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Methodological appendix


1. Data

The data we use is that of PLUS 2018 (Participation, Labour and Unemployment Survey), a survey on the Italian population in working age (18 and 74 years old) conducted every second year. PLUS 2018 data was collected in late 2018 and released in the first half of 2019. It counts 45,000 individuals. Note though that our research interest lies with the respondents available for work. We therefore exclude pensioners and students from our empirical analysis. This results in a sample of 31,600 observations. A crucial characteristic of this dataset is the absence of proxy interviews: only survey respondents are included, thus reducing measurement error and partial non-responses. The questionnaire was submitted to a sample of residents, according to a stratified random sampling over the Italian population. PLUS also provides individual weights to account for non-response and attrition issues generally affecting sample surveys. Similarly to other empirical articles using the same survey (see Meliciani and Radicchia 2011; 2016; Clementi and Giammatteo 2014; Filippetti et al. 2019), all descriptive statistics and estimates reported in this analysis are weighted accordingly. For more information in this respect, see www.inapp.org.
As explained in the main text, the type of agglomeration in which the respondents reside may affect their work prospects. Urban environments likely offer more opportunities than rural ones. Accordingly, the type of agglomeration was introduced in all our models. We considered five categories in terms of population size: up to 5,000; from 5,000 to 20,000; from 20,000 to 50,000; from 50,000 to 250,000; more than 250,000 inhabitants.


2. Descriptive statistics

This section aims to describe more thoroughly the foreigners present in our dataset. Considering first where they come from, the individuals with foreign citizenship are distributed according to their regions of origin as follows (table A.1): 51.2% are from Eastern Europe, 19.5% are from Central and South America, 10.1% are from Africa, 2.6% are from North America and another 2.3% are from Asia and Oceania. 14.3% of them have preferred not to reveal their area of origin. Over-education by area of origin is rather homogenously distributed, save for the respondents who preferred not revealing their origin; 38.2% of them are over-educated. For Asia and Oceania, the figure stands at 11.1%; a lower figure than for the other areas of origin. Interestingly, Eastern Europeans tend to be less over-educated than Central and South Americans, despite the fact that they face different language barriers upon arrival – Spanish and Italian both being Latin languages (Dustmann and Van Soest 2002). This difference is most likely due to the differences they display in terms of education. For instance, 20.8% of the East Europeans in our sample have a bachelor degree or above whilst 37.3% of the Central and South Americans in our sample have a bachelor degree or above.
Table A.1. Origins, over-education and education of the foreigners in our sample.
	
	Percent of foreigners in sample
	Percent of overeducated per area
	Percent with at least bachelor degree per area

	Eastern Europe
	51.2
	18.8
	20.8

	North America
	2.6
	20.0
	40.0

	Central and South America
	19.5
	22.7
	37.3

	Africa
	10.1
	23.1
	25.6

	Asia and Oceania
	2.3
	11.1
	33.3

	No-response
	14.3
	38.2
	47.3




Note that, in order to provide reliable estimates, we exclude citizens from EU15 countries from our analyses. EU15 migrants represent a group with special characteristics that do not compare with migrants from other EU countries and from outside the EU. This for at least two reasons. First, EU15 countries tend to be destination countries rather than countries from which people leave. Differently, people who experience a pressure to migrate at the aggregate level (that is, poorer life conditions in country of origin) also experience restricted onward mobility and therefore more pressure to settle in their receiving countries. This is not the case for EU15 foreigners who, coming from wealthier countries, have a larger pool of opportunities and, thus, higher mobility. Secondly, EU15 foreigners have rights that are comparable to Italians: they may come, go, settle in Italy with virtually no restriction. Those two elements combined create a situation in which EU15 citizens have both de facto and de jure capacity to be mobile, which may negatively affect the probability of them being overeducated. Note that the analyses presented in the main paper were also conducted including EU15 citizens. The results do not significantly change. 
Of the non-natives, 68% are migrants whilst 32% are second generation migrants. 23.6% of the former are over-educated whilst they are only 18.6% of the latter; a figure close to that of the Italian nationals which stands at 18.1%.
With regard to foreigners’ length of stay in Italy at the time of the survey, they have, on average spent about 17 years in the country, with a distribution positively skewed, likely explained by the fact that Italy has only recently (comparatively to other EU countries) become a destination country (figure A.1). Nonetheless, about 25% of the foreign citizens in our sample have spent more than 21 years in Italy with a maximum of 53 years. Over-education amongst migrants is distributed rather homogenously, with slightly less over-educated migrants in the first years after arrival. This is an interesting fact suggesting that over-education is not necessarily linked to learning to cope in a new society (Chiswick and Miller 2009). This may also be due to their origin as some migrants may require more efforts to learn the language if their native language is very different from Italian.













Fig. A.1. Density histogram of foreigners’ length of stay in Italy and over-education.
[image: ]


3. Alternative models: potential network as foreigners residing in local area

Table 2 presented in the main text proposes a series of models in which networks are operationalized in two different manners: a scale variable for the intensity at which the respondents resort to networks to look for a job (“network-looking”); and a binary variable that indicates whether the respondents have obtained their current job through the use of networks (“network-finding”). We here add a third operationalization that relies on the distribution of foreigners in the Italian territory, hypothesizing that the co-presence of foreigners from the same country of origin in the same locality likely increases the size of the network and, thereby, the possibility for our respondents to effectively rely on them to find occupation. This hypothesis has been tested elsewhere (see notably Kalfa and Piracha 2017 for the Australian case). Using residing foreign population as an indicator of potential networks poses the question of what the right level of aggregation should be. Foreigners residing in a same small territorial unit as the respondent are arguably more likely to provide resources than foreigners residing in a larger territorial unit. For the Italian case, the municipality would therefore be the most suitable level. However, this data, despite it be provided by ISTAT (the Italian National Institute for Statistics), cannot be retrieved and connected to PLUS 2018[footnoteRef:4]. We can however rely on the province level, an administrative unit larger than the municipality but smaller than the region, and use ISTAT’s data on the distribution of foreigners in the Italian provinces. The information this yields is not exempt of drawbacks. If in larger cities the municipal and provincial levels may overlap significantly, it is not the case for smaller ones, where two municipalities across provinces may be closer to one another than two municipalities within the same province. Bearing this caveat in mind, we run model 5 and 6 (displayed in table 2 and in table A.2 below for convenience), adding a variable indicating the number of foreigners from the same country of origin residing in the same province (model 5-bis and model 6-bis; table A.2).  [4:  For privacy reasons, PLUS 2018 does not display data relating to respondents’ municipality of residence.] 

	In both cases, the added variable proves statistically insignificant with a coefficient near to zero. To test further the hypothesis of an effect of the number of foreigners from the same country of origin in the same province, we create an interaction effect with the two other definitions of networks (not reported). Here too, the coefficients are not statistically significant. 

Tab. A.2. Probit regressions, average marginal effects.
	
	M5
	
	M5-bis
	
	M6
	
	M6-bis
	

	Network-looking
	-0.0021
	
	-0.0027
	
	
	
	
	

	
	(0.003)
	
	(0.003)
	
	
	
	
	

	Age
	0.0058
	***
	0.0057
	***
	0.0053
	***
	0.005
	**

	
	(0.002)
	
	(0.002)
	
	(0.002)
	
	(0.002)
	

	Gender(male)
	-0.0639
	**
	-0.0671
	
	-0.0885
	**
	-0.0954
	**

	
	(0.027)
	
	(0.028)
	
	(0.041)
	
	(0.042)
	

	Child(ren)
	-0.0647
	*
	-0.0657
	*
	-0.0946
	**
	-0.0971
	**

	
	(0.037)
	
	(0.038)
	
	(0.041)
	
	(0.043)
	

	Area Centre
	0.0499
	
	0.0544
	
	0.0782
	*
	0.0843
	*

	
	(0.045)
	
	(0.046)
	
	(0.045)
	
	(0.046)
	

	Area South
	-0.0575
	*
	-0.0561
	*
	-0.0386
	
	-0.0397
	

	
	(0.030)
	
	(0.032)
	
	(0.053)
	
	(0.053)
	

	Major cities
	0.0389
	
	0.0405
	
	0.0317
	
	0.0299
	

	
	(0.030)
	
	(0.031)
	
	(0.039)
	
	(0.039)
	

	Father's education
	0.0997
	***
	0.1034
	***
	0.0968
	***
	0.0974
	***

	
	(0.033)
	
	(0.035)
	
	(0.035)
	
	(0.036)
	

	Work status
	0.0196
	
	0.0197
	
	
	
	
	

	
	(0.030)
	
	(0.040)
	
	
	
	
	

	Tenure
	0.000
	
	0.0002
	
	-0.0022
	
	-0.0018
	

	
	(0.003)
	
	(0.003)
	
	(0.003)
	
	(0.003)
	

	Public
	-0.1156
	**
	-0.1125
	**
	-0.0915
	
	-0.0872
	

	
	(0.052)
	
	(0.053)
	
	(0.058)
	
	(0.059)
	

	Network-finding
	
	
	
	
	-0.0739
	**
	-0.0796
	**

	
	
	
	
	
	(0.037)
	
	(0.037)
	

	Length of stay
	-0.0022
	
	-0.0021
	
	0.0016
	
	0.0016
	

	
	(0.002)
	
	(0.002)
	
	(0.003)
	
	(0.003)
	

	Origin E. Europe
	-0.0535
	
	-0.0498
	
	-0.1499
	
	-0.1434
	

	
	(0.061)
	
	(0.063)
	
	(0.093)
	
	(0.095)
	

	Origin C.S. America
	-0.0507
	
	-0.0501
	
	-0.1688
	*
	-0.1666
	*

	
	(0.065)
	
	(0.067)
	
	(0.097)
	
	(0.098)
	

	Origin Africa
	-0.0098
	
	-0.011
	
	-0.0912
	
	-0.0926
	

	
	(0.069)
	
	(0.070)
	
	(0.102)
	
	(0.104)
	

	Origin Asia Oceania
	-0.0431
	
	-0.0449
	
	-0.1687
	
	-0.1708
	

	
	(0.125)
	
	(0.128)
	
	(0.134)
	
	(0.135)
	

	Origin other
	0.0193
	
	0.0279
	
	-0.1079
	
	-0.1005
	

	
	(0.071)
	
	(0.074)
	
	(0.103)
	
	(0.104)
	

	Nb. foreigners from origin in province
	0.000
	
	
	
	0.000
	

	
	
	
	(0.000)
	
	
	
	(0.000)
	

	N
	275
	
	269
	
	172
	
	169
	


*** p < 0.01. ** p < 0.05. * p < 0.1. Robust standard errors reported in parenthesis

	
4. Method: robustness tests for causal models

Hereinafter, we provide some elements of method as well as the results of our robustness tests in order to help the reader assess the soundness of the empirical evidence presented.

4.1. Propensity score matching (PSM)

4.1.1. Propensity scores estimation

The PSM approach
The propensity score is defined as the conditional probability of receiving a treatment (being foreigner), given pre-treatment (or socio-demographic) characteristics (Rosenbaum and Rubin 1983), so that:


  	        	               (1)



where  is the indicator of exposure to treatment and X is the vector of pre-treatment characteristics. Following equation (1), observations with similar propensity scores are also similarly distributed with regard to observables and unobservables, regardless of their treatment status. This assumption holds only if the balancing property, such that  , holds too. Our tests suggest that it does (see below). 
	Once we ensured the balancing property was satisfied, we computed different estimations of the average treatment effect on the treated (ATT) to assess how much of over-education is due to the treatment. The ATT is estimated as follows:


	     (2)




where the outer expectation is over the distribution of  and and  are the potential outcomes for the two groups (foreigners and natives), representing the two counterfactual situations of treatment and no treatment. As p(X) is a continuous variable, the probability of observing two units with the same value of the propensity score is very small. We therefore resort to matching methods in order to associate observations in the treatment group with observations in the control group. These methods are: nearest neighbour, Kernel matching and radius matching (with radius size = 0.1). Reported standard errors are bootstrapped standard errors, 50 repetitions, or robust standard errors, as reported in the main text. All matching results presented below are realized on overlapping subsamples, in accordance with the common support condition.
	The effect of network is subsequently estimated through probit regressions with the observations weighted by their propensity scores.

Results of the estimation
The calculation of propensity scores yields sound results that may be assessed through comparison between foreigners’ and natives’ scores. Figure A.2 shows a rather homogeneous distribution of the propensity scores between the two groups, thus guaranteeing the accuracy of matching methods as comparison can be restricted to common support (see main text).


Fig. A.2. Density histograms of the propensity scores for foreigners and natives.
[image: ]

The covariates we use to calculate the propensity scores are mostly selected based on their theoretical relevance (see main text). However, we also test how each of them contributes to predicting the probability that each of our observation falls into the category “foreigner”. We apply the statistical significance method (Heckman et al. 1998) and start with a model with few covariates (namely, gender and age). We then add variables one by one and see whether their coefficients are statistically significant. Table A.3 below reports the coefficients of the final model in a single table, for ease of reading. Following the statistical significance method, most of our variables are significant at the 99% level, except for some of the dummy variables relating to the size of the city and for the dichotomous variable on being employed. Given the theoretical importance of the dichotomous variable on being employed, we decide to keep it in the model. Regarding city size, since changing the reference category of the dummy variables changes significance models, we also decide to keep them. We however test whether eliminating them changes the results of the matching analyses. 
















Tab. A.3. Result of the logistic regression for the determination of the propensity scores
	DV: Foreign citizen
	Coeff.
	Sig.

	Gender
	-0.186
	***

	
	(0.045)
	

	Child(ren)
	0.372
	***

	
	(0.052)
	

	Public secotr
	0.22
	***

	
	(0.056)
	

	Area North
	0.299
	***

	
	(0.052)
	

	Area Centre
	0.23
	***

	
	(0.061)
	

	Age
	-0.014
	***

	
	(0.002)
	

	City size 2
	-0.145
	**

	
	(0.058)
	

	City size 3
	-0.075
	

	
	(0.067)
	

	City size 4
	-0.073
	

	
	(0.066)
	

	City size 5
	0.035
	

	
	(0.066)
	

	Education 3
	-0.487
	***

	
	(0.165)
	

	Education 4
	-0.582
	***

	
	(0.162)
	

	Education 5
	-0.675
	***

	
	(0.167)
	

	Education 6
	-0.708
	***

	
	(0.197)
	

	Fath. Education
	0.354
	***

	
	(0.046)
	

	Employed
	0.015
	

	
	(0.067)
	

	Unemployed
	0.219
	***

	
	(0.074)
	

	Constant
	-1.874
	***

	
	(0.235)
	


*** p < 0.01. ** p < 0.05. * p < 0.1. Standard errors in parenthesis.


As can be seen from table A.4 below, retaining only the variable that significantly contribute to determining the propensity scores does not change the coefficients much (the coefficients reported below should be compared to those presented in table 4 in the main text). Namely, the coefficients in the first and penultimate column for foreign citizen appear to have slightly changed: the former passed from 0.12 to 0.112, while the latter passed from 0.114 to 0.123. Resultantly, the model resulting from the statistical significance method is not significantly different from the model for which variables were chosen on the basis of their theoretical importance. 
Tab. A.4. Estimation of the average effect on the treated (ATT) of being a foreigner: logistic, nearest neighbour, Kernel and radius matching estimations.
	DV: over-education
	Probit M1xx
	

	Nearest neighbourx
	Kernel matchingx
	Radius matchingx (0.1)
	Probit M2xx
	Probit M3xx

	Foreign citizen
	0.112
	***
	0.087
	***
	0.060
	***
	0.117
	***
	0.123
	***
	0.126
	***

	
	(0.024)
	
	(0.024)
	
	(0.020)
	
	(0.024)
	
	(0.029)
	
	(0.036)
	

	Network-looking
	
	
	
	
	
	
	
	-0.002
	
	
	

	
	
	
	
	
	
	
	
	
	(0.003)
	
	
	

	Network-finding
	
	
	
	
	
	
	
	
	
	-0.075
	**

	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	(0.034)
	 


x : bootstrap std.err., 50 reps. xx : robust std. err. *** p < 0.01. ** p < 0.05. * p < 0.1.



4.1.2. Matching quality

The quality of matching exercises depends on the validity of the balancing property; that is, whether the propensity scores help reduce the bias between our two groups. Our tests suggest that the balancing property is met. Figure A.3 and table A.5 show a significant bias correction from the unmatched to the matched sample, variable per variable, thus suggesting that the propensity score does a good job at balancing observations across variables by significantly reducing the bias present in the sample. 


Fig. A.3. Propensity scores’ bias correction after matching (%).
[image: C:\Users\p.vanvolleghem\Dropbox\Pierre\INAPP\Migrants mismatch\without west europeans\Appendix fig 2.tif]
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Tab. A.5. Balancing property for the matched and unmatched samples and bias correction.
	
	Matching status
	Mean
	Bias

	Variable
	 
	Treated 
	Control
	%bias
	% reduction bias

	Gender
	Unmatched
	0.309
	0.443
	-27.8
	

	
	Matched
	0.309
	0.290
	4.0
	85.6

	Child(ren)
	Unmatched
	0.681
	0.590
	19.0
	 

	
	Matched
	0.681
	0.681
	0.0
	100.0

	Public sector
	Unmatched
	1.859
	1.735
	31.0
	 

	
	Matched
	1.859
	1.849
	2.4
	92.2

	Area North
	Unmatched
	0.576
	0.468
	21.7
	 

	
	Matched
	0.576
	0.571
	1.0
	95.6

	Area Centre
	Unmatched
	0.235
	0.212
	5.6
	 

	
	Matched
	0.235
	0.228
	1.7
	69.4

	Age
	Unmatched
	41.94
	45.462
	-11.1
	 

	
	Matched
	41.94
	41.815
	-2.1
	80.7

	City size 2
	Unmatched
	0.254
	0.304
	-8.2
	 

	
	Matched
	0.254
	0.264
	3.5
	57.8

	City size 3
	Unmatched
	0.156
	0.167
	-3.0
	 

	
	Matched
	0.156
	0.134
	5.9
	-93.5

	City size 4
	Unmatched
	0.170
	0.183
	-3.4
	 

	
	Matched
	0.170
	0.151
	5.0
	-49.0

	City size 5
	Unmatched
	0.194
	0.149
	12.1
	 

	
	Matched
	0.194
	0.240
	-12.1
	-0.2

	Education 3
	Unmatched
	0.161
	0.152
	2.3
	 

	
	Matched
	0.161
	0.122
	10.6
	-365.0

	Education 4
	Unmatched
	0.496
	0.485
	2.3
	 

	
	Matched
	0.496
	0.559
	-12.5
	-433.5

	Education 5
	Unmatched
	0.290
	0.314
	-5.2
	 

	
	Matched
	0.290
	0.276
	3.1
	39.6

	Education 6
	Unmatched
	0.031
	0.040
	-4.8
	 

	
	Matched
	0.031
	0.029
	1.6
	73.0

	Fath. Education
	Unmatched
	0.518
	0.335
	37.5
	 

	
	Matched
	0.518
	0.552
	-6.9
	81.6

	Employed
	Unmatched
	0.628
	0.709
	-17.2
	 

	
	Matched
	0.628
	  0.693
	-13.8
	20.0

	Unemployed
	Unmatched
	0.245
	0.172
	17.9
	 

	
	Matched
	0.245
	0.199
	11.3
	37.1





4.2.  Inverse-probability treatment weighting (IPW)

The IPW approach
IPW aims to correct selection bias through attributing each observation a weight inversely proportional to its probability of selection. We calculate observations’ weights according to their propensity to fall into any of our three categories. We estimate a multinomial logistic model to calculate our observations’ weights according to their propensity to fall into any of our three categories. The propensity to fall into any of the three groups is calculated considering natives as the control group such that:


					(3)

Where t is the treatment variable assuming the values 0 for natives, 1 for foreigners who grew up abroad and 2 for foreigners who grew up in Italy. Like for PSM, X is a vector of observables used to calculate the probability of falling into any of our three groups. Following Feng et al. (2011), the effect on the treated is calculated as follows:

			(4)

Where ATTt1,t2  is the average treatment effect on the treated for those receiving t1, Yi  is the outcome, t the treatment and Ti  the treatment assignment. The estimand assesses the effect of the treatments through pairwise comparison. Pairwise ATT is transitive, so that:

 			(5)

Accordingly, the average effect on the treated if treatment = 1 is equal to equation (4) where:



And 						(6)



Where I(Ti = ti) is the indicator for an individual receiving treatment ti and r(ti,Xi) is the propensity score such that r(ti,Xi) = Pr(ti | X). The model implemented displays satisfying overlap between the three statuses possible (see appendix). Reported standard errors are White-Huber standard errors.
We finally provide estimates of the effect of informal networks onto over-education with the use of probit regression models, which account for the inverse-probability weights calculated prior. 

Results of the estimation
[bookmark: _Hlk85483510]With regard to IPW, the conditions for its validity are chiefly two: the size of the weights; and their overlap. Weights that assume extreme values generate erratic causal estimates, an issue that increases with the number of treatments. In our case, there is a limited number of treatments (three treatment statuses) and our weights, despite being close to 1 (table A.4), are fairly concentrated in the same area between the three groups. 


Tab. A.6. Summary statistics of propensity scores.
	Variable
	Obs.
	Mean
	Std. Dev.
	Min
	Max

	Propensity score
	36,912
	0.9858
	0.0120
	0.8619
	0.9986






5. The definition of second-generation migrants and competing specifications

Scholarship thus far has not settled on a clear definition of second-generation migrants (Schneider 2016). Some approaches, which can be deemed the most rigid ones, particularly applied in demography, have considered being born in the country of residence to foreign parents. Differently, other studies, notably in sociology, consider that being raised in the country of residence to foreign parents is a suitable definition of second generation, for that the offspring of migrants receive their education in the country of residence, are socialized in the country and speak its language. In accordance with this second strand, our working definition of second-generation migrants considers having prevalently grown up in the country of residence (and born to foreign parents). However, an alternative definition could be considered; one that places emphasis on the age at which the respondent arrived in the country of residence. This notably reduces the scope covered by the previous definition (which covers the period from 0 to 18 years old in our respondents’ lives) and places more emphasis on the respondents’ young-age development and primary school attendance. Not that such a definition presents limitations as it tends to consider migration processes as static phenomena; i.e. once one arrives in Italy, one stays there continuously. Studies pertaining to transnationalism and transnational family have shown that this is not necessarily the case. Children of migrants may be sent back to their country of origin for significant periods of time, which sometimes cover the entirety of their primary school years (see for instance Smith 2007; Arthur 2008; Whitehouse 2009). 
If the two definitions presented in the previous paragraph are competing in theory, they appear to overlap significantly in the empirical world. Namely, 93% of our foreign respondents who grew up abroad arrived in Italy when they were older than 12. Conversely, 75.3% of our foreign respondents who prevalently grew up in Italy arrived in the country when they were 12 or younger (75.3%). The discrepancies between the two definitions however justifies we test the second definition too. We therefore set 12 years old as a cut-off point, which is roughly the age at which secondary school starts. Respondents who arrived after 12 years old are categorized as migrants whilst those who arrived at 12 years old or younger are categorized as second-generation migrants. Table A.5 below compares the results we obtain in table 5 of the main text; i.e. with second-generations being defined as prevalently growing up in Italy, with the results we obtain with the definition introduced above.


Tab. A.7. Estimation of the average effect of migration and migration background: multinomial logistic estimation. Two definitions compared.
	Average treatment effect on the treated
DV: over-education
	Coefficients presented in the main textx
	Coefficients for definition in appendix

	Migrated vs. natives
	0.0827
	***
	0.0791
	***

	
	(0.014)
	
	(0.013)
	

	Migration background vs. natives
	0.0334
	
	0.0367
	

	
	(0.055)
	
	(0 .035)
	

	Migrated vs. migration background
	0.1965
	***
	0.1254
	***

	 
	(0.061)
	 
	(0.045)
	


x : robust std. err. *** p < 0.01. ** p < 0.05. * p < 0.1.


The results presented with the second definition do not seem to contrast those obtained with the first. The statistical significance of our coefficients is unchanged but their magnitudes appear to vary. With the second definition, migrants are 7.9 percentage-points (p.p.) more likely to be over-educated than natives whilst they were 8.3 p.p. more likely so with the first definition. More importantly, the difference appears to be greater if we compare migrants to second generations: they were about 20 p.p. more likely to be over-educated in the first model; 13 p.p. in the second. The direction of the effect however remains the same. Considering these differences, we run the other analyses presented in the main text on the use of networks with the newly defined subgroups. Table A.6 reports the results. There appears to be some difference both in terms of statistical significance and coefficient magnitude. There is however little difference with respect to the use of networks. With the second definition, finding a job through the use of networks appears to be significant at the 90% level; which is not very high.

Tab. A.8. Estimation of the effect of informal networks. Logistic regression with inverse probability weighting, average marginal effects. Two definitions compared.
	
	Prevalently grew in Italy
	Arrival in Italy at age (12 yo as cutoff)

	Average treatment effect on the treated
DV: over-education
	Probit M1x
	Probit M2x
	Probit M1x
	Probit M2x

	Migrated
	0.0804
	*
	0.0775
	
	0.1004
	**
	0. .1069
	*

	
	(0.047)
	
	(0.032)
	
	(0.046)
	
	(0.057)
	

	Grew up in IT
	-0.0261
	
	-0.0283
	
	-0.0403
	
	-0.0438
	

	
	(0.041)
	
	(0.049)
	
	(0.040)
	
	(0.046)
	

	Network-looking
	-0.0036
	
	
	
	-0.0040
	
	
	

	
	(0.004)
	
	
	
	(0.004)
	
	
	

	Network-finding
	
	
	-0.0781
	
	
	
	-.0887
	*

	 
	 
	 
	(0.053)
	 
	
	
	(0.051)
	


x : robust std. err. *** p < 0.01. ** p < 0.05. * p < 0.1.


Finally, we reproduce the interactions presented in the main text to see if the effect of the use of networks varies between groups. The interactions are not significantly different from that presented in the main text and are therefore not reported here. 
	All in all, the two approaches to defining second-generation migrants yield very similar results. If the two approaches are empirically comparable, we consider the one presented in the main text as theoretically better anchored (for the reasons explained above), hence its featuring in the main text as our main approach.
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