain Italy and Portugal respectively) in the year 

2010. The interest of this case study is that the three countries have evolved from being source 

of migration flows to become receiving countries since the 1980’s and much more prominently 

in the last decade.  

We consider a sub-national dimension for the host economies. Migration policies are 

instrumented at a national level affecting to immigration in the destination country as a whole, 

but not to the number of immigrants that each region in that country receives. Nevertheless, the 

uneven distribution of immigrants across the space indicates that once the national 

characteristics are considered, the regional variation persists. Thus, considering these sub-

national characteristics of the host economy should shed some light in the debate, adding 

precision to the analysis. For example, Herander and Saavedra (2005) disentangle the impact of 

both the in-state and out-state stocks of immigrants of 36 countries on US state exports between 

1993 and 1996. Since the impact of in-state immigrants is greater than that of out-state 

immigrants, they conclude that network links are about proximity.  

Another important issue when studying sub-national immigration patterns is the spatial 

distribution of immigrants in the host country. It is widely accepted in the literature that 

immigrants form the same nationality or ethnicity tend to spatially concentrate, since proximity 

to their settled compatriots allows the accession of new immigrants to social networks that give 

them initial support for establishing, facilitate information about bureaucracy and labor 
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possibilities and, as a whole reduce the fixed cost of migrate for would-be immigrants, 

increasing the propensity to migrate and settle in a determined region -several studies have 

analysed the positive effect of network effects on the localization of immigrants such as Bauer, 

Epstein and Gang (2002a,b) for the case of US, Chiswich et al. (1999) and (2002) for Australia; 

Jayet and Ukrayinchuk (2007) for the case of France and Jayet et al, (2010) for Italy. In all these 

papers, the strong local dimension of the problem is pointed out, but remains a scarcely 

addressed problem. 

Our contribution is twofold. We compare the traditional approach based on a gravity 

model framework with the RUM model approach to check the consistency of the results on the 

impact of trade, social networks and spatial interdependence on bilateral migration. This 

comparison is carried out in three steps. In the first step, we use a Poisson-regression fitting to 

estimate a gravity model and the most recent data in international trade and migration to analyze 

whether presence or deepening of the commercial relationship between economies enhances 

migration among trade partners, since its effect on migration in empirical literature is not 

conclusive. Our a priori is that the settlement of immigrant population is associated with an 

increase in trade between the host and origin countries, due to migrants’ superior knowledge of 

products, legal requirements and market opportunities in both home and host economies, and/or 

the possibility of establishing trust relationships reinforcing trade contracts, see Markusen 

(1983) as a seminal paper.  Additionally, social networks emanating from the communities of 

fellow people already established in the destination country will enhance compatriots 

immigration since they facilitate the adaptation of such new immigrants by providing them 

information about the risks associated to immigration and about job opportunities, helping them 

to find a friendly social environment and facilitating their integration (Balan, 1992; Wilpert, 

1992; and Waldorf, 1996). In this framework, an intensive bilateral trade and the settlement of 

immigrants communities in the destination economy generate network effects between the 

origin and destination economies promoting migration. In the second step we introduce spatial 

dependence or neighborhood effects in the gravity model using spatial econometric techniques, 

since migrants are not evenly distributed across space, and regions are not locally bounded. 

Finally, in the third step, we adopt a RUM approach and estimate a conditional fixed-effects 

Poisson model using a PPML estimator. Our results provide evidence supporting the positive 

impact of networks and trade on bilateral migration. More interesting, spatial dependence 

among provinces positively affects immigration mainly through network’s spatial 

interdependence when countries are analyzed separately, and both trough this effect and the 

immigration’s spatial autocorrelation when pooled data are considered. Further fixed effects are 

to be considered to check the robustness of this conclusion. 

In doing so, we also add to the existing literature by explicitly considering the space and 

dealing with the topic of the spatial dependence and the settlement patterns of international 
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immigrants  -for the cases of France and Italy, Jayet and Ukrayinchuck (2007) and Jayet et al 

(2010) also take into account the role of spatial correlation in international migration data1. The 

social networks emanating from the communities of immigrants already established in the 

destination economy attract new immigrants since they reduce the cost of immigration by 

providing information and helping the new immigrants to settle. Since migrants are not evenly 

distributed across space, and regions are not locally bounded, the number of immigrants from 

the origin country in the nearby regions should also be relevant in reducing the immigration 

costs in one province. In this case, our claim is that proximity to ethnic/social networks in other 

provinces is likely to play a relevant role in reducing the costs of migrate for a would-be 

immigrant, increasing the migration inflows in the province. 

The rest of this paper is structured as follows. Section 2 describes the framework and 

the empirical specification that we use to analyze the impact of trade on immigration. Section 3 

describes the data and provides empirical evidence on the phenomenon under analysis. Section 

4 presents the main estimates. Section 5 presents our robustness checks and section 6 concludes. 

 

2. THE MODEL (On processing) 

 

Modeling migration flows with a gravity model. 

We begin our analysis using the gravity equation framework, since it allow us to explain 

immigration flows from country c in region i as determined by characteristics of both the home 

and receiving economies, and the distance between them (see Plane 1984, Karemera et al., 

2004; Aguiar et al (2007) and Mayda, 2010). 

The migration flow from country c to province i, Mic, can be described as: 





ic

ci
ic R

PS
M     

Where  
cP  stands for push factors determining the supply of migrants originating from 

country c. Population and income size of the source country c are considered among the factors 

leading to migrant to leave country c.  
iS stands for pull factors representing demand in 

migration of the destination economy i, while the denominator, 
icR , reflects all other possible 

influences determining migration flows from c to i, such as migration costs. 

Anderson (2011) gravity model defines such push and pull factors as the labour force in 

the destination country, Li, and the population in the origin country Nc , relative to the total 

population in the world N, that would approximate the migration determinants if migrations did 

                                                            
1 Maza and Villaverde (2008), apply a spatial filtering to variables traditionally included in migration equations to re-
estimate that equations for internal migration flows across Spanish regions, concluding that spatial dependence 
clearly matters in migration analysis. 
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not imply any cost. Additionally, the migration costs are included in the model by two terms. 

The bilateral cost of migrate is approximated by a bilateral iceberg-cots of migrate, δ, being θ 

the relative risk aversion.  The denominator includes the multilateral migration frictions which 

are parallel to the multilateral resistance term in international trade flows from Anderson and 

Van Wincoop (2003, 2004). The inward  multilateral migration resistance, i , captures the 

dependence of immigration into destination i from country c on migration costs across all 

possible origin countries. The outward multilateral migration frictions, cW , assume that 

migration flows from country c to destination i depend on migration costs across all possible 

destinations –according to the author both are dependent on bilateral migration costs, population 

shares and labor supply as well as net wages: 

)1( 
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Hence, due to the multilateral frictions to migrate, migration costs to one destination can 

affect migration flows to alternative destinations because of relative costs/benefits of choosing 

one destination rather than another. Omitting these factors would lead to inconsistent estimates 

because of a problem of omitted variables.  Taking logs of the model to estimate it by linear 

regression techniques creates problems on the disturbance term, vic, unless it is distributed 

independently of the explanatory variables with a zero mean and constant variance, and also 

creates problems with the zero values in the endogenous variable. These endogeneity problems, 

and the presence of heteroskedasticity in the log-linearized form of the model, are dealt with 

Santos-Silva and Tenreyro’s Poisson pseudo-maximum-likelihood (PPML) estimator. PPML 

estimator provides consistent estimates of the original nonlinear model and it includes 

observations with zero values of migration and performs well when there is a large share of 

zeros in the data and even when the data fail to satisfy the equidispersion property that 

characterizes the Poisson distribution (Santos-Silva and Tenreyro, 2010, 2011). 

 

Econometric model. 

Push and Pull factors determining bilateral migration  are related to demographic, 

geographic, social, cultural, economic and political characteristics of both origin and destination 

countries. Among these factors, we approximate economic conditions for origin country’s 

individuals in the origin and destination economies by origin and destination countries GDP per 

capita. Destination economy’s GDP per capita is a good proxy for mean income opportunities of 

migrant workers abroad. A high income in the foreign countries would attract them to relocate 

where there are higher incomes. Home GDP per capita is expected to have a deterrent effect on 

migration. Following Anderson (2011), a high origin country’s population would increase the 



7 

pressure for a potential migrant to compete in the home market pushing them out to look for 

better opportunities abroad; while population in the destination region can be considered as a 

proxy representing more opportunities for new comers (i.e., bigger economy). Nevertheless, as 

some studies point out, see Ortega and Peri (2011) and Mayda (2010), it is not population but 

the presence of large cohorts of young individuals in the potential countries of origin the factor 

that is considered as a relevant determinant of the migration decision2. Then, we will consider 

the share of young population in the origin country aged 15–29 years old as an explanatory 

variable, ShYoungC. 

We define the cost of migration as a function of observable variables related to the 

distance between origin and destination economies and those relevant characteristics of origin 

and destination economies, or of the dyadic decision, that would affect the cost of migrate. The 

distance between origin and destination economies is measured as a geodesic distance variable 

between each province and each foreign country, following Head and Mayer (2000). We also 

include some other measures for the bilateral distance, considered not physically but in a wider 

sense, between origin and destination economies. We include a dummy variable that equals to 1 

if the two economies in the pair share a land border, the variable border, and a dummy variable 

that equals to 1 if both economies share a trade agreement, euefta. We either consider bilateral 

culture distances between economies, based on language and education differences, lang_f and  

edu_f which are obtained from Dow and Karunaratna (2006)3, and a proxy for the political 

system in the origin country, based on the political freedom index, dem_f, obtained from 

Freedom in the World (FIW).  

Our interest variables are those measuring ethnic and business networks. Business 

networks are approximated by the historical trade relationships between origin and destination 

economies as another force driving immigration. We analyze whether the presence or deepening 

of the commercial relationship between countries enhances migration among trade partners, 

since its effect on migration in empirical literature is not conclusive. Several studies point out 

that the settlement of immigrant population is associated with an increase in trade between the 

host and origin countries. This is attributed to migrants’ superior knowledge of products, legal 

requirements and market opportunities in both home and host economies, and/or the possibility 

of establishing trust relationships reinforcing trade contracts, see Markusen (1983), Gould 

(1994), Dunlevy et al (1999), Head and Ries (1998), and Girma et al. (2006). In this framework, 

an intensive bilateral trade indicates strong links between the two countries and promotes 

                                                            
2 Pritchett (2006) argues that non-EU immigration will continue to rise in the European Union as a result of the 
diverging demographic futures of Europe and the countries in the north of Africa. Other studies such as Hatton and 
Williamson (1998) and Hanson and McIntosh (2010) state the high propensity to migrate for young population, while 
their contribution to production and trade is relatively less relevant, given its high percentage at school and their low 
experience at work.   
3 Physic distances can be downloaded from www.mbs.edu/home/dow/research/public/psydist.html 
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migration, (inhabitants in one country increase their information about welfare, living 

conditions, job opportunities and markets potential in the partner country, decreasing the cost of 

migrate). On the contrary, a negative migration-trade relationship should be obtained since trade 

indirectly transfers labor embedded in the traded good, just as migration does directly, the 

increase in one of these flows implying the decrease of the other. We expect a positive impact of 

historical trade relationships between economies on immigration rates. The deepening of 

commercial links over time will allow the flow of information about the job opportunities and 

requirements in the receiving economy, to the would-be immigrants in the origin country, 

reducing the cost of migrate. We measure this intensity of trade relationships between 

economies by the openness rate computed as the sum of exports and imports between the 

province and each foreign country -averaged over the 1995-2000 period in which the analyzed 

countries exhibit a very low rate of foreign population -which allows us to minimize the 

possibility of endogeneity problems with this factor- divided by country’s GDP in 2002, TiC.  

One of the factors that reduce the migration costs, particularly along certain migration 

corridors, is the existence and deepening of social networks between migrants abroad, and 

potential migrants in the country of origin. Networks between people that share a common 

origin country (or socio-cultural background) reduce the cost of migrate for new immigrants in 

the destination country. These social networks emanating from the communities of fellow 

people already established in the destination country attracts new immigrants since they 

facilitate the adaptation of new immigrants by providing them information about the risks 

associated to immigration and about job opportunities, helping them to find a friendly social 

environment and facilitating their integration (Balan, 1992; Wilpert, 1992; and Waldorf, 1996). 

We include the social network effect determining the migration rate, measured as the migration 

rate form county c to province i at the beginning of the decade, referred to the first year we have 

information available,
 

8, tiCIM  to reduce the possible endogeneity problem of this regressor. 

Under these assumptions, the Poisson gravity equation model is: 

 

tiCIM , = exp[c+1 ln(PCGDPi, t-1)+2 ln(PCGDPC, t-1) + 3 ln(distanceiC)+ 

+ 4 borderiC+5 eueftaiC+ 6 lang_fiC + 7 edu_fiC + 8 dem_fiC +  

+ 9 ln(ShYoungC,t-5 )+ 10 ln(TiC,t-10)+11 8, tiCIM ] viC,t    (1) 

 

Where the endogenous variable is the rate of immigrants in the province i from country 

c over GDP of the origin country. PCGDP is the GDP per capita, subindex i refers to the 

receiving province and subindex c corresponds to the country of origin, lang_f, edu_f and dem_f 

are the cultural distance indexes based on computed differences in languaje, level of education 
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and democracy index. As we mentioned before, ShYoung is the share of young population in the 

origin country aged 15–29 in the 2005 year, and Tic is the 1995-2000 average trade intensity 

between origin and destination economies. As reverse causality could be an issue in (1), as it 

has been pointed out in some empirical work on trade-migration link (Requena and Peri, 2010), 

we related current immigration rates to lagged values of (log) GDP per capita of both origin and 

destination economies, and to a decade-lagged values of trade intensity rates to address such 

potential endogeneity problem. While it is unrealistic to claim that regional GDPpc and bilateral 

trade are strictly exogenous, it is plausible to assume that they are predetermined, in the sense 

that immigrant inflows—and third factors in the error term—can only affect contemporaneous 

and future values of the variables  

Furthermore, local social conditions play an important role in the way each economy 

incorporates and absorb immigrants. When neighboring economies share similar local 

conditions, transfers and location of immigrants between these regions are likely to be more 

intense4. Then a plausible hypothesis is that immigrants would look for locations in contiguous 

regions because immigrants in one region could have access to the ethnic networks in other 

nearby regions, reducing adaptation costs, and taking advantage of some degree of external 

economies, given the short distance among them. In the same way, spatial autocorrelation in the 

factors affecting immigration -such as favourable socio-economic factors, high human capital 

endowments and high regional development, that would increase the productivity of immigrants 

and its expected wages in the region and in its nearby regions, would attract immigrants to those 

neighbouring regions. Then, there would be an interregional spillover effect from immigrants 

located in the rest of j regions, Sj, reinforcing the immigration in the target region i:  

 

tiCIM ,    =exp[ c+1 ln(PCGDPi, t-1)+2 ln(PCGDPC, t-1) + 3 ln(distanceiC)+ 

+ 4 borderiC+5 eueftaiC+ 6 lang_fiC + 7 edu_fiC + 8 dem_fiC +  

+ 9 ln(ShYoungC,t-5 )+ 10 ln(TiC,t-10)+11 8, tiCIM + 12 Sj,t] vic,t  (2) 

 

This potential spatial interdependence has not been dealt with sufficiently in the 

relevant literature on migratory flows, while clearly determines migration as it is pointed out in 

Maza and Villaverde (2008). The misspecification of such spatial dependence may lead to 

inconsistent results in the regression analysis (Anselin, 1988).  

   

                                                            
4 In the case of those regions constituting an integrated area, further socio-economic conditions can be identified, 
including, for instance, common markets for skilled and unskilled labour and final goods 



10 

 

**************Be careful. We need to homogenize the sub-indexes***************** 

 

A RUM (Random Utility Maximization) model of bilateral migration. 

We follow the simple RUM model in Bertoli and Fernandez-Huertas (2013) and Peeters 

and Chasco (2013) in which the location decision problem that individuals face is described 

through a random utility maximization problem. The indirect utility of an individual from 

country c who migrates to destination i rather than any other destination k≠i can be adequately 

approximated by a linear random utility maximization model (RUM): 

iciiciic xVU   '  

where the deterministic component of utility Vi is a linear function of the vector xi, that 

is a (Ix1) vector of destination-specific characteristics that all immigrants from origin c have 

before them,   considering that  is a vector of unknown parameters to be estimated that is not 

origin specific and ic  represents an individual-specific stochastic component.5 It is assumed 

that the random term follows an i.i.d. extreme-value distribution. This generalization allows for 

the random utility parameters of final migrations destinations within the same country or region 

to be mutually correlated, whereas the parameters of destinations in different countries are 

independent.  

Thus, we can apply the results in MacFadden (1974) to write the probability that an 

individual born in country c will move to destination i rather than any other destination k≠i as: 




k k

i
ic x

x
p

)exp(

)exp(
'

'




(3) 

Where  
i icP 1and all individuals in each origin country c face the same local 

characteristics included in xi, implying that such individuals migrating from the same origin 

country have identical preferences and derive equal utility from the choice of destination i, but 

can differ across other origin-groups migrants’ preferences.  

The conditional logit model (CL) implicitly assumes that the total number of 

immigrants from origin c to destination i,  i icc mm , is fixed and does not depend on the 

location-specific attributes (Schmidheiny and Brülhart, 2011). Then, the expected number of 

immigrants from group c choosing destination i is: 

 


I

k k

i
ciccic

x

x
mpmmE

1

'

'

)exp(

)exp(
)(




 (4) 

                                                            
5 It is assumed, as the literature does, that the vector 	is not origin-specific, so that pooling migration data across 
origins poses no problem. 
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And its stochastic version: 

icI

k k

i
cic u

x

x
mm
 


1

'

'

)exp(

)exp(




            (5) 

Or in its multiplicative form:  

icicic uxm )exp( '                  (6) 

where xi is a vector of origin-specific local characteristics.  


I

kcc k
xm

1

' )exp(lnln  is a 

origin-specific effects that only allow for unobserved heterogeneity across groups of 

immigrants, and the “inclusive value”, the term  

I

k k
x

1

' )exp(  , represents the expected utility 

that immigrants obtain from all destinations in the choice set, and controls for the fact that 

alternative destinations are not irrelevant in the destination choice of migration, since choosing 

one implies the loosing of benefits that the migrant would obtain when choosing an alternative 

destination.  

Similarly, Neubecker et al (2013) define the “inclusive values” cr , cz  and c  in 

the expected rate of migration from country c to destination i, as, respectively, the 

characteristics of all destination provinces belonging to region r, characteristics of all provinces 

within country z (it is assumed more than one destination country), and all provinces belonging 

to the complete set of final migration destinations. It is therefore responsive to the attractiveness 

of all provinces k = 1,...,I whether they are in the same region r (or the same country z) as 

province i or not. Similarly, Bertoli and Fernandez-Huertas Moraga (2013) define multilateral 

resistance to migration as the confounding influence that the attractiveness of alternative 

destination exerts on the determinant of bilateral migration rates, and address the issue from 

more general distribution assumptions. Hence, the issue of multilateral resistance needs to be 

addressed. 

 

Econometric model 

We specify a conditional fixed-effects Poisson model. In this case, the fixed-effect 

specification to include the multilateral resistance terms will wipe out all the one-dimension 

variables used in the gravity models above. Thus, we approximate part of the bilateral migration 

cost by the size of ethnic, 8, tiCIM ,and business networks ln(TiC,t-10). We include origin-fixed 

effects, c , that control for the initial population size in the country of origin, as well as for the 

multilateral resistance term c  (that controls for characteristics of all provinces belonging to 

the complete set of final migration destinations) Origin-fixed effects also control for 

characteristics of all provinces belonging to country z, iz, because our migration data refer to a 

single country of destination z in a first step: for instance country-specific migration policies 
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and the geographical and cultural distance between the country of origin and the country of 

destination. We also control for province-specific characteristics affecting the migration 

decision by including destination province-fixed effects in the estimation, i . These variables 

would control for socio-cultural distances between the country of origin and the destination 

country (local language or legislation) or other pull factors such as local per capita GDP or 

characteristics of labor and product markets in the destination province.  

 

tiCIM , = exp[ c + i + 10 ln(TiC,t-10)+11 8, tiCIM ] viC,t  (8) 

 

Guimaraes, Figueiredo, and Woodward (2003) and Schmidheiny and Brulhart (2011) 

demonstrate that the estimation of (8) through PPML is fully consistent with the underlying 

RUM model that describes the choice of the utility-maximizing location.6 The relevant point in 

the estimation in the inclusion of these multilateral pull factors (Mayda 2010) or multilateral 

resistance terms to migrate (Bertoli and Fernandez-Huertas, 2011; Neubecker et al, 2013) If 

these terms are omitted in the model, these unobserved characteristics would be added to the 

error term hence giving rise to an endogeneity problem.  

Including origin and destination-province fixed effects would mitigate the omitted 

variables problem we mentioned previously when immigrants face the decision about where to 

settle. Nevertheless, such fixed effects are not taking into account the spatial patterns that may 

arise from their utility-maximizing location choices when migrants not only decide focusing on 

the destination, but also in its neighboring destinations (spatial spillovers) –which would violate 

the I.I.A. assumption about the error term. Peeters and Chasco (2013) propose including origin-

destination fixed effects, ic , to accommodate the correlations that exist among unobservable 

localized factors across destinations, in such a way that the spatial component of multilateral 

attractiveness is adequately controlled for. But this is a high data demanding practice. 

Our assumption (contribution) is that the inclusion of fixed effects it is not enough to 

accommodate the possible spatial autocorrelation among destination provinces. Thus, an 

additional term capturing such spatial dependence, Sj, must be added in order to consistently 

estimate the model:   

tiCIM , = exp[ c + i + 10 ln(TiC,t-10)+11 8, tiCIM + 12 Sj,t] viC,t  (9) 

 
                                                            
6PPML estimation coincides with a conditional logit model estimated on individual-level data on the same 
determinants of location-specific utility, and with the estimation of an individual-level nested logit model, where 
nests are groups of destination countries that share some unobservable characteristics from the point of view of 
potential migrants. (Schmid-heiny and Brulhart, 2011)  .  Also in this fixed effects model, the PPML estimator 
provides consistent estimates in the presence of fixed effects and ensures the convergence of the traditional Poisson 
estimation (Santos-Silva & Tenreyro, 2010a) while identifies and drops observations and or regressors that may cause 
the non-existence of the maximum likelihood estimates 
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*****************to be completed******************************* 

 

3. DATA and DESCRIPTIVE ANALYSIS (On processing) 

 

Our study is focused on migration flows from countries to provinces, covering 50 

Spanish provinces, 18 Portuguese provinces and 103 Italian provinces of residence as well 104, 

112 and 79 countries of origin of immigrants for Spain Portugal and Italy, respectively (See 

Data sources and descriptive statistics in Table A1 and Table A2 in the Appendix for a list of 

trade Partners (to be completed) in 2010. This year seems to be a turning point in the migration 

tendencies in the decade. 

Data in Table 1 shows the huge immigration growth rates in the three countries in the 

South of Europe: Spain, Italy and Portugal. The reason why choosing these destination countries 

is that after being historically countries emitting emigrants, they have turned into immigration 

countries in the 1980’s but much more prominently in the last decade. Foreign population has 

been doubled in Portugal; it’s three times the foreign population in 2001 in Italy and has been 

multiplied by four in Spain over the 2001 to 2010 period. In this last year, the share of foreign 

population reached the 4,3% in Portugal, the 7,0% in Italy and the 12,2% in Spain. Besides, 

over this decade, the growth of immigration is combined with a geographic concentration of 

immigrants in some provinces in Spain, Italy and Portugal, as it is pointed to by the reduction of 

the Florence’s geographic association coefficient. 

Figure 1 shows the map of provinces (NUTS III) of Spain, Italy and Portugal, filling 

with color those provinces where there is a high concentration of immigrants from most 

representative nationalities among the foreign residents in the country: East of Europe, North of 

Africa and South America. For instance, in Portugal, Brazilian immigrants are mostly located in 

Lisbon and Setubal; in Spain, immigrants from Rumania are mostly located in provinces nearby 

Madrid, such as Toledo, Guadalajara and Ciudad Real; in Italy, immigrants from Ecuador are 

mainly located in Geneva and its neighborhood. Thus, immigrants come from different 

countries and they are not evenly distributed across provinces in the national territory in Spain, 

Italy and Portugal. They tend to concentrate on groups of neighbor provinces across the space. 

This concentration of immigrants should result could be due to spatial autocorrelation in the 

factors affecting these variables and or potential interaction of socio-economic characteristics of 

regions since they belong to the same area. 

Under this perspective, if space matters in explaining immigration, we should ask 

whether the spatial distribution of such compatriots over the rest of regions should play any role 

in determining immigration in the regions. (Factors attracting immigrants in one region might 

be transmitted to its nearby regions either fostering immigration in those regions and not in the 

others). In this case the state level to examine the immigrant’s networks connection is 
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potentially important because the new or would-be immigrant – settled immigrants connection 

depends on networks of individuals and families in which proximity is likely to play a role. The 

question to study is whether this pattern in the distribution of immigrants across the regions 

could be the result of spatial interdependencies in migration flows. 

The degree of spatial dependence can be analysed by Moran’s (1948) I statistic which is 

defined as:  

 

I  = 
 i j ijw

N
  








i i
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XX

XXXXw

2)(

))((
    if   ji   

 

where iX and jX  are the observations for province i and j of the variable of interest, 

X is the regional average, N  is the number of observations and ijw  is the i-j element of the 

row-standardised W matrix of weights. As the standardisation factor  i j ijw equals N in the 

case of a row-standardised matrix of weights, the first quotient is equal to one in our analysis. 

This statistic is Normal-standard (0,1) distributed (Cliff and Ord, 1981) under the null 

hypothesis of spatial independence in the variable under analysis. The rejection of the null 

hypothesis indicates the distribution of one variable in the space according to the patterns 

defined in the matrix of weights. 

So, the key issue here in order to calculate the presence and/or magnitude of such 

interdependence is defining a distance or weight matrix among provinces (Anselin, 1995).  

Following Neumayer and  Plümper (2010), spatial dependence exists whenever the 

expected utility of one unit of analysis is affected by the decisions or behavior made by other 

units of analysis. When this analysis comes to a dyadic variable as immigration, where it is 

possible to distinguish the source, the country of origin c, and the target of interaction, the 

destination province i, we can assume that contagion (the reinforcing effect) does not come 

from the aggregate policy choices of other sources or other targets, but only on the choices of 

other sources or targets in relation to the specific dyad under consideration. Specifically, our 

previous description of the social networks as a reinforcing factor of immigration from country 

c in the target province i, fits with the Neumayer and Plümper’s “Specific target contagion” in 

which other region targets j affect i’s interaction with c only if province j have received 

migrants from the very same source country c, being wij the ij component of the (NxN) 

weighting matrix, Wij, used to model the connectivity between provinces that form the spatial 

dependence, in such a way that the interregional spillover term in (2) can be approximated as: 
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Sj =f( tjC
ij

ij IMw ,


)+ic                                               (3) 

 

In this case, we assume that immigrants from one country tend to locate in those i, j 

provinces that are interrelated, but such a location decision is independent across immigrants’ 

nationalities in such a way that the complete weighting matrix, for N regions in the country and 

C international trade partners is W= Wij  IC.(bloc-diagonal matrix) 

 

We have considered the widely used interregional matrix of weights, Wij, based on 

geographical contiguity among provinces. We either considered as the matrix of weights the 

bilateral distance matrix based on the geodesic distance between each province’s main cities, 

see, for instance, Jayet et al (2010). However, from a wider perspective, the distance separating 

two provinces could be more than merely geographical. For example Schumpeter defines the 

innovative contiguity between productive sectors, as the intensity in their commercial 

relationships is higher than the average. If we follow this idea, we can define the proximity 

between provinces depending on the intensity of their commercial relationships, by using the 

interregional trade flows matrix for Spain, Italy and Portugal. An estimation of the regional 

bilateral trade flows matrix is available for Spanish provinces but not for provinces in Italy 

neither Portuguese provinces. In order to homogenize the interregional weighting matrix 

measurement for the three countries under analysis, we estimate bilateral trade flows between 

provinces i and j based on a standard gravity equation. We compute this inter-provinces GDP-

based trade flow estimations according to: 

 

wij= [(GDPi
 GDPj

 )/ DISTij
 (1- ϕ D)]                                         (4) 

 

where =1  =1 and  =-1 according to those values widely accepted in empirical 

literature. Finally, to consider contiguity as an additional factor for provinces’ interdependences, 

we include a “border premium” when considering distance between i and j in (4). When both i, j 

regions(provinces) share a common border, D=1, we reduce a 10% the inverse effect of the 

distance on the trade flow among those provinces, ϕ =0.1, in comparison to those pair of 

provinces that does not share a common border, D=0.  

The Moran’s I results for testing the null hypothesis of a lack of provinces 

interdependence in immigrants’ location decisions are shown in Table 3.  

When all the pooled data are considered, it appears that immigration in one location is 

spatially correlated. The I Moran’s indexes are significant, rejecting the null hypothesis of 

spatial independence of immigration across provinces in each country, when the contiguity and 

the bilateral distance matrixes are considered. Furthermore, the existence of a significant degree 
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of interprovincial dependence in the distribution of immigrants in the sample is obtained when 

the GDP-based estimations of the bilateral trade matrix with the border-sharing premium is 

considered. Thus, spatial dependence is relevant in the location patterns of immigrants from the 

same origin country across provinces in the three countries. 

The highest value of the Moran’s I index, capturing interdependence across provinces, 

is that computed using the bilateral trade matrix for Spain, while in Italy and Portugal the 

highest values of the Moran’s Index are those computed using the contiguity matrix, followed 

by the ones computed by using the bilateral trade matrix.  

Since this weighting matrix both includes the distance and the border premium when 

estimating the bilateral trade flows across provinces, we will prefer this as the weighting matrix 

to carry on our regression analysis. W is an asymmetric matrix that has non-zero elements for 

each pair of provinces that trade, which are function of the volume of estimated trade flows 

between two provinces and implies that the higher the volume of trade between them, the higher 

the social or business network that is accessible for the immigrant coming to the province, and, 

thus, the lower the cost of migrate to that province. Subsequently, this matrix widens the 

generally accepted assumption in literature about the key role of geographical proximity in 

terms of spatial interdependences. 

 

 

3. ESTIMATION ISSUES AND RESULTS. (On processing)  

 

Our empirical models include as a novelty the possibility of interregional spillover 

effect for new immigrant arrivals coming from the compatriots settled in neighbouring regions, 

since the previous Section gives empirical evidence supporting the existence of spatial patterns 

in immigrant’s location across provinces in each country. The incorrect omission of this term 

when estimating equations (1) and (8) would generate spatial autocorrelated residuals implying 

non consistent estimates and inference problems similar to temporal autocorrelation problems7. 

In this case, spatial econometric methodology provides the techniques to solve these problems 

(Anselin, 1988).  

To prevent these problems, we adopt a more general empirical specification used in 

Spatial Econometric Models, including the “spatial lag” of our dependent variable, 
tiCIM ,i  .W  =[

                                                            
7 From an econometric perspective, it is worth mentioning that the presence of regional interdependence in the 
disturbance, that is, residual spatial autocorrelation: ui=  W ui,+, affects the properties of LS estimators causing 
similar effects to temporal autocorrelation. The LS estimators will remain unbiased, but will be inefficient. If, 
moreover, the spatial autocorrelation is substantive, apart from not being inefficient, the LS estimators will also be 
biased and inconsistent. 
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] and the possibility of a spatial autoregressive error term, where W is the 

commercial-distances weighting matrix calculated in the previous Section:  

 

tiCIM ,    =exp[ c+1 ln(PCGDPi, t-1)+2 ln(PCGDPC, t-1) + 3 ln(distanceiC)+ 

+ 4 borderiC+5 eueftaiC+ 6 lang_fiC + 7 edu_fiC + 8 dem_fiC +  

+ 9 ln(ShYoungC,t-5 )+ 10 ln(TiC,t-10)+11 8, tiCIM + 12 tiCIM ,i  .W ] vic,t (10) 

where vic= Wi. vic + eic and e ~ N(0, 2I).     

 

The econometric results of the Poisson estimations of the equation (10) are presented in 

Tables A3, A4 and A5 in the Appendix respectively for Spain, Italy and Portugal. Table 3 in the 

main text offers a joint vision of the estimation results for the effect of our interest variables. 

Both trade and social network effects considered affect positively immigration rates. This is, the 

larger the size of communities of foreign residents from the immigrant’s origin country in the 

province of destination, the larger the immigration rate from that nationality in the province, 

since it is assumed that have a cost reducing effect on immigration. In the same way, the larger 

the intensity of trade between the immigrant’s origin country and the destination province the 

large the immigration rate in the province from that country as we a priori assumed.  

 

Results shown in Table 3 column (i) confirm that the role of past migration inflows in 

the destination province from the same origin country is positive and significantly impacts in 

the current immigration rates, in line with previous panel data studies for Spain such as 

Villaverde et al (2011), and Italy, such as Mayda (2011)8. Last decade immigration captures the 

impact of social network effects, which are assumed to reduce the immigration costs for new 

immigrants in the province (supply side). Moreover, according to Mayda (2010), the positive 

effect could come either from the demand side, as the result of the reunification immigration 

policies or political economic factors (votes of naturalized immigrants affect immigration policy 

outcomes) over the decade that increase current immigration rates in the province.  

Nevertheless, these national general policies should affect all the provinces equally in each 

country, thus we assume that those factors shouldn’t be significant to explain immigration in a 

specific province and focus on the migration-cost reducing effect of social networks.  

 

                                                            
8 Villaverde et al (2011) approximate such network effects by the stock of foreign population living in the 
province in the previous year. Mayda (2011) focuses on bilateral migration in the previous year, for 
approximating social network. This autoregressive structure results in higher marginal effects than ours 
referred to social networks established in the previous decade. 
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Columns (ii), (iii) and (iv) in Table 3 show the results of the Poisson estimation of the 

model sequentially including substantive spatial autocorrelation term, a residual spatial 

autocorrelation pattern and both the substantive and residual spatial autocorrelation terms in the 

model. In all the cases it is obtained positive and significant coefficient estimates. These results 

point to the relevance of the social networks in the province’s vicinity -defined as the provinces 

with whom the destination province trades- as a factor increasing immigration rates in the 

province. In fact, for Spain, the point estimates of the impact social network spillovers doubles 

that one attributed to the existing communities from the same country of origin in the province, 

being 0,063 and 0.037 respectively. Nevertheless, this effect does not appear in the other two 

countries under analysis that have similar point estimates for both variables. The interprovincial 

social networks in Italy and Portugal have a positive and significant effect on province’s 

immigration, and point estimates are rather larger than in Spain. It is possible that the highest 

concentration of provinces hosting foreign immigrants in the north and south of these countries, 

with a longitudinal shape reinforce the impact of spatial spillovers on province’s immigration. 

Moreover, it is worth mentioning the high inertia of these interprovincial spillovers in the error 

term, especially in Portugal (rho = 0.356) in Table 3, column (iv). 

We next focus on the role of the volume of bilateral trade in the previous decade as a 

factor explaining current bilateral migration rates. In this case, our temporal scheme implies that 

information networks established by means of trade relationships between the origin country 

and destination province  affect positively immigration in the destination province, by reducing 

the cost of migrate to that province. Thus we assume a complementarity relationship between 

migration and trade, rather than a substitutability relationship.  

The results shown in Table 3 clearly support our hypothesis about the presence of 

externalities for immigration across trade partners, since the deepening of commercial links over 

time will allow the flow of information about the job opportunities and requirements in the 

receiving economy, to the would-be immigrants in the origin country, reducing the cost of 

migrate, see estimation results in column (i). The introduction of spatial autocorrelation in the 

model does not affect the significance or magnitude of coefficient estimates for the business 

network variable, ln(Tic), which are around 0.45 for Spain, 0.35 for Italy and the lowest, 0.14 for 

Portugal.  

The whole model estimation for Spanish Italian and Portuguese provinces are shown in 

Tables A3, A4 and A5 in the Appendix. Immigration is positively and significantly related to 

the GDP per capita of the destination province in Italy and Portugal, consistent with the 

interpretation of the push and pull factors. In the same way, the impact of a change in the 

income opportunities at home on immigration is consistent with this interpretation. An increase 

in the GDP per capita in the origin country significantly reduce immigration in the destination 

province for the three countries analysed, given the increase of income opportunities at home 



19 

that this change implies, see Tables A3, A4 and A5. Next, we analyze the role played by 

geographic, cultural and political factors. The geographic factors show puzzled results. 

Increasing the distance between the home and host economies significantly reduces the number 

of immigrants in Italy and Portugal. On the contrary, a common land border does appear to 

significantly and positively affect immigration in Spain and Italy, see column (iv) in Tables A3 

and A4, while shows a contrary significant effect on immigration rates in Portugal. The border 

variable shows a different role among countries, and differs from results obtained in Mayda 

(2010) in a multi-country panel data analysis in which positive but not significant effect of this 

variable on immigration rates in Italy is obtained.  

Sharing commercial agreements enhances immigration rates in Spanish and Portuguese 

provinces (in this last case the impact is not statistically significant) and reduces immigration 

rates in Italian provinces. On the other hand, the larger the distance between home and host 

countries in terms of language, education and political freedom, have different results in the 

three countries. The expected negative impact of these three variables are obtained in Spain 

(only distance in language) and in Italy (only the political distance) while the rest is not relevant 

(education and political freedom distances in Spain and the three variables in Portugal) or show 

an unexpected positive impact (language and education distances).  

Finally, and contrary to the empirical studies such as Mayda (2010) or Ortega and Peri 

(2011), the share of origin country’s population who is young has a not significant effect on 

immigration rates -and either shows a wrong negative sign in Portugal, see Table A5 column 

(iv)-,  since it was expected that this share of the population displays higher migration rates as 

the immigration literature emphasized (Hatton and Williamson, 1998; Hanson and McIntosh, 

2010; Clark, Hatton, and Williamson, 2007).  

 

 

PPML estimation results including Substantive and residual spatial autocorrelation 

We estimate model in equation (9) by the Poisson Pseudo- Maximum Likelihood 

estimator. The results for Spanish, Italian and Portuguese provinces are shown in Table 4. We 

also pooled the data to estimate the model using the whole sample and to study the possible the 

heterogeneity between countries. We include origin and destination-province fixed effects to 

mitigate the omitted variables problem we mentioned previously (column (i) in each case). R-

squares do not change dramatically, thus our dummy variables are controlling for similar 

determinants as those included as monadic push and pull factors in empirical analysis of 

bilateral migration. Using data from Spanish, Italian or Portuguese provinces, and also in the 

pooled sample, we obtain the expected positive and significant effect of social and business 

networks on migration. Nevertheless, our assumption (contribution) is that the inclusion of fixed 

effects it is not enough to accommodate the possible spatial autocorrelation among destination 
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provinces. Thus, an additional term should be included in the model to capture such spatial 

spillovers determining migration.  

Results in Table 4 columns (ii) and (iii) for the three countries analyzed, and column (ii) 

for the pooled data sample, show that substantive spatial autocorrelation significantly determine 

migration. Once this spatial dependence is accounted for, residual spatial autocorrelation is 

significant in the case of Spain and Italy, showing a negative impact on immigration. Thus, 

again our results are robust, pointing to the adequacy of including social networks in the 

province’s vicinity –being vicinity defined as the provinces with whom the destination province 

trades- as a factor increasing immigration rates in the province. 

 

*******to be completed******* 

 

The PPML estimation results including the Durbin model for spatial autocorrelation 

Table 5 show the results of the PPML estimation of the model including the Durbin 

scheme of spatial autocorrelation through the spatial lag of the explanatory variables. The 

results for each country do not dramatically change if we compare them with those in Tables 4 

and 3. Business network effects significantly affect migration inflows in the province with the 

exception of Portugal.  In this case, historical trade links with the origin country do not enhance 

immigration from that country into Portuguese provinces. Ethnic network spillovers show a 

positive and significant point estimate pointing to their positive effect on immigration as in the 

previous results. 

 

When we include the spatial lag of network and business spillovers the substantive 

autocorrelation term in the model is not significant –neither was the residual autocorrelation 

term in any specification. The spatial lag of compatriots’ communities generates a positive 

externality on immigration in the province. On the contrary, historical trade links with foreign 

countries in the neighbour provinces do not affect –Table 5 results for Spain- or affect 

negatively to immigration into Italian and Portuguese provinces. Hence, the larger the 

compatriots’ communities in the vicinity of one province as a possible destination for 

immigrants, and the weaker the international trade links of its neighbour provinces, the larger 

the positive impact on immigration into such province. 

 

It is worth mentioning that pooled regressions point to the positive and significant 

impact of trade and previous immigration networks on current immigration flows and also to the 

positive impact of social and business networks in the destination provinces’ neighborhood on 

province’s immigration. In this case, the substantive autocorrelation term coefficient estimate is 

also positive and significant. Considering the sample when we pool the data of these three 
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countries, we can introduce additional control variables in the model in order to capture 

multilateral resistance terms to migrate, assuming that the province destination substitutability is 

larger inside the country than across countries. For instance, destination-country dummies will 

control for country-specific migration policies and the geographical and cultural distance 

between the country of origin and the country of destination. 

 

*******to be completed******* 

 

4. CONCLUDING REMARKS. 

We compare the traditional “push and pull factors” approach based on a gravity model 

framework with the RUM model approach to check the consistency of the results on the impact 

of trade, social networks and spatial interdependence on bilateral migration. Since migrants are 

not evenly distributed across space, and regions are not locally bounded, we introduce spatial 

dependence or neighborhood effects in the model using spatial econometric techniques.  Our 

assumption is that origin and destination fixed effects are not capturing all the network factors 

that could reduce the migration and settlement costs. Our results using the PPML estimator 

provide evidence supporting the positive impact of social and trade network effects on bilateral 

migration. More interesting, spatial dependence among provinces in each country positively 

affects migration inflows mainly through the spatial interdependences of the network effects 

across provinces when countries are analyzed separately, and both trough this effect and the 

spatial autocorrelation of current immigration when pooled data are considered. Thus, the 

migrant’s destination decision it is determined not only by the characteristics of the province 

under analysis, but also by the characteristics of alternative destinations that the migrant is 

considering –i.e. other provinces in the same country.  Nevertheless, further fixed effects are to 

be considered to check the robustness of this conclusion. 

*******to be completed******* 
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Table 1. Foreign residents in Portugal, Spain and Italy. 

 Portugal  Italy  Spain 

Foreign residents 2001  208198 1334889 1370657 

Foreign residents 2010  454151 4235059 5747730 

Growth rate 2001-2010 (%)  118,1 217,3 319,3 

Share over total population 2001 (%) 2 2,6 3,3 

Share over total population 2010 (%) 4,3 7 12,2 

Florence’s index 2001  0,8 0,52 0,59 

Florence’s index 2010  0,64 0,45 0,43 

Variation 2001-2010  -0,16 -0,08 -0,16 

Source: Own elaboration with data from ISTAT‐Italy, Statistics National Institute of Spain, Statistics National 
Institute of Portugal and SESTAT‐Portugal. 
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Table 2. Spatial autocorrelation across provinces. Moran’s I statistic. 

 
Source: Own elaboration. Z-values are the standardised Moran's I values. 
 
  

Spain Contiguity Bilateral distance Bilateral trade flows
I 0,139 0,097 0,429

Z-value 28,803 62,564 78,585
P-value 0,000 0,000 0,000

Italy 
I 0,700 0,272 0,887

Z-value 64,476 31,387 42,632
P-value 0,000 0,000 0,000

Portugal
I 0,453 0,072 0,643

Z-value 16,055 4,936 8,684
P-value 0,000 0,000 0,000
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Table 3. Business and Ethnic spillovers. Poisson gravity model. 

 
Notes. The results are selected from Tables A3, A4 and A5 in the Appendix. ln(TiC

95-00) measures 
the business network effect and 

8, tiCIM measures the ethnic network effect. Substantive spatial 

autocorrelation term has been included in the estimation:
tiCIM ,i  .W . A spatial autocorrelated error 

term: vic,t where  vic=   Wi.vic+eic  and e~N(0, 2I).  
 
  

Spain (i) (ii) (iii) (iv)

ln(T iC
95-00

) 0.360*** 0.466*** 0.444*** 0.467***

[0.0279] [0.0285] [0.0279] [0.0284]

0.0416 *** 0.0357*** 0.0351*** 0.0368***

[0.008] [0.007] [0.007] [0.007]

0.045*** 0.063***

[0.005] [0.005]

 0.046*** ‐0.020***

[0.005] [0.004]

Italy (i) (ii) (iii) (iv)

ln(T iC
95-00

) 0.374*** 0.354*** 0.377*** 0.344***

[0.0275] [0.0280] [0.0263] [0.0263]

0.171*** 0.183*** 0.143*** 0.180***

[0.017] [0.011] [0.018] [0.012]

0.148*** 0.174***

[0.011] [0.089]

 0.122*** 0.046***

[0.039] [0.082]

Portugal (i) (ii) (iii) (iv)

ln(T iC
95-00

) 0.0338 0.0359 0.145** 0.140**

[0.0658] [0.0623] [0.0612] [0.0645]

0.203*** 0.489*** ‐0.095 0.207**

[5.31e‐05] [6.42e‐05] [6.46e‐05] [8.62e‐05]

0.219*** 0.175***

[0.033] [0.023]

 0.505*** 0.356***

[0.046] [0.043]

8, tiCIM

tiCIM ,i  .W

8, tiCIM

tiCIM ,i  .W

8, tiCIM

tiCIM ,i  .W
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Table 4. PPML Fixed-effects estimations including Substantive spatial autocorrelation-Residual spatial autocorrelation model. 

 
Notes. PPML fixed–effects estimation for each country separately and for the pooled data. Spain: 93 Immigrants’ Origin countries; Italy: 112 Immigrants’ Origin countries; Portugal: 111 
Immigrants’ countries. ln(TiC

95-00) measures the business network effect and 
8, tiCIM measures the ethnic network effect. Substantive spatial autocorrelation term has been included in the 

estimation:
tiCIM ,i  .W . A spatial autocorrelated error term: vic,t where  vic=   Wi.vic+eic  and e~N(0, 2I).  

  

SPAIN ITALY PORTUGAL POOLED DATA

(i) (ii) (iii) (i) (ii) (iii) (i) (ii) (iii) (i) (ii) (iii)

ln(T iC
95-00

) 0.104*** 0.104*** 0.099*** 0.076** 0.068** 0.063* 0.027 0.026 0.025 0.265*** 0.243*** 0.251***

[0.0352] [0.035] [0.0345] [0.033] [0.034] [0.034] [0.028] [0.026] [0.026] [0.025] [0.024] [0.025]

0.014** 0.014** 0.017*** 0.101*** 0.116*** 0.118*** 0.094*** 0.159*** 0.155*** 0.019*** 0.019***

[0.005] [0.006] [0.006] [0.013] [0.012] [0.011] [0.0202] [0.023] [0.024] [0.006] [0.006]

0.010 0.024** 0.055*** 0.047*** 0.051*** 0.047*** 0.017***

[0.007] [0.011] [0.008] [0.011] [0.0106] [0.014] [0.004]

 ‐0.033*** ‐0.056* 0.032

[0.011] [0.030] [0.090]

2.473*** 2.504*** 2.552*** 5.214*** 5.160*** 5.091*** ‐2.079*** ‐1.927*** ‐1.940*** 3.964*** 3.853*** 3.974***

[0.378] [0.378] [0.371] [0.512] [0.515] [0.508] [0.535] [0.503] [0.500] [0.643] [0.640] [0.614]

Observations 4650 4650 4650 11536 11536 11536 1980 1980 1980 18184 18184 18184

R‐squared 0.704 0.669 0.687 0.853 0.849 0.865 0.971 0.980 0.980 0.635 0.644 0.598

origin country dummies yes yes yes yes yes yes yes yes yes yes yes yes

destination province 

dummies yes yes yes yes yes yes yes yes yes yes yes yes

8, tiCIM

tiCIM ,i  .W
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Table 5. PPML Fixed-effects estimations including Durbin’s spatial autocorrelation model. 

 
Notes. PPML fixed–effects estimation for each country separately and for pooled data. Spain: 93 Immigrants’ Origin countries; Italy: 112 Immigrants’ Origin countries; Portugal: 111 
Immigrants’ countries. ln(TiC

95-00) measures the business network effect and 
8, tiCIM measures the ethnic network effect. Durbin’s Spatial autocorrelation scheme has been included in the model 

through the spatial-lag of the explanatory variables: W.i ln(TiC,t-10) and 
8,. tiCi IMW . 

 

SPAIN ITALY PORTUGAL POOLED DATA

(i) (ii) (i) (ii) (i) (ii) (i) (ii)

ln(T iC
95-00

) 0.118*** 0.118*** 0.0982*** 0.0950*** ‐0.00604 ‐0.00231 0.0826*** 0.0797***

[0.0329] [0.0329] [0.0354] [0.0357] [0.0302] [0.0293] [0.0296] [0.0303]

0.0227*** 0.0225*** 0.118*** 0.119*** 0.194*** 0.184*** 0.0192*** 0.0179***

[0.00577] [0.00586] [0.0131] [0.0129] [0.0258] [0.0318] [0.00589] [0.00600]

W .i ln(T iC
95-00

) ‐0.201 ‐0.184 ‐0.398*** ‐0.363** ‐0.131* ‐0.172** 0.360*** 0.413***

[0.210] [0.206] [0.149] [0.161] [0.0768] [0.0836] [0.0620] [0.0699]

0.0521*** 0.0504*** 0.222*** 0.204*** 0.210*** 0.0718 0.0298*** 0.0170**

[0.00883] [0.0101] [0.0224] [0.0373] [0.0426] [0.143] [0.00695] [0.00853]

0.00318 0.00863 0.0348 0.0163***

[0.00610] [0.0126] [0.0307] [0.00478]

C 1578 1674 2.926*** 3.117*** ‐3.467*** ‐3.796*** 5.931*** 6.364***

[1.151] [1.128] [0.979] [1.029] [0.973] [1.015] [0.725] [0.756]

Observations 4650 4650 11536 11536 1980 1980 18184 18184

R‐squared 0.740 0.729 0.852 0.851 0.982 0.982 0.655 0.612

Origin country 

dummies yes yes yes yes yes yes yes yes

Destination province 

dummies yes yes yes yes yes yes yes yes

8, tiCIM

8,. tiCi IMW

tiCIM ,i  .W
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Appendix.  

Table A1. Descriptive statistics. 

 

 

ln(PCGDP i
09 ) ln(PCGDP C

09
) ln(distance iC ) border iC euefta iC lang_f iC edu_f iC dem_f iC ln(ShYoung) C ln(T iC

95-00
) ln(X iC

95-00
) ln(M iC

95-00
)

SPAIN

 Mean 0,69 3,04 1,88 8,28 0,03 0,21 ‐0,47 1,43 0,61 2,83 24,25 ‐4,12 ‐4,95 ‐5,67

 Median 0,03 3,02 1,97 8,20 0 0 0,26 1,38 0,43 2,88 1,08 ‐3,87 ‐4,69 ‐5,54

 Maximum 99,36 3,50 4,37 9,88 1 1 0,53 2,79 1,97 3,26 9420,02 3,07 2,63 2,91

 Minimum 0 2,68 ‐1,08 6,52 0 0 ‐3,87 0,10 ‐0,17 2,33 0 ‐11,66 ‐14,19 ‐13,47

 Std. Dev. 3,61 0,20 1,40 0,77 0,18 0,40 1,55 0,71 0,62 0,21 214,22 2,49 2,69 2,76

 Observations 4600 4600 4600 4600 4600 4600 4600 4600 4600 4600 4600 4600 4600 4600

ITALY

 Mean 0,32 ‐3,74 1,64 8,19 0,05 0,17 0,17 1,18 0,70 2,85 11,27 ‐3,51 ‐4,15 ‐5,13

 Median 0,01 ‐3,66 1,69 8,37 0 0 0,26 1,16 0,62 2,93 0,30 ‐3,22 ‐3,82 ‐4,92

 Maximum 85,72 ‐3,32 4,37 9,82 1 1 0,53 2,53 1,96 3,26 3846,85 4,28 3,85 3,22

 Minimum 0 ‐4,26 ‐3,76 6,27 0 0 ‐0,74 ‐0,42 ‐0,17 2,41 0,00 ‐11,96 ‐14,19 ‐13,69

 Std. Dev. 2,33 0,25 1,58 0,92 0,21 0,38 0,34 0,76 0,66 0,20 89,03 2,34 2,46 2,65

 Observations 11330 11330 11330 11330 11330 11330 11330 11330 11330 11330 11330 11330 11330 11330

PORTUGAL

 Mean 0,03 ‐4,31 1,67 8,44 0,01 0,17 0,13 0,83 0,78 2,85 1,71 ‐6,71 ‐7,52 ‐7,58

 Median 0,00 ‐4,35 1,76 8,47 0 0 0,26 0,78 0,58 2,92 0,02 ‐7,42 ‐8,24 ‐8,35

 Maximum 0,92 ‐3,66 4,37 9,88 1 1 0,53 2,22 2,06 3,26 185,85 2,20 1,79 1,98

 Minimum 0 ‐4,74 ‐3,76 6,52 0 0 ‐4,35 ‐0,77 ‐0,07 2,33 0 ‐13,67 ‐14,41 ‐15,17

 Std. Dev. 0,09 0,29 1,59 0,67 0,10 0,38 0,57 0,77 0,66 0,21 8,64 3,16 2,88 3,10

 Observations 1942 1942 1942 1942 1942 1942 1942 1942 1942 1942 1942 1942 1942 1942

0202
CiC PopIM1010 )01,0*( CiC PopIM
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Table A2. Migrants’ Origin Countries (ISO-3 abbreviations). 

 

  

CHN

AFG CIV GMB KOR NPL SYR

AGO COG GNB LAO NZL TGO

ALB COL GNQ LBN PAK THA

ARE CPV GRC LBY PAN TTO

ARG CRI GTM LKA PER TUN

ARM CYP HND LTU PHL TUR

AUS CZE HRV LVA POL TWN

AUT DEU HUN MAR PRT TZA

BEL DMA IDN MDA PRY UGA

BEN DNK IND MEX ROM UKR

BFA DZA IRL MKD RUS URY

BGD ECU IRN MLI SAU USA

BGR EGY ISL MLT SDN UZB

BIH ESP ISR MOZ SEN VEN

BLR EST ITA MRT SGP VNM

BOL ETH JAM MYS SLE YEM

BRA FIN JOR NGA SLV YUG

CAN FRA JPN NIC SVK ZAF

CHE GBR KAZ NLD SVN ZMB

CHL GEO KEN NOR SWE ZWE
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Tabla A3. Spatial autocorrelation Model estimation. Poisson estimation. SPAIN 

 

   

(i) (ii) (iii) (iv)

ln(PCGDP i
09

) ‐0.176 ‐0.0395 ‐0.0785 ‐0.0149

[0.372] [0.402] [0.392] [0.401]

ln(PCGDP C
09

) ‐0.400*** ‐0.146 ‐0.206* ‐0.130

[0.126] [0.106] [0.106] [0.107]

ln(distance iC ) ‐0.0335 0.145 0.0893 0.159

[0.187] [0.162] [0.169] [0.160]

border iC 0.412 0.350 0.628** 0.212

[0.264] [0.248] [0.270] [0.245]

euefta iC 3.117*** 1.344*** 1.637*** 1.351***

[0.629] [0.479] [0.477] [0.484]

lang_f iC ‐0.332*** ‐0.195*** ‐0.230*** ‐0.183***

[0.0767] [0.0570] [0.0572] [0.0591]

edu_f iC ‐0.172 0.0885 0.0454 0.0971

[0.190] [0.173] [0.174] [0.175]

dem_f iC 0.733*** 0.583** 0.499** 0.698***

[0.273] [0.233] [0.243] [0.237]

ln(ShYoung) C 1.709* ‐0.620 ‐0.0287 ‐0.898

[0.892] [0.796] [0.803] [0.790]

ln(T iC
95-00

) 0.360*** 0.466*** 0.444*** 0.467***

[0.0279] [0.0285] [0.0279] [0.0284]

0.0416 *** 0.0357*** 0.0351*** 0.0368***

[0.008] [0.007] [0.007] [0.007]

0.045*** 0.063***

[0.005] [0.005]

 0.046*** ‐0.020***

[0.005] [0.004]

C 2.864 7.433** 6.538** 7.858***

[3.036] [2.922] [2.885] [2.931]

Observations 4600 4600 4600 4600

8, tiCIM

tiCIM ,i  .W
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Tabla A4. Spatial autocorrelation Model estimation. Poisson estimation. ITALY 

 

Migration partners: 112 countries 

   

(i) (ii) (iii) (iv)

ln(PCGDP i
09

) 0.669*** 0.988*** 0.582*** 0.681***

[0.206] [0.237] [0.213] [0.234]

ln(PCGDP C
09

) ‐0.416*** ‐0.274*** ‐0.376*** ‐0.268***

[0.0430] [0.0353] [0.0455] [0.0353]

ln(distance iC ) ‐0.892*** ‐0.297*** ‐0.775*** ‐0.224***

[0.110] [0.0803] [0.128] [0.0715]

border iC ‐0.367** 0.217* ‐0.156 0.281**

[0.157] [0.127] [0.191] [0.122]

euefta iC 0.792*** ‐0.843*** 0.571** ‐1.227***

[0.188] [0.199] [0.240] [0.199]

lang_f iC ‐1.211*** 0.326* ‐0.911*** 0.609***

[0.188] [0.182] [0.262] [0.182]

edu_f iC 0.0393 0.204*** 0.0556 0.238***

[0.0727] [0.0742] [0.0728] [0.0738]

dem_f iC ‐0.610*** ‐0.348*** ‐0.513*** ‐0.352***

[0.157] [0.123] [0.156] [0.117]

ln(ShYoung) C 3.888*** ‐0.0600 3.268*** ‐0.609

[0.633] [0.488] [0.738] [0.448]

ln(T iC
95-00

) 0.374*** 0.354*** 0.377*** 0.344***

[0.0275] [0.0280] [0.0263] [0.0263]

0.171*** 0.183*** 0.143*** 0.180***

[0.017] [0.011] [0.018] [0.012]

0.148*** 0.174***

[0.011] [0.089]

 0.122*** 0.046***

[0.039] [0.082]

C 0.990 5.555*** 1.964 7.390***

[1.394] [1.564] [1.449] [1.555]

Observations 11330 11330 11330 11330

8, tiCIM

tiCIM ,i  .W
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Tabla A5. Spatial autocorrelation Model estimation. Poisson estimation. PORTUGAL 

 

 

(i) (ii) (iii) (iv)

ln(PCGDP i
09

) 1.994*** 2.532*** 2.178*** 2.353***

[0.492] [0.480] [0.582] [0.538]

ln(PCGDP C
09

) ‐0.569*** ‐0.723*** ‐0.462*** ‐0.567***

[0.126] [0.136] [0.124] [0.123]

ln(distance iC ) ‐0.899*** ‐0.723** ‐0.562* ‐0.387

[0.304] [0.283] [0.301] [0.289]

border iC ‐4.577*** ‐5.173*** ‐3.158*** ‐3.235***

[0.865] [1.209] [0.823] [1.010]

euefta iC ‐0.565 ‐0.504 ‐0.147 0.172

[0.886] [0.852] [0.556] [0.588]

lang_f iC ‐1.035*** 0.00340 ‐1.017*** ‐0.225

[0.109] [0.201] [0.127] [0.193]

edu_f iC ‐1.082*** ‐0.578** ‐0.582 ‐0.259

[0.295] [0.267] [0.372] [0.332]

dem_f iC 0.0476 ‐0.264 0.159 ‐0.0741

[0.491] [0.489] [0.541] [0.508]

ln(ShYoung) C ‐1.191 ‐2.967** ‐1.062 ‐1.894*

[1.378] [1.392] [1.151] [1.125]

ln(T iC
95-00

) 0.0338 0.0359 0.145** 0.140**

[0.0658] [0.0623] [0.0612] [0.0645]

0.000203*** 0.000489*** ‐9.50e‐05 0.000207**

[5.31e‐05] [6.42e‐05] [6.46e‐05] [8.62e‐05]

0.000219*** 0.000175***

[3.28e‐05] [2.32e‐05]

 0.000505*** 0.000356***

[4.64e‐05] [4.34e‐05]

C 11.91** 13.70** 7.774** 7.945**

[5.319] [5.346] [3.657] [3.947]

Observations 1962 1962 1962 1962

8, tiCIM

tiCIM ,i  .W


