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ABSTRACT OF THE DISSERTATION

The present dissertation consists of three main chapters of self-contained works about in-
ternational human migration and migrant’s integration in the host society. The first chapter
introduces the general outline of the dissertation and briefly explains the research questions

explored in each chapter.

The second chapter studies the effect of migration networks and long-term cultural dis-
tance on migration flows. The main research question is whether the diaspora effect on
migration flows is larger when the cultural distance between the country of origin and des-
tination is large. We use an unbalanced panel database of bilateral migration flows data
from 1960 to 2009 for about 175 sending countries to 32 destination countries. We proxy
long-term cultural distance using ancestral distance, also called genetic distance. Based on
the micro-founded gravity model for migration, we estimate the interaction between the di-
aspora size and ancestral distance using the Poisson Pseudo Maximum Likelihood (Santos
Silva & Tenreyro, 2006). We find evidence of a positive and significant interaction effect
between the network effect and ancestral distance on international migration flows, however,

this effect is small once we control for omitted unobserved determinants of migration flows.

The third chapter studies the educational performance of the children of migrants in
the United States of America. It pushes forward the hypothesis that misalignment between
expectations and aspirations crucially affects the educational outcomes of immigrant young
adults. It shows that the difference in school performance between migrant children and na-
tives lies within the aspirations and expectations that migrant children form. This chapter
uses the National Longitudinal Study of Adolescent to Adult Health (Add Health), a longitu-

dinal database representative of American high schools that surveys adolescents between the



grades 7-12 collected by the Carolina Population Center. The chapter shows that a positive
difference between aspirations and expectations is a driving force for higher effort and better
education outcomes of immigrant teenagers. This force resolves the well-known immigrant
paradox. This result is specific to migrant children and does not hold for second-generation
migrant pupils who appear quite acculturated to the USA context.

In the fourth chapter, the relationship between financial aid and foreign education at the
postgraduate level is evaluated. I use a sample of Colombian graduates who applied to a
financial aid program that sponsors the completion of master’s degrees abroad. It studies the
case of a Scholarship-Loan program provided by the Colfuturo Foundation and the Admin-
istrative Department of Science, Technology, and Innovation (Colciencias). Students with
an undergraduate degree can apply to receipt a fund of 50000 dollars to finance their post-
graduate studies in any country in the world, with the condition to come back to Columbia.
The characteristics of the selection process of the program allow the implementation of a
Regression Discontinuity Design (RDD) to estimate the causal effect of the scholarship-
loan program on the probability of completing studies abroad. Given Colfuturo’s selection
process, the assignment of the fund is expected to be distributed quasi-randomly for the
applicants around the vicinity of a cut-off point. This methodology allows for the estimation
of the local average treatment effect (LATE) of the program. I employ the administrative
records from the scholarship provider combined with internet sources. The results show that
the scholarship-loan program is an effective tool to increase the probability of completing
studies abroad by approximately 30 percentage points. The results are extremely robust

across estimation methods.
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CHAPTER 1

INTRODUCTION

Human migration is not a new phenomenon. The movement from one place to another
different from the habitual place of residence is inherent to human beings. Despite being
such a natural process, it still ignites political debates and concerns among voters in every
country. Many questions arise when we think about migrants from another country, region,
or city. Will migrants occupy all the jobs? Will migrants deplete welfare budgets? Are
migrants criminals? Will migrants and their children integrate into their host societies?
Will migrants’ values dilute "our” values? The literature on the economics of international
human migration has dedicated many pages to solving these questions using the scientific
method. This thesis will not cover all these questions, however, it does center on the analysis
of specific myths behind the determinants of the international movement of people and the

integration of migrants.

Will more culturally distant migrants arrive at higher rates than less culturally distant
ones? are the pre-existing stock of migrants contributing to it? These questions are ad-
dressed in chapter 2 of this thesis. Following Paul Collier, who raised this concern in his
book on international migration (Collier, 2013), chapter 2 submits these questions to a test
using quantitative methods. Cultural differences between destination and origin countries
deter people from moving abroad (Adsera and Pytlikové, 2015; Belot and Ederveen, 2012).
The results presented in chapter 2 confirm that long-term cultural distance, measured using
ancestral distance, is associated with lower bilateral migration flows. These cultural differ-

ences could affect greatly the integration process of migrants in the host countries. However,



19

pre-existing migrants from the same origin country could make this process easier. In fact,
chapter 2 affirms that the pre-existing stock of migrants from further cultural distant coun-
tries attract future inflows to a greater extend when compared to the effects of pre-existing
stock of migrants from less cultural distant countries. While this effect is statistically signif-
icant, its magnitude is rather small after taking into consideration unobserved determinants

of international migration flows.

Chapter 3 focuses on the integration of the children of immigrants in the school. Will
migrant children fall behind in school? Literature in this subject is vast and it suggests that
on average, migrant children perform worse at school when compared to natives (Sweetman
and van Ours, 2014; Dustmann et al., 2012). However, in the US and other English-speaking
countries, it is the opposite. Migrant children seem to be over-performing when compared
to their peers (Palacios et al., 2008; Feliciano and Lanuza, 2017). This paradox is addressed
in the third chapter of this thesis. This chapter raises the idea that aspirations and expec-
tations formed by the children of migrants during their early teenage years determine their
school outcomes and the discrepancies in performance when compared to their native peers.
Moreover, it shows a positive association between the misalignment in aspirations and ex-
pectations and the difference in school GPA between migrant teens and native peers. This
difference in the high school GPA between migrant and native teenagers is negligible after
controlling for an extensive set of variables that relates to the student, the family, and the
school. For teens who do not display such misalignment, there is no statistically significant

difference in their GPA compared to their peers.

Chapter 4 concentrates on a particular group of migrants: international students. It
studies how financial aspects influence the probability of moving abroad to complete higher

education at the master’s level. This chapter implements a Regression Discontinuity Design
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(RDD) to casually estimate the impact of a financial aid program on studying abroad. The
present paper contributes to the literature related to the determinants of studying abroad by
accounting for selection bias as a result of self-selection into financial aid. The results confirm
that being a recipient of Colfuturo’s financial help increased the probability of studying
abroad at the postgraduate level by 30 percentage points approximately. Nearly 98% of the
students in the sample who are eligible for the financial aid move abroad to study compared
to 63.4 % who were not eligible to the program. This chapter discusses how easing cost

barriers can encourage the movement of young professionals to study in foreign countries.

One of the major challenges in migration research is the availability of high-frequency data
that tracks people’s mobility. To estimate the inflow of international migrants, the literature
traditionally employs the difference in the stock of immigrants from one census period to the
other. However, this method measures immigration inflows with some error (Beine et al.,
2010a). In chapters 2 and 4 of this thesis, alternative data sources are used. The second
chapter makes use of migrations inflows obtained from population registries, border statistics,
and/or permits (residence/work) instead of changes in the stock of migrants. Results in
chapter 2 show that using these alternative information sources leads to similar estimates
of the network effect on international migration flows than when using the differences in

migration stocks.

In chapter 4, internet sources and administrative records are used to track international
students. While internet resources have not been widely employed to investigate international
students, the use of these digital sources of information to track migrants started to emerge.
For example, recent literature has used phone call detail records (CDR) to estimate internal
migration trends and forced displacement (Blumenstock, 2012; Zealand, 2012; Wilson et al.,

2016; Lu et al., 2016; Fiorio et al., 2017; Beine et al., 2021). For example, 1.9 million SIM
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cards were used to track trends in population movements in Haiti during the 2010 earthquake
(Bengtsson et al., 2011). Another strand of literature exploits digital media to understand
patterns of migration. For example, using a large extract of Yahoo! e-mails and user’s IP
addresses, Zagheni and Weber (2012) estimate international migration rates. In a similar
fashion, State et al. (2014) estimate trends in international migration of high skilled workers
using data retrieved from LinkedIn. Zagheni et al. (2014) use Twitter user’s location to
infer international and internal migration patterns. While these alternative sources are also
subject to measurement error, they complement traditional estimates and can potentially
provide interesting insights about the direction of flows and new patterns of migration.!

To resume, this dissertation consists of three empirical studies that can be read inde-
pendently. Each chapter addresses a research question, contains a specific literature review,
methodology, empirical results, conclusions, and discussion of the results. As a summary:
first, this thesis estimates the joint effects of the pre-existing stocks of migrant and ancestral
distance to predict migration inflows. Second, it studies the children of migrants in the
United States of America, their performance in high school when compared to the children
of natives, and the role of educational aspirations and expectations as determinant factors
behind their educational performance. Third, it examines international students and the

role of financial aid on the successful completion of higher education abroad.

'Data coming from social media could suffer from selection bias problems since it might under-represent
certain age groups or populations that do not use social media. Unlike CDR, people can be traced if they move
across international borders. CD data might not be suitable to estimate international movement patterns
since roaming could be a very expensive service for the average migrant. Another caveat of using mobile
phone records is that it also under-represents the total movements since some population groups like the very
poor, children or elderly adults who might not own a phone, or provinces that have low mobile phone use
or low coverage network. Moreover, the records contain deficient information about the socio-demographic
characteristics of the user, making it difficult to understand the potential selection of the bias.
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CHAPTER 2
MIGRATION DIASPORAS AND LONG-TERM CULTURAL DISTANCE:
TESTING THE COLLIER’S HYPOTHESIS

This paper is a joint work with Prof. Dr. Michel Beine and Prof. Dr. Frédéric

Docquier

2.1 Introduction

While the movement of people has been the missing ingredient of globalization in the
Twentieth-Century, the increase in the magnitude of migration flows across countries has
expanded the interest from policymakers regarding the composition and characteristics of
migrants. With more people wishing to cross borders, there has been rising pressure from
voters in many countries to introduce more restrictive or selective immigration policies. Un-
derstanding international migration patterns has become a crucial component for designing
consistent and sound management of foreign immigrants. The identification of key factors
influencing the mobility of people across countries and quantifying the most important effects
of migration flows are necessary steps to take before designing any policy of that kind.
Many factors have been found to favor the attractiveness of specific destinations for
potential migrants, and therefore to raise migration between countries. Among these fac-
tors, the existence of migrants communities (migrant networks) at the destination country
is among the most important ones. The presence of people originating from one’s country or
region increases, in an unambiguous way, the probability that a potential migrant will choose

that destination. It also raises the likelihood that this migrant will be in that location, con-
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ditional on this choice. The so-called network effect generates important dynamic patterns
in the mobility process of people. While no one questions its existence nowadays, there is

still a lot of debate about its quantification and the factors that influence its magnitude.

This paper addresses this question in a specific way. We look at whether the network
effect varies with the cultural distance between the origin country of the migrant and the
destination. This question was first raised by Paul Collier in his book on international
migration (Collier, 2013). One central thesis described in the book argues that the network
effect is higher for migrants coming from more culturally distant countries. This question
goes beyond intellectual or academic curiosity. If this idea is confirmed, it implies that for a
given size of the diaspora, one particular country will attract more migrants from countries
culturally different with respect to the native population. In turn, following Collier (2013)
at least, this cultural diversity could have long-run adverse consequences in the destinations
countries.! With the exception of Collier and Hoeffler (2018), this conjecture has not been
evaluated in empirical work. We test it using new data on gross migration flows and long-
term cultural distance and some state-of-the-art econometric techniques suited to deal with

this type of data.

An essential issue in this empirical task is the choice of particular measures of the cul-
tural distance across countries. While some attempts have been made to capture cultural

divergence, traditional measures based on religion or language are also simultaneously de-

"'We do not address in this chapter the second part of Collier’s argument. While the first conjecture is
already to some extent contentious, the second part of the global argument is even more so. Research in
this subject must overcome critical technical issues regarding migrants’ self-selection. For example, Docquier
et al. (2020) show that those who intend to emigrate display different attitudes and values when compared
to the overall population in the origin country. Moreover, migrants tend to select countries that display
high productivity translated into wages and GDP growth. Therefore, estimating the effect of the cultural
diversity in the destination societies is not a simple task. Nevertheless, some studies have found an overall
positive effect of diversity in economic growth after taking into account potential endogeneity. See Docquier
et al. (2019) for a comprehensive literature review.
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termined by migration patterns. For instance, the linguistic distance between the US and
Mexico has been reduced with the extensive immigration of Mexicans to the US. Transfer of
norms or adoption of new ones can influence religious practice, both in origin and destina-
tion countries, influencing the cultural distance itself. To deal with such an issue, we proxy
cultural distance with ancestral distance or genetic distance, taking benefit of the recent
work of Spolaore and Wacziarg (2009) and Spolaore and Wacziarg (2018). Geneticists use
the frequencies of alleles of neutral genes to study genetic relatedness between populations.
Similar to genes, cultural values are also transmitted from generation to generation (Rich-
erson and Boyd, 2008; Bisin and Verdier, 2001). The positive and significant correlation
between ancestral distance and cultural distance has been confirmed by Desmet et al. (2011)
and Spolaore and Wacziarg (2016). Moreover, ancestral distance is an important factor that
explains the development gap and the transmission of technological knowledge across coun-
tries (Spolaore and Wacziarg, 2009). We relate these measures with data on migration flows
and stocks that are the central ingredients of the econometric specification of the network

effect.

In order to confirm whether the network effect varies with the cultural distance between
the origin country of the migrant and the destination, we estimate the interaction between
these determinants. For this task, we estimate a gravity model to explain international mi-
gration inflows using the Poisson Pseudo Maximum Likelihood (PPML) estimator elaborated
by Santos Silva & Tenreyro (2006). We find empirical evidence of a moderate interaction
effect between ancestral distance and migrant networks. In summary, the elasticity effect of
migrant networks is 0.8 when the migrants come from the farthest ancestral distant country
with respect to the destination. In contrast, the elasticity effect of migration networks is 0.6

when the ancestral distance between the destination and origin countries is zero. Neverthe-
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less, while it is statistically significant, the effect remains very moderate and of second order
with respect to other factors such as migration policies.

Addressing the omitted variable bias in this type of estimation is a key element in un-
derstanding ancestral distance’s role in the network effect. To account for the existence of
potential omitted variable bias, we employ the use of dyadic fixed effects, as well as the
instrumental variable approach. After controlling for omitted confounders, we found that
the impact of ancestral distance on the network effect is statistically significant but small
in magnitude. In addition, we test the robustness of the results to alternative measures of
ancestral distance and potential measurement error in migration stocks.

The paper is organized as follows. Section 2 provides a selective review of the literature
connected to our paper. In particular, we review some work on the network effect in interna-
tional migration as well as the literature studying culture-related distance as a determinant
of immigration flows. Section 3 sets up our empirical framework and presents the data used
in our econometric analysis. Section 4 presents the main results and the robustness checks.

Section 5 concludes.

2.2 Selected literature review

Our paper is related to two important strands of the economic literature on international
migration. The first strand studies the effect of diaspora networks on international migration
flows. This effect has been coined in the literature as the "network or the diaspora effect”
in international migration. A rich body of literature has shown the importance of migrant
networks to explain the size and the direction of international migration flows. While some
studies focus on particular corridors, such as the Mexican migration to the US (Massey and

Espinosa, 1997; Winters et al., 2001; Munshi, 2003; Garip and Asad, 2016; Mahajan and
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Yang, 2017; McKenzie and Rapoport, 2010); others have analyzed the effect of migration
networks in cross-country studies (Beine et al., 2011, 2015; Docquier et al., 2014; Bertoli and

Fernandez-Huertas-Moraga, 2012, 2015).

The majority of cross-country studies have found a positive and significant relationship
between migrant networks and subsequent migratory flows. Migration networks are proxied
in these studies using the stock of migrants from the origin country in each destination. For
instance, Pedersen et al. (2008) have used yearly migration inflows to study the determinants
of international migration. The authors gathered data on bilateral migration flows and stocks
from statistical bureaus for 27 selected OECD destination countries during the period 1989-
2000. Moreover, Beine et al. (2011, 2015) and Beine (2016) use the variations in stocks to
proxy migration flows to study the effect of networks on their magnitude as well on the
skill selection in migratory flows. The estimated elasticities show remarkable convergence
in terms of point estimates across studies. These elasticities range between 0.45 and 0.6 for
the skilled immigrants and between 0.6 and 0.8 for the unskilled ones. Also, Pedersen et al.
(2008) estimated an elasticity of 0.59, which is fully consistent within these ranges.?

The observed network effects can be rationalized along with two different economic ef-
fects. The first one is the so-called assimilation effect. These networks consist of a set of

interpersonal ties (kinship, friends, and shared communities) that affect the migration pro-

2While this positive relationship is consistent across studies, few of them have accounted for the endogene-
ity problem that arises in the estimation of network effects as argued by Manski (1993) and Munshi (2016).
Previous migration networks and subsequent migrant flows are both determined by the same underlining
factors, with many of them unobserved by the researcher. The endogeneity problem caused by the omission
of unobserved variables has been dealt with in the literature using the instrumental variable approach. For
example, Beine et al. (2011) use as instrumental variables the guest worker agreements in the 1960s and the
1970s, and a variable capturing the unobserved diaspora in the 1960s through a combination of push factors
at origin, size, and openness to migration at the destination, and between the origin and destination country.
Similarly, Bertoli and Ferndndez-Huertas-Moraga (2012) used migration stocks in 1960 as an instrumental
variable for migration stocks in 1990. Both papers have found that the existence of migration networks
within a country does, in fact, casually explain the future flows of migrants from the same origin.
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cess by diminishing movement costs and risks. For example, migrants who settled earlier in
the destination country may act as a provider of information, capital, and other resources
to potential newcomers. At the destination, they can supply direct assistance to recent mi-
grants in terms of housing, food, transport, credit; or serve in the adaptation process by
providing psychological and social support.® Related to that, it has also been shown that
the size of the network at the destination is related to higher employment probability and
better-paid jobs at destination (Munshi, 2003).

The second crucial economic channel driving the network effect is family reunification.
In most countries, kinship relationships allow to overcome the legal hurdles set by immigra-
tion policies. Family migration is an important alternative channel to economic migration,
especially for potential migrants who do not fall within the visa policies. Unsurprisingly,
the legal channel turns out to be more prevalent for unskilled immigrants, both in terms of
magnitude and in terms of the share of the global network effect. Using immigration data
in the US at the metropolitan level, Beine et al. (2015) find that the legal channel explains
about 25% of the network effect for skilled migrants. At the same time, it can represent up
to 50% for unskilled migrants coming from developing countries.

The second strand of literature focuses in the role of culture and language on migration
decisions. The differences in culture and language between destination and origin countries
might hinder the migrants’ capacity to transfer their skills and abilities while decreasing their
expected income (Dustmann and Glitz, 2011). If migrants internalize this effect, it might
lead them to choose destinations culturally closer to their own in order to mitigate these

disadvantages. The above has been argued by studies such as Adsera and Pytlikovd (2015).

3Comola and Mendola (2015) provides evidence of two specific assimilation effects. Giulietti et al. (2018)
provide evidence on weak and strong ties. Bertoli and Ruyssen (2018) confirm the existence of strong
assimilation effects by showing the strong effect of personal foreign connection on intended migration in the
Gallup World Poll survey.
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The authors show how emigration rates are higher among countries that share similarities in
their languages. In other words, country pairs with higher linguistic distances will have lower
migration flows between each other. Other studies have used religious proximity as a proxy
for cultural distance. For instance, Belot and Ederveen (2012) use religious distance and
measures of cultural distance from the World Values Survey to argue that cultural differences

have a negative effect on international migration flows across 22 OECD countries.

While differences in culture might create barriers to migration, the existence of a large
community of established migrants with a similar language and culture at the destination
might mitigate the adaptation costs associated with migration, encouraging others from the
same origin to move abroad. It might be that the mitigation effect of the migrant network
is stronger at high levels of cultural distance between the country of origin and destina-
tion. Therefore, both cultural distance and the network of migrants explain migration flows
jointly. Collier (2013) conjectures that the network effect is higher for migrants coming from
more culturally distant countries. In subsequent work, Collier and Hoeffler (2018) provide
empirical support to this hypothesis. While this hypothesis is an interesting intellectual and
academic curiosity, if this is confirmed, it might also raise important questions and concerns
for destination countries. For instance, large diasporas might encourage migrants to remain
enclosed within their ethnic enclaves at the destination while keeping solid connections with
their co-national at the origin. The above could hinder migrants’ assimilation process in
the host countries, especially for those coming from more distant cultures. Moreover, there
could be unintended consequences for the host countries’ institutions due to the presence of
migrants from culturally far origins. The study of these potential consequences goes beyond

the scope of this paper.
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2.3 Data and descriptive statistics

2.3.1 Long-term cultural distance proxied by ancestral distance

In order to study how the network effect in international migration varies with cultural
distance, we use the information on ancestral distance as a proxy of long-term cultural
distance. The use of this variable relies on the fact that after the prehistoric movement of
Homo sapiens out of Africa, human populations have dispersed spatially over the earth. The
above forced human tribes to diverge genetically and culturally over time and across space.
During that process, random gene mutations were likely to occur. These mutations in genes
are transmitted from parent to child. Similarly, cultural attitudes are also transmitted from
generation to generation through imitation, cultivation, instruction, and other types of social
transmission (Richerson and Boyd, 2008; Bisin and Verdier, 2001). Hence, a large ancestral
distance between two populations reflects not only how two populations have separated
from the same Homo species but also how they have diverged in terms of intergenerationally

transmitted attributes such as cultural values, norms, habits, and beliefs.

The correlation between ancestral distance and cultural distance has been studied by
Desmet et al. (2011) and Spolaore and Wacziarg (2016). Desmet et al. (2011), compare
genetic distance with cultural distances measured from the World Value Survey (WVS). The
authors find a positive and significant correlation between genetic and cultural distance after
controlling for geographic and linguistic distance. Similarly, Spolaore and Wacziarg (2016)
confirms that ancestral distance measures are positively correlated with linguistic, religious
distance and the diversity in values and norms across countries expressed in the WVS. The
authors emphasize that ancestral distance is an aggregate measure of the different dimensions

of cultural distance. Nevertheless, it should be that ancestral distance describes a long-term
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cultural distance and does not capture current changes in cultural values, norms, or habits.

To measure ancestral distance, geneticists calculate the variation in allele frequency be-
tween populations. According to the Encyclopaedia Britannica, an allele is a variation of a
particular gene. Every gene resides in a specific loci or location in the chromosome in two
copies. Each copy corresponds to information inherited from each parent. While most genes
are the same within a species, some of them have different forms. These are known as alleles.
A gene can have different alleles within a species due to small mutations that occur as a
consequence of natural selection or random drift. Geneticists use the frequencies of alleles
of neutral genes that change randomly over time to study genetic relatedness between pop-
ulations. If the frequency of all alleles is identical between two communities, the measure of
ancestral distance will be equal to zero, meaning that the two populations are genealogically
related (Cavalli-Sforza et al., 1994). On the contrary, the larger the ancestral distance is,

the more time has passed since the two populations shared a communal ancestor.

Ancestral distance measures have been used before in economic literature. For exam-
ple, Spolaore and Wacziarg (2009) study the effect of ancestral distance on the diffusion of
economic development using genetic data calculated by Cavalli-Sforza et al. (1994). Cavalli-
Sforza et al. (1994) employed classic genetic markers from 42 populations worldwide and 120
loci. Recently, Spolaore and Wacziarg (2018) updated their results using new data on human
genome microsatellite variation to measure the relatedness between societies. The authors
match genetic data by ethnicities from Pemberton et al. (2013) to countries using ethnic
composition data from Alesina et al. (2003). The new data collected by Pemberton et al.
(2013) improves on the original as it provides comprehensive coverage of the 267 populations
from 645 microsatellites loci. This version allows for a better match between population and

ethnic groups, especially those located in Asia and Africa (Spolaore and Wacziarg, 2018).
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Since most countries are typically inhabited by different ethnic groups, Spolaore and
Wacziarg (2018) calculated two indicators of genetic distance. The first one, called ” Ancestral
distance, dominant”, is the distance between the ethnic groups with the largest share in the
population of each country. The second one, coined ” Ancestral distance, weighted”, is a
weighted measure of genetic distance that includes all ethnic populations within a country.
These two measures of genetic distance show a correlation coefficient of 0.91. However,
the values differ for those countries with large genetic admixtures. We make use of the
new weighted ancestral distance measure in our benchmark results since it captures the
ethnic composition within origin countries. This could be important for origins with large
ethnic diversity. Moreover, we consider that the quality of information is superior in the
new measure since it not only covers more genetic populations but also uses more genetic
information, reducing measurement error. Nevertheless, in the robustness checks, we also
employ the other alternative measures of ancestral distance. The countries with the most
significant average ancestral distance (weighted) with respect to our 32 destinations are

Solomon Island, Tonga, and Vanuatu (see Figure 4 in Appendix A).

2.3.2 International migration inflows

Our econometric analysis relies on the bilateral immigration flows database compiled by the
International Migration Institute (DEMIG, 2015a). We use international migration flow data
instead of changes in migrant stocks over time since the latter correspond to net migration.
The database contains yearly data on international migration inflows and outflows from 236
origins to 33 destination countries over the period 1946-2011%. In addition to typically used

OECD destinations, it includes other countries such as South Africa, Brazil, Mexico, and

4We exclude Czechoslovakia from our analysis.
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Uruguay to allow for a larger variability in the genetic composition of the sample. DEMIG
(2015a) reports information gathered from primary national sources without making major
adjustments, alterations, or calculations to fill in missing values. The data combines different
sources: population registries, border statistics, and permits (residence/work) published in
annual statistical, demographic, and migration yearbooks on behalf of national statistics

offices.

The public version of the data, however, does not report information for some destinations
countries such as Norway, Canada, Australia, the Netherlands, and Italy, at least for some
sub-periods of time. We, therefore, supplement the public DEMIG database with migration
flows collected from these countries directly. Appendix A reports the sources of the data
for the five countries mentioned above. A further issue is that DEMIG (2015a) database
does not contain a full breakdown of all origin countries for specific destinations such as
Poland, Slovenia, Luxembourg, and the United Kingdom. To solve this issue, we opted
to use the international migration bilateral flows dataset from the UN international flows
database (United Nations and Social Affairs, 2015) for these four destinations. The two data
sources (DEMIG and UN) were gathered from similar sources. Nevertheless, we compared the
available pairs between the two datasets. We calculated the pairwise correlation coefficient
of 0.97 between the two datasets when the exact migration definition was available (See

Figure 2.2).

In order to construct our final database, we proceed with the four following steps. First,
we select a migration definition depending on the number of origins and years available
for each destination. Three potential criteria are used to define migrants: by country of
birth, by country of the last residence, or by country of citizenship. Table 2.8 in Appendix

A2 shows in detail the migration definition used for each destination country. Second, for
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some countries whose constitution has changed over time, we collapsed the data into single
entities to ensure comparability. This concerns East and West Germany. Third, we fill up
the missing years within each decade for some corridors. To that aim, we opted to sum up
the migration flows over ten years and multiply this sum by 10/, where ¢ is the number
of non-missing years within the decade. Fourth, many destination countries often do not
report specific origins, especially those from which they do not receive migrants. In that
case, destinations that report large numbers missing values do not report zero values. This
is the case for Brazil, Czech Republic, Finland, France, Israel, Portugal, Spain, and Uruguay.
Therefore, we fill up the empty cells for these non-reported corridors with zeroes if we observe
zero migration in the Global Bilateral Migration Database from Ozden et al. (2011). In the
case of a non-zero value in Ozden et al. (2011), we treat the flow as a missing observation.
From the overall sample of 17394 observations used in the estimations, 23% correspond to
imputed values. Our final sample constitutes migration inflows data from 1960 to 2009 for
175 sending countries to 32 destination countries. The list of origin countries is presented in

Appendix A.

2.3.3 Other data

The size of the existing migration diaspora is measured as the stock of migrants from origin
1 to destination j at the beginning of the decade published by World Bank in the Global
Bilateral Migration Database from Ozden et al. (2011). We also control for colonial links,

contiguity, geographical and common language from Head and Mayer (2014).
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Table 2.1: Descriptive Statistics of migrations flows, stocks and ancestral distance

Mean  Std. Dev. Min. Max.
Migration flows 7,949.502 60485.27 0 3,374,712
Migration stocks 1,4262.37 114765.1 0 9,367,910
log Geodesic distance (K'm?) 8.647 0.874 4.087 9.884
Contiguity 0.024 0.155 0 1
Colonial link 0.028 0.167 0 1
Common language 0.126 0.332 0 1
Ancestral distance (weighted) 0.029 0.018 0 0.085
Ancestral distance (dominant) 0.030 0.022 0 0.097
Ancestral distance (weighted, old) 0.090 0.064 0 0.311
Ancestral distance (dominant, old)  0.091 0.075 0 0.337
Observations 17394

Notes: Old ancestral distance variables refers to data obtained from Cavalli-Sforza et al. (1994).

2.4 Empirical Strategy

2.4.1 Econometric specification

We first present our benchmark specification. This specification is consistent with the equi-
librium derived from a Random Utility Maximisation model in which prospective migrants
maximize their utility across all possible locations in the world, including home (see for in-
stance Grogger and Hanson (2011),Beine et al. (2011, 2015), among others). The benchmark

specification that we estimate is given by:

ln(NiM) = Blln(l -+ Mij,t) + /BQADZ'J' —+ ﬁgADZ'j *x ln(l + Mijﬂg) -+ ’)/X,LJ + Qjt —+ Q¢ -+ €ijt (21)

where (N;;,) is the migration flow over the decade t from country i to country j. The
total size of the diaspora at the beginning of the decade is captured by the M;j;. Following

Beine et al. (2011) and Bertoli and Ferndndez-Huertas-Moraga (2012), we assume a loga-
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rithmic form for the size of the diaspora and add one to avoid losing observations due to the
functional form when migration stocks are zero. The variable AD;; corresponds to the mea-
sure of ancestral distance from Spolaore and Wacziarg (2009, 2018). We have standardized
AD;; (subtracted the mean and divided by the standard deviation) for comparison purposes
between the different measures of ancestral distance.® We include a set of observable bilat-
eral variables X;; to control for geographical distance, shared borders, former colony dummy,
and common language. The variables are resumed in Table 1.

To account for multilateral resistance to migration (Bertoli and Ferndndez-Huertas-
Moraga, 2013), we include a set of origin-time and destination-time fixed effects. Moreover,
destination-time fixed effects allow us to control for factors that change over time and ex-
plain the international migration flows to a specific destination, such as changes in migration
policies. It also captures differences in migration definitions reported by each country and
policy interventions such as amnesties or regularisation. Similarly, origin-time fixed effects
capture specific factors at origin that influence international migration, such as macroeco-
nomic shocks, changes in the average wage level at origin country, or wars. As explained
by Beine and Parsons (2015), «;, also captures the percentage of people at the origin who

decide to not migrate from their origin countries.

2.4.2 Econometric issues

Identifying the network effect on migration flows is often challenging due to the potential
endogeneity of the diaspora. The coefficients $; and 3 might be biased due to the omission

of other unobserved factors that are potentially correlated with both the error term and the

®Notice that we have included AD instead of In(AD). The main reason is that a large number of country
pairs share zero ancestral distance. Therefore, the inclusion of in(AD) will lead to a significant number of
missing values. Unlike migration stocks, ancestral distance ranges from 0 to 0.08. Nevertheless, results are
consistent when using in(AD + 1) (See Appendix A).
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network. Furthermore, Giuliano et al. (2013) argue that the simple measure of geographical
distance between countries is not sufficient to capture other geographical conditions that
might hinder or facilitate gene flow and admixture between ethnic populations, such as
mountain chains or access to the same rivers or seas. These factors might be omitted in
equation (2.1). We first account for time-invariant omitted variables, by extending equation
(2.1) to include of dyadic fixed effects (a; ;) as expressed in equation 2.2. These fixed effects
will capture other dimensions of cultural proximity that are time-invariant such as similar

language, ethnicity, or religion.® We estimate the following equation:

ln(Niﬂ) = ﬂlln(l + Mij,t) + 53AD” * ln(l + Mij,t) + ij7t + ai,t + ai,j + €ijt (22)

Moreover, estimating equations (2.1) and equation (2.2) using Ordinary Least Squares
(OLS) might lead to biased and inconsistent estimates of ; and f3 in the presence of
heteroskedasticity and a high number of zeros in the dependent variable (Santos Silva and
Tenreyro, 2006). International migration is often equal to zero in some corridors as a result
of the existence of highly restrictive migration policies or very low gains from migration for
these corridors. As expected, our measure of migration flows is equal to zero for an important
number of observations (31,9% of the observations). In that case, Santos Silva and Tenreyro
(2006) suggest using the bilateral flows as the dependent variable N;;; and estimate the
model using Poisson Pseudo-Maximum Likelihood (PPML). Using Monte Carlo simulations,
the authors compare the performance of OLS and PPML estimators and show that the

PPML estimator is unbiased and consistent under the existence of a large percentage of

6With the inclusion of a;; fixed effects, our source of variation is over time within the ¢j unit. Moreover,
the errors are no longer independent and identically distributed (i.i.d.) and have autocorrelation within the
unit of analysis. In order to take into account the correlation of the error terms over time within country
pairs, the standard errors are clustered at the dyadic pair level.
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zeros and heteroskedasticity. For this reason, we estimate equation (2.1) and (2.2) using the

PPML estimator.

2.5 Results

2.5.1 Benchmark results

Table 2.2 presents the benchmark estimation results for the determinants of international
migration flows, including weighted ancestral distance. The first column shows a replica of
the results presented by Beine (2016) using international migration inflows as a dependent
variable instead of the difference in stocks between decades. These alternative information
sources lead to similar estimates of the network effect on international migration flows with-
out considering other omitted bilateral determinants. In line with previous studies such as
Pedersen et al. (2008) and Beine et al. (2011), we estimate a network elasticity that ranges
from 0.58 to 0.69 depending on the specification. The coefficients of the other control vari-
ables are highly significant and in the expected direction, with the exception of contiguity,
which is not significant. As expected, we find that an increase in the geographical distance
between the country of origin and destination decreases migration inflows. Moreover, we
find that sharing a similar language boosts migration flows by 6 percent.

Furthermore, column (2) in table 2.2 shows the results when ancestral distance is added
to the model. Similar to Adsera and Pytlikovd (2015), the coefficient of ancestral distance
is small and not significant. However, once the interaction between migrant networks and
weighted ancestral distance is accounted for, we find that ancestral distance has a negative
and significant effect on migration flows depending on the level of the diaspora of migrants
from the same origin in a particular destination (See column 3). Given that we are estimating

a non-linear model, we present in the appendix section the calculated marginal effect of
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Table 2.2: PPML estimations of migration flows between 1960 - 2009 using ait, ajt and aij
fixed effects

(1) (2) (3) (4)
log (stocks+1) 0.586"  0.583"*  0.618"*  0.698"*
(0.0209)  (0.0205)  (0.0210) (0.0233)

Ancestral dist. (weighted) -0.172  -0.740*
(0.151)  (0.171)
log (stocks+1) x Ancestral dist. 0.0664***  0.0364™
(0.0156)  (0.0136)
log (geodesic distance) -0.308"*  -0.303**  -0.293***
(0.0546)  (0.0564)  (0.0560)
Contiguity -0.270 -0.270 -0.230
(0.164)  (0.164)  (0.166)
Colonial link 0.206* 0.213* 0.233**
(0.113)  (0.112)  (0.111)
Common language 0.677*  0.678*  0.679"*
(0.0904)  (0.0903)  (0.0902)
Observations 17394 17394 17394 18229
R? 0.922 0.922 0.923 0.903
Dyadic FE (a; ;) No No No Yes
Origin-time FE () Yes Yes Yes Yes
Destination-time FE (o ;) Yes Yes Yes Yes

Notes: Ancestral dist. (weighted) has been re-scaled to have a mean of zero and a
The standard errors are presented in parentheses clustered at the country pairs level.
bilateral pair level. p < 0.10, ** p < 0.05, *** p < 0.01
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ancestral distance in Figure 2.3. The above shows that the long-term cultural distance
is negatively associated with international migration flows, but its effect depends on the

magnitude of the existing stock of migrants.

In addition, column 3 also displays the coefficient of the interaction between migration
stocks and ancestral distance. We find a positive interaction effect between ancestral distance
and migration networks. This positive interaction effect shows that as soon as ancestral dis-
tance increases, the effect of the previous diaspora from the same country at the destination
is associated with larger international migration flows to this destination (See column 3).
Notice that throughout columns (1) to (3), we have included the classical two types of fixed
effects (i.e., origin country x time fixed effects and destination-country times fixed effects).
Moreover, column (4) in table 2.2, shows the results when we include the full set of dyadic
fixed effects into the model.” Figure 2.1 presents the estimated marginal effects of the stock
of migrants at different levels of ancestral distance graphically. The elasticity of migration
stocks on migration flows ranges from 0.6 to 0.8, depending on the level of ancestral dis-
tance. We find that when we control for unobserved time-invariant factors, the coefficient
of the interaction between ancestral distance and the network reduces by half, meaning that
the elasticity of migration stocks on flows is not as dependent on ancestral distance as it
was considered by Collier and Hoeffler (2018). Therefore, while migrant networks are more
relevant for migrants who face larger cultural differences with respect to the host society,

this effect is small when many omitted factors are included.

"The dyadic fixed effects capture the effect of time-invariant variables on migration inflows; therefore, we
cannot estimate the effect of ancestral distance. Nevertheless, we can still identify the network effect and its
interaction with ancestral distance.
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Figure 2.1: Marginal effects of migration diasporas on inflows at different levels of genetic
distance from column (3) and (4) in Table 2.2.

6 7 8 9 1

Elasticity of migrant stocks on migration flow
5

4

-1 0 1
Weighted ancestral distance - standardized

Including dyadic fixed effect — — — No dyadic fixed effect

2.5.2 Robustness checks

2.5.2 Omitted variable bias

The inclusion of time-invariant dyadic fixed effects might be insufficient to account for the
underlying omitted variable bias related to the presence of the network in equation (2.1). For
instance, if unobserved determinants such as time-variant cultural distance influence both
the diaspora and migration inflows, the inclusion of dyadic fixed effects will not eliminate
this bias. As a result, it might be desirable to estimate equation (2.2) with an instrumental
variable approach. One caveat resulting from the use of exponential models such as PPML
within the instrumental variable model is the difficulty of the inclusion of high-dimensional
fixed effects. Despite the development of a Generalized Method of Moments (GMM) frame-
work for count data models with endogenous regressors by (Santos Silva and Windmeijer,

1997), we encounter convergence issues when using Poisson-IV and including more than one
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layer of fixed effects (see Tenreyro, 2007). For this reason, we rely on the traditional Two
Step-Least Square (2-SLS), for which we transform the dependent variable and estimate
equation (1) using In(N;; + 1) as the dependent variable. The former allows us to keep the
zero migration flows within the estimated sample.

Table 2.3 presents the instrumental variable results of the determinants of migration
flows. We use a 2-SLS model with the predicted migration stocks (Mo;j) and its interaction
with ancestral distance as two instrumental variables. We predict the stock of migrants for
each decade using the share of immigrants from each origin to a J destination in the decade
1960 and the total immigration to destination country J in each subsequent decade.®

Since we use the data from 1960 to construct the instrumental variables, the results
displayed in Table 2.3 excluded this decade from the sample. For comparison reasons, we
show in column (1) the estimation of equation (2.1) using data from 1970 until 2009 under
PPML. Moreover, we also present the estimation of equation (2.1) using scaled OLS in
column (2) in order to compare these results with the 2-SLS results presented in column (3).
Columns (4) and (5) display the first-stage regression results. The instrumental variables
pass the F-stat test on excluded instruments, meaning that these are good predictors of the
endogenous variables. The addition of a constant to deal with the zero counts introduces a
bias in the model (Winkelmann, 2008, pg.66); however, the results of the IV estimation lead
to similar conclusions as Table 2.2. In particular, the coefficient of the interaction effect is
quantitatively speaking, in line with the estimated coefficient using the full set of dyadic,
destination-time, and origin-time fixed effects presented in Table 2.2. Column (3) shows an

interaction coefficient equal to 0.028 compared to a coefficient equal to 0.036 displayed in

8The use of these type of ”shift-share” instrumental variables have been criticized by Jaeger et al. (2018)
due to the presence of a high degree of serial correlation in the country-of-origin distribution of immigrants.
However, it has been difficult - not to say impossible - task to find an exogenous variable with an a;jt
dimension that is correlated with the past diaspora and uncorrelated with the error term.
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column (4) in Table 2.2.

Moreover, we extend equation (2.2) with the inclusion of bilateral travel visas as a proxy
of visa restrictions. Essentially, this type of visa acts as a barrier to control for the entry of
particular migrants, for example, asylum seekers (Czaika et al., 2018) or temporal workers.
The above partially control for the omitted time-varying dyadic factors contained in the error
term. If changes in cultural distance correlate with changes in migration policies, then the
inclusion of the former control could capture some of the omitted determinants of migration
flows. Table 2.4 presents the results with this additional control variable. Using DEMIG’s
annual tourist visa data (DEMIG, 2015b), we construct a variable that is equal to one if a
national from the country of origin needed a tourist visa to enter into a particular destination
for more than six years within a decade. The DEMIG Visa data is available from 1973 until
2013; therefore, we complement this database using Mau et al. (2015) for the year 1969.
The scope of this variable is limited in terms of countries and time. The above means that
the number of missing values increases. For this reason, columns (1) and (2) replicates the
results from columns (3) and (4) in Table 2.2 using the sample of non-missing observations

for the variable visa restrictions.
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The third column of table 2.4 shows the results when visa restrictions are added to the
estimations. Moreover, column (4) shows the results when dyadic fixed effects are included as
well. Overall, the estimations are consistent with the inclusion of this variable. Importantly,
the interaction effect remains positive and significant; however, the estimated coefficient of
the interaction is slightly higher when we control for visa restrictions. The coefficient for the
interaction effects is 0.038 without including visa restrictions as a control variable, and it
is 0.042 after controlling for traveling visa restrictions. Nevertheless, the general conclusion
deduced from Table 2.2 remains.

Moreover, in column (5) of table 2.4, we include an interaction between migrant networks
and visa restrictions. We found that while tourist visa restrictions have a negative effect on
international migration flows, the presence of the stock of migrants of the same country
mitigates this adverse effect. Migrant networks exert a stronger impact on migration flows
in the presence of visa restrictions, as shown in the interaction effect. The positive interaction
effect between visa restrictions and the network is consistent with the legal channel of the
network effect (Beine et al., 2015). It fully supports the hypothesis that migrations networks
act as a conduit to overcome legal barriers. This interaction is, quantitatively speaking,
larger when compared to the interaction between ancestral distance and migration stocks.
Controlling for travel visa restriction and its interaction with the stock of migrants does
not change the coefficient of the interaction between cultural distance and existing migrant

stocks.
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Table 2.4: PPML estimations of Migration Flows including visa restrictions

(1) 2) (3) (4) ()
log (stocks+1) 0.619**  0.697*  0.621**  0.700™*  0.693"**
(0.0157)  (0.0233)  (0.0157)  (0.0214)  (0.0215)
Ancestral dist. (weighted) -0.730*** -0.756***
(0.121) (0.122)
log(stocks+1) x Ancest. dist. 0.0640™* 0.0381** 0.0666™** 0.0427** 0.0333***
(0.0111)  (0.0136)  (0.0110)  (0.0110)  (0.0127)
log geodesic dist -0.288™** -0.259*
(0.0354) (0.0370)
Contiguity -0.213* -0.184
(0.123) (0.122)
Colonial link 0.232** 0.196**
(0.0842) (0.0856)
Common language 0.666*** 0.671**
(0.0657) (0.0656)
Visa restrictions -0.319*  -1.107"*  -0.962***
(0.0694)  (0.149)  (0.150)
log(stocks+1) x Visa restrictions 0.322***
(0.105)
Observations 16009 16459 16009 16459 16317
R? 0.924 0.903 0.924 0.916 0.916
Dyadic FE (a; ;) No Yes No Yes Yes
Origin-time FE (o) Yes Yes Yes Yes Yes
Destination-time FE () Yes Yes Yes Yes Yes

The standard errors are presented in parentheses clustered at the country pairs level. Visa restrictions

is a dummy variable equal to 1 when there have been restrictions to travel during the majority
of the decade. It is zero otherwise. * p < 0.10, ** p < 0.05, *** p < 0.01
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2.5.2  Sample-specific estimations

Table 2.5 shows the results of the effect of the network and the interaction with ancestral
distance when we split the sample into corridors by high or low skill selection. We use data
on bilateral migration stocks by gender and education in 2000 from Artuc et al. (2015). Since
the data is only available for a few decades, we restrict our estimations to the decade of 2000.
Column (1) shows the results of equation (2.1) for all the dyads with non-missing information.
Columns (2) and (3) show the results for corridors where migrants are mostly low-skilled
and high-skilled, respectively. As expected, the results reveals that the network effect on
migration inflows is higher for those corridors with a higher incidence of low-skilled migrants
than for corridors with predominantly high-skilled migrants. The interaction between the
stock of migrants and ancestral distance is slightly higher for those corridors with abundantly
low-skilled migration. However, the size of these effects remains low.

Moreover, dividing the sample according to above or below the median skill ratio shows
that cultural distance is a relevant determinant of migration flows for corridors with a pre-
dominance of unskilled migrants. The larger the ancestral distance is, there will be less migra-
tion coming from these countries. This result is consistent with Krieger et al. (2018), whose
article shows that at higher levels of ancestral distance, low-skilled migrants are strongly dis-
couraged from migrating while high-skilled migrants are neither encouraged nor discouraged
by the ancestral distance.

Moreover, we evaluate if the results are driven by the quality of the data. Migration
stocks were imputed by Ozden et al. (2011) in cases when countries went through a separation
process, such as the former USSR, Czechoslovakia, and Yugoslavia. In addition, migration
stocks were extrapolated for countries that had missing census data and when some origin

countries were aggregated in broad categories such as ”Other Africa”. Columns (1) and
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(3) in table 2.6 excludes those destinations countries with the missing census in a particular
decade and those countries that went through a separations process. We exclude, in addition,
the origin countries that were potentially collapsed in broad categories and extrapolated
by Ozden et al. (2011). The results without all potential imputations in the stocks are
presented in Columns (2) and (4) of table 2.6. Similar to the previous tables, table 2.6
uncovers a positive interaction term between ancestral distance and the network of migrants
from the same origins that is still significant at the ten percent level. When compared to the
results presented in 2.2, the estimated coefficient of the interaction is slightly smaller, but

the coefficient of the stock of migrants is slightly bigger.

2.5.2 Alternatives measures of ancestral distances

Table 2.7 presents robustness checks to alternatives measures of ancestral distances. Columns
(1) to (4) reports the estimates of equation (2.1) using the four ancestral distance indicators:
the weighted and dominant measures calculated by Spolaore and Wacziarg (2009) and the
same two measures calculated by Spolaore and Wacziarg (2018) using genome microsatellite
variation. Similarly, Columns (5) to (8) reports the estimates of equation (2.2) using the four
alternative measures and including dyadic fixed effects. The results show a small difference
in the interaction coefficient between migration stocks and the two "new” measures of an-
cestral distance calculated in Spolaore and Wacziarg (2018). However, there are important
differences in the interaction coefficient when we use instead the ”older” measures calculated
in Spolaore and Wacziarg (2009). In columns (3) and (4), the estimated interaction effect
(0.086 and 0.079, respectively) are much larger than the estimated coefficients when using
the "new” measures (0.0664 and 0.0669, respectively).

Moreover, the introduction of country-pair fixed effects, presented in columns (7) and
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Table 2.5: PPML estimations of Migration Flows in 2000 by Skill Selection (HSij/Lsij)/

(HSi/LSi)
(1) (2) (3)
Total Below median Above median
log (stocks+1) 0.630** 0.654* 0.495**
(0.0255) (0.0326) (0.0426)
log(stocks+1) x Ancest. dist. 0.0495*** 0.0547* 0.0488**
(0.0163) (0.0229) (0.0235)
Ancestral dist. (weighted) -0.946™** -0.923** -0.108
(0.193) (0.268) (0.235)
log geodesic dist. -0.298*** -0.253*** -0.603***
(0.0516) (0.0501) (0.103)
Contiguity -0.185 -0.0700 -0.509
(0.128) (0.122) (0.338)
Colonial link 0.444** 0.305** 1.059***
(0.110) (0.132) (0.261)
Common language 0.618** 0.555™** 0.537
(0.0843) (0.107) (0.113)
Observations 4574 2026 2535
R? 0.904 0.936 0.936
Destination FE Yes Yes Yes
Origin FE Yes Yes Yes
Dyadic FE («; ) No No No
Origin-time FE () No No No
Destination-time FE (o) No No No

Notes: The standard errors are presented in parentheses clustered at the country pairs level

*p<0.10, ** p < 0.05, *** p < 0.01



Table 2.6: PPML estimations of Migration Flows without imputed network levels

(1) (2) (3) (4)
log (stocks+1) 0.6417*  0.641" 0.710 0.709"
(0.0225)  (0.0228)  (0.0264) (0.0267)

log(stocks+1) x Ancest. dist. 0.0650** 0.0646*** 0.0281*  0.0278"
(0.0177)  (0.0179)  (0.0144) (0.0145)

Ancestral dist. (weighted) -0.837*  -0.839***

(0.187) (0.189)
log geodesic dist. -0.336"  -0.337*

(0.0616)  (0.0617)
Contiguity -0.275 -0.275

(0.186) (0.186)
Colonial link 0.225* 0.225%

(0.122)  (0.122)
Common language 0.662***  0.661***

(0.0916)  (0.0916)
Observations 12445 12074 12697 12346
R? 0.932 0.932 0.906 0.906
Dyadic FE (a; ;) No No Yes Yes
Origin-time FE () Yes Yes Yes Yes
Destination-time FE (o) Yes Yes Yes Yes

The standard errors are presented in parentheses clustered at the bilateral pair level.
Columns (1) and (3) excludes destinations countries with missing census in a
particular decade and those origins that went through a separation process

such as the former USSR. Columns (2) and (4) show the results excluding also

those origins that were collapsed originally in broad categories such as ”other Africa”
* p<0.10, ** p < 0.05, *** p < 0.01
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(8), reduces the interaction coefficient significantly to the point that the coefficient is no
longer significant. One explanation is measurement error given the quality of the data used
by Spolaore and Wacziarg (2009). The genetic data on 42 ethnic groups from Cavalli-Sforza
et al. (1994) was matched to around 1,120 ethnic groups in Alesina et al. (2003). Many
ethnic groups were paired with larger ones. For example, Afghan groups like “Balochi” and
“Hazara” were categorized as “Iranians” as explained by Spolaore and Wacziarg (2018). The
above introduces a significant measurement error in the independent variable. If the error
in the measurement of AD;; is unobserved and it becomes part of the error €;;;, then this
type of measurement error can cause some bias in the estimated slopes. The greater the
measurement error in the independent variable, the closer will the estimated slope approach
zero instead of the correct value. In other words, it could lead to attenuation bias. Meaning
that the estimated effect using the "old” measure will be attenuated as pointed by Krieger
et al. (2018). We consider that the "new” ancestral distance indicators from Spolaore and
Wacziarg (2018) are measured with less error than the “older” measures since the "new”
measures use data from 267 populations from 645 microsatellites loci. This larger number
of ethnic populations allows for a better-quality match with the ethnic groups of Alesina et

al. (2003).



o1

100> d L. GO0>d ., ‘0T°0>d , T0A9[ sired AI13UNO0D oY} Je PoIolsNo sosoyjuated ul pojuosold oIe SIOLID pIepue)s oy ],
‘9UO JO UOIIRIAOD PIRPUR)S B PUR OI9Z JO UROUL B DARY] O PO[RIS-0I 0IoM SOINSBOUL 9OUIJSIP [RI)SOOUY
"o8engue] WOWWOD pue 9ouRISIp [IIdReIS008 ‘A3MIIIU0D ‘S{UI [RIUO[0D SB (OIS SO[RLIBA [OIJUOD [RIS)E[I SOPN[OUI UOISSOIZOY :SOJON

m®> m®> m@.%r m®> w®> m®> m®> m®> Aﬁ.mdv mm @EE-SOE@GE@@Q
m®> w®> m®> m®> w@xﬁ m@> m@> m®> Aﬁ.sdv A waﬁuﬁﬁwﬁo
SOX SOX SOX SOX oN oN ON ON (“vo) g orpeLq
106°0 006°0 G06°0 €060 726°0 926°0 926°0 €26°0 .l
62281 62381 62381 62281 P6ELT P6ELT P6ELT P6ELT SUO0YDAUISO)
(e€10°0) (L610°0)
0T800°0 il 6L0°0 (PO ‘pojuSiom) “ISIp "$00UY X (I-+S3D0IS)|
(191°0)
x£86°0- (PIO ‘PON[STom) 9OURYSIP [RI}SOOUY
(6210°0) (9€10°0)
¢L10°0 198070 (P[o ‘yuwreurwop) “sIp "sodUY X ([+830098)]
(Fr1°0)
+++068°0~ (P[0 ‘yUeRUIOP) 9OUBISIP [BIISIOUY
(z210°0) (£€10°0)
s GFE0°0 +x6990°0 (yureuIIOpP) *ISTP "$OUY X ([+SYD0IS)
(902°0)

687 0" (yuRUTUIOP) 90UR)SIP [RIISEIUY

(9€10°0) (9810°0)
~F9£0°0 +7990°0 (PoySrom) “4sip soouy X “(T+S30098)]

(121°0)
exxOFL0- (peIyStem) 90URISID [RIISOUY

(82z00) (8720°0) (2ee00) (eec0'0)  (0120'0)  (0120°0)  (1120°0)  (0T20°0)
250290 10890 15sG69°0  14s869°0 1 FTI0  1uFTI0 19T90  s8T9°0 (1+s¥03s) Sof

(8) (2) (9) (s) (¥) (€) (c) (1)

"9OUR)SIP O130USS JO SOINSLIUW JUSIPIP SUISN SMO[) UOIRISIW Jo suolyewi)se TINdd :L°E °[9RL



52

2.6 Discussion and conclusion

Throughout this paper, we have studied the interaction between two effects that determines
international migration flows: the networks effect and long-term cultural distance proxied
by ancestral distance. While cultural distance might deter some individuals from moving to
specific destinations, the presence of other co-national at the destination might help circum-
vent the adaptation costs associated with migration. The existence of a large community of
co-nationals might encourage people to migrate to destinations where natives do not share
similar values or norms of the potential migrant. Collier (2013) proposes this conjecture: the
network effect is larger at high levels of cultural distance, suggesting that in a few decades,
the flow of migrants coming from more culturally distant countries will increase dramati-
cally. To empirically test this idea, this chapter uses annual inflow data of migrants into
32 destinations. It estimates the interaction effect of ancestral distance and the pre-existing

migrant stocks on migration inflows.

Moreover, we account for potential problems related to the estimation of the network
effect and perform numerous robustness checks. Identifying the network effect on migration
flows is often challenging due to the potential endogeneity. One source of endogeneity is
the omission of unobserved determinants of the migration flows at the dyadic level. To
mitigate this bias, we employ dyadic fixed effects, include additional bilateral determinants
such as visa restrictions, and apply an instrumental variable approach under 2SLS. Once
these omitted determinants are controlled for, the estimated interaction effect reduces by
half ranging from 0.02 to 0.04. Moreover, we estimate the network effect and its interaction
with ancestral distance under different samples. First, we split the sample into corridors by

high or low skill selection. Second, we exclude countries of destination for which the inflow
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data was imputed. Third, we exclude origin countries for which the inflow data was imputed
as well. Finally, we replicate the results using alternative measures of ancestral distance.
Our preferred specification, using dyadic fixed effects and the weighted measure of an-
cestral distance using DNA microsatellites markers, shows an elasticity effect of migration
networks on migration flows that oscillated between 0.6 and 0.8 depending on the level of
ancestral distance. This means that when the population of destination and origin of the
migrants share a communal ancestor and hence share cultural traits, the estimated elasticity
is approximately 0.637. In addition, when the ancestral distance between the population of
destination and origin is the largest in the sample (the case of South Africa and the Solomon
Islands), the estimated elasticity is roughly 0.805. These results suggest that for more cul-
turally distant countries, the diaspora effect fulfills a more important role in determining the
immigration inflow than for countries that share a communal ancestral history. Nevertheless,
the difference in the magnitude of network effect between these two types of country pairs
is relatively small. Nowadays, other aspects such as migration policies or education have a

more meaningful role in determining the composition of migrants in a particular destination.
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2.7 Appendix A

2.7.1 Appendix Al. Correlation between UN and DEMIG migration flow
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Figure 2.2: Comparing UN and DEMIG migration flow
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2.7.2 Appendix A2. Definitions of international migrant by destination country

Table 2.8: Criteria to define migration by reporting country

Reporting country | Criterion Collection method
Argentina COC Residence permits
Australia COB Overseas arrivals and departures
Austria COR Population registers
Belgium COoC Population registers
Brazil COC Residence permits and work authorisations
Canada COB Residence permits
Chile COB Residence permits
Czech Republic COR Population registers
Denmark COR Population registers
Finland COR Population registers
France CcOoC Residence permits
Germany COR Population registers
Hungary COoC Population registers and residence permits
Iceland COR Population registers
Israel COB Overseas arrivals and departures
Italy COR Population registers
Luxembourg COC Population registers
Mexico COC Residence permits and overseas arrivals
Netherlands COB Population registers
New Zealand CcocC Overseas arrivals and departures
Norway COR Population registers
Poland COR Population registers
Portugal CcOC Overseas arrivals and residence permits
Slovakia COR Population registers and residence permits
Slovenia CcocC Population registers
South Africa COC Residence permits
Spain COR Population registers
Sweden COR Population registers
Switzerland COoC Residence permits
UK COC International Passenger Survey (IPS)
Uruguay COoC Residence permits
USA COB Residence permits

Notes: COB: Country of Birth. COR: Country of last Residence. COC: Country of Citizenship.
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2.7.3 Appendix A3. List of origin countries

Afghanistan, Albania, Algeria, Angola, Antigua & Barbuda, Argentina, Armenia, Australia,
Austria, Azerbaijan, Bahamas, Bahrain, Bangladesh, Barbados, Belarus, Belgium, Belize,
Benin, Bhutan, Bolivia, Botswana, Brazil, Brunei Darussalam, Bulgaria, Burkina Faso,
Burundi, Cambodia, Cameroon, Canada, Cape Verde, Central African Republic, Chad,
Chile, China, Colombia, Comoros, Republic of the Congo, the Democratic Republic of the
Congo, Costa Rica, Cote d’Ivoire, Croatia, Cuba, Cyprus, Czech Republic, Denmark, Dji-
bouti, Dominica, Dominican Republic, Ecuador, Egypt, El Salvador, Equatorial Guinea, Er-
itrea, Estonia, Ethiopia, Fiji, Finland, France, Gabon, Gambia, Georgia, Germany, Ghana,
Greece, Grenada, Guatemala, Guinea, Guinea-Bissau, Guyana, Haiti, Honduras, Hungary,
Iceland, India, Indonesia, Islamic Republic of Iran, Iraq, Ireland, Israel, Italy, Jamaica,
Japan, Jordan, Kazakhstan, Kenya, Kiribati, Democratic Peoples Republic of Korea, Re-
public of Korea, Kuwait, Kyrgyzstan, Lao Peoples Democratic Republic, Latvia, Lebanon,
Lesotho, Liberia, Libyan Arab Jamahiriya, Lithuania, Luxembourg, Macedonia, the former
Yugoslav Republic, Madagascar, Malawi, Malaysia, Mali, Malta, Mauritania, Mauritius,
Mexico, Moldova, Mongolia, Morocco, Mozambique, Myanmar, Namibia, Nepal, Nether-
lands, New Zealand, Nicaragua, Niger, Nigeria, Norway, Oman, Pakistan, Panama, Papua
New Guinea, Paraguay, Peru, Philippines, Poland, Portugal, Qatar, Romania, Russian Fed-
eration, Rwanda, Saint Kitts and Nevis, Saint Lucia, Saint Vincent and the Grenadines,
Samoa, San Marino, Saudi Arabia, Senegal, Seychelles, Sierra Leone, Singapore, Slovakia,
Slovenia, Solomon Islands, Somalia, South Africa, Spain, Sri Lanka, Sudan, Suriname, Swazi-
land, Sweden, Switzerland, Syrian Arab Republic, Tajikistan, Thailand, Tonga, Trinidad and
Tobago, Tunisia, Turkey, Turkmenistan, Uganda, Ukraine, United Arab Emirates, United
Kingdom, United States of America, Uruguay, Uzbekistan, Vanuatu, Venezuela, Vietnam,
Zambia, Zimbabwe.
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Figure 2.3: Marginal effects of Ancestral Distance on inflows at different levels of migration
stocks from column (3) in Table 2.2.
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2.7.4 Appendix A4. Marginal effects of Ancestral Distance on inflows



2.7.5 Appendix A5. Ancestral Distance (weigthed) matrix
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Appendix A6. PPML estimation of migration flows using In (ancestral distance)

Table 2.9: PPML estimations of Migration Flows, ait and ajt FE

(1) 2) (3) 4)
log (stocks+1) 0.586"*  0.580°*  0.505"*  0.630"*
(0.0209)  (0.0204) (0.0353) (0.0232)

log (AD*100+1) -0.461*  -1.181*
(0.220)  (0.263)
log (stocks+1) x log (AD*100+1) 0.0770**  0.0465*
(0.0264)  (0.0213)
log (geodesic distance) -0.308**  -0.296***  -0.284***
(0.0546)  (0.0576)  (0.0576)
Contiguity -0.270*  -0.277* -0.238
(0.164)  (0.163)  (0.166)
Colonial link 0.206* 0.241* 0.245*
(0.113)  (0.108)  (0.109)
Common language 0.677*  0.669**  0.673"**
(0.0904) (0.0906) (0.0910)
Observations 17394 17394 17394 18229
R+ 0.922 0.922 0.922 0.901
Dyadic FE (a; ;) No No No Yes
Origin-time FE (a;4) Yes Yes Yes Yes
Destination-time FE (a; ;) Yes Yes Yes Yes

Notes: Ancestral dist. (weighted) has been multiplied by a 100
The standard errors are presented in parentheses clustered at the
bilateral pair level. p < 0.10, ** p < 0.05, *** p < 0.01
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CHAPTER 3
THE SOLUTION OF THE IMMIGRANT PARADOX: ASPIRATIONS AND
EXPECTATIONS OF CHILDREN OF MIGRANTS

This paper is a joint work with Prof. Dr. Michel Beine and Prof. Dr. Skerdiladja

Zanaj

3.1 Introduction

This chapter aims to determine the effect of educational aspiration and expectations on
the school performance of children of migrants compared to children of natives parents in
the United States. Aspirations describe personal goals such as the desired education level,
the desired occupation, or career. FEarly studies, such as Bandura (2001) indicate that
educational aspirations are key determinants of educational and professional life choices and
outcomes. Aspirations are critical not only to explain individual performance but also the
success of organizations. For instance, employees’ career aspirations benefit enterprises by
contributing to organizational capabilities and connections (Jung and Lee, 2019).

The process of setting educational goals depends on motivational components (e.g., de-
sires) and also on contextual ingredients formed by family, school, and neighborhood char-
acteristics (Sewell et al., 1969). Contextual components heavily influence the ezpectations of
the educational goal. Unlike aspirations which are confined to desires, expectations embody
the constraints that could influence aspects of the future. Both expectations and aspirations
are as important as the ability to shape education outcomes (Lent et al., 1994).

Interestingly, aspiration and expectation may be aligned or misaligned. Alignment occurs
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when restrictions are perceived as possible to overcome. However, desires and expectations
may be misaligned. For instance, a young individual can be highly inspirational by nature
(e.g., dream to go to an Ivy League university), but she can confront various constraints
(e.g., financial) that downgrade her expectations. The consequences of the misalignment
between aspirations and expectations are not clear. On the one hand, very high aspirations
with low expectations can lead to frustration and underachievement. On the other hand,
reachable aspirations can inspire individuals (Genicot and Ray, 2017), regardless of their
level of expectations. Experimental evidence from cognitive psychology and sports science
show that goals that lie ahead but not too long ahead can be the best motivators (Berger and
Pope, 2011; Latham and Locke, 1991). Which effect dominates on average is nevertheless
not known and calls for some empirical analysis aiming at shedding light on the net impact

on educational attainment.

Is there any systematic difference between migrant and native teenagers in the misalign-
ment and its corresponding effects? In this chapter, we push forward the hypothesis that
expectations and aspirations crucially affect the educational outcomes of young adults. Im-
portantly, these effects are heterogeneous for natives and migrants. We hypothesize that
the difference in performance between migrant children and natives lies within the misalign-
ment between aspirations and expectations that migrant children form. We assess such a
hypothesis using individual data of American pupils and show how the distance between the
aspirations and expectations of the student affects their school performance.The students
were asked in Wave I to rate on a scale of one to five, where one is low, and five is high,
how much do they want to go to college, and how likely it is that they will go to college.
Using these two questions, this chapter shows that the misalignment between aspirations

and expectations is a driving force for better education outcomes of immigrant teenagers
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in the USA. This force can be so large that it fully explains the difference in educational

outcomes between migrant and native children.

This chapter is directly related to an extensive large literature on the educational out-
comes of immigrant children. The most accepted result is that in the USA, immigrant
teenagers over-perform their corresponding native peers. This is known as the immigrant
paradox (Palacios et al., 2008). Prior literature brings forward several mechanisms that
could potentially explain this paradox, but none of these studies show which force com-
pletely explains such a paradox. We document the immigrant paradox, and we show that
only considering family and school characteristics is not enough. Both aspirations and expec-
tations matter, but they do so in a similar fashion for the natives as well as for the migrants.
However, teenagers with an immigrant background express higher aspirations than expec-
tations (they dream more than what they expect) when compared with their native peers.
This misalignment is the key factor that motivates students to increase their efforts to study,
leading to the paradox. Notwithstanding, when aspirations and expectations are aligned,
the over-performance of migrant youngsters vanishes. Importantly, it is only the migrant
children, i.e., pupils not born in the USA, that hold a strong misalignment and lead the

immigrant paradox.

To uncover the above effects of aspirations, expectations, and misalignment, we use the
restricted-use version of the National Longitudinal Study of Adolescent to Adult Health
(Add Health) with a sample of 20,774 adolescents between the school grades 7-12 drawn
from a representative sample of schools in the United States. Aspirations and expectations
are constructed using two questions asked in Wave I. The first question pertains to their

wish to go to college, measuring their educational aspirations, while the second one captures
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specifically to what extent they expect to go to college.! Using these questions, we measure
misalignment between aspirations and expectations as the gap between the two measures.
There exist two types of misalignment. Individuals may have high expectations but low
desires, or on the contrary, they may exhibit low expectations but high aspirations. Our
measure of educational performance is the overall final Grade-Point-Average (GPA). We
also explore the final grade for Mathematics, English Literature, and Science. These grades
are a strong predictor of the final test score (Scholastic Assessment Test-SAT) and posterior

educational attainment.

Our results document the size of the effect of aspirations and expectations on educational
outcomes of teenagers controlling for a very extensive list of contextual factors (family, co-
hort, school, neighborhood) and individual characteristics (personality traits, cognitive skill,
BMI, among others). We show that greater aspirations are associated with a higher grade
point average (GPA) for any subject at the end of high school. There is no differentiated
effect of aspirations on the final GPA between children of migrants and natives. The results
show that immigrant teenagers (the so-called 1.5 migrant generation) with low expectations
but high aspirations are the ones driving the immigrant paradox. Clearly, the misalignment
between what a teenager dreams and what she expects to be possible are key factors in ex-
plaining the performance at school. Our results show that the immigrant over-performance
vanishes, and it is fully explained by the fact that these students have misaligned aspirations
and expectations. The results are robust to the exclusion of students who migrated before

the age of six or students who migrated after the age of 14.

Moreover, the results are robust to the exclusion of students with one migrant parent

IMore precisely, students were asked: ”rate on a scale of one to five, where one is low, and five is high,
how much do you want to go to college? this question measures desires or aspirations. The second question
is "how likely it is that you will go to college?”
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and native parent that captures the potential advantages and disadvantages of inter-ethnic
unions. Also, the results are consistent with the removal of teens who attended 12 grade
during Wave 1 in order to ensure a strict temporal order between the dependent and indepen-
dent variables. Furthermore, we test the potential importance of unobserved confounders by
employing the formal approach proposed by Oster (2019). We show that potential omitted
variable bias does not make our results statistically invalid.

The chapter is organized as follows. Section 2 provides selective coverage of the rele-
vant literature to which our paper is connected. Section 3 details the data used to assess
the impact of aspirations and expectations on school performance. Section 4 presents our
econometric specification and discusses econometric issues related to endogeneity. Section 5
presents our benchmark results and auxiliary results, allowing us to uncover the mechanism
at work to explain the impact of misalignment on school performance. It also presents a set
of sensitivity analyses in terms of samples and identification of the effects. Section 6 briefly

concludes.

3.2 Related Literature

This chapter contributes to the existing literature investigating the degree of integration of
migrants by exploring the difference in academic performance between children in immi-
grant families and their non-migrant peers.? First-generation immigrants tend to exhibit

lower educational attainment when compared to the native's counterparts (Dustmann and

2A different approach analyses the inter-generational transmission of human capital, comparing the edu-
cational attainment of the children compared to the education level of their parents. This strand of literature
argues that the educational achievements of the children of migrants are strongly correlated with the edu-
cational achievement of their parent’s generation (Dustmann and Glitz, 2011; Card et al., 2000; Gang and
Zimmermann, 2000)), while the school system or the characteristics of the destination play a smaller role.
This correlation, however, does not differ when compared to non-migrant populations (Smith, 2003).
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Glitz, 2011). Yet, the successive generation of migrants in the USA is rapidly reverting this
trend. In fact, children of migrants in the USA outperform children of natives from a similar
socio-economic background in many educational indicators (Feliciano and Lanuza, 2017).?
The immigrant paradox has been documented in previous academic work. To mention a few,
Card (2005) and Chiswick and DebBurman (2004) show that the offspring of migrants born
in the USA have achieved more years of education when compared to native individuals.
These results are similar to those reported by Figlio et al. (2019) when analyzing test scores
as a measure of academic performance. Figlio et al. (2019) found that, on average, children
of migrants in Florida outperform white natives over time in both mathematics and reading.
The performance advantage is predominantly observed in individuals with an Asian back-
ground (Portes and MacLeod, 1999; Feliciano, 2005) or from cultures that value long-term
orientation (Figlio et al., 2019).

The immigrant paradox does not manifest only in the USA (Schnepf, 2007; Dustmann
et al., 2012) but more broadly in English-speaking countries, whereas children of migrants
performed better in reading and math test scores when it was measured in the Program for
the International Assessment of Student Achievements - PISA (Schnepf, 2007).* Dustmann
and Theodoropoulos (2010) finds that the educational attainment of British born minorities
is higher than native British. Moreover, using the PISA database, Dustman et al. (2012)
a negative gap in academic performance between children of migrants and natives living
in countries such as Finland, Austria, Belgium, Netherlands, and Switzerland, even after

controlling for family background, school characteristics and the share of migrants in the

3Moreover, a recent study by Abramitzky et al. (2019) show also an Immigrants’ advantage in inter-
generational mobility using data on millions of father-son pairs over a 100 years. According to their findings,
children of migrants are more upwardly mobile than the children of US-born parents. This result shows that
the children of migrants in the USA over-perform in terms of income mobility.

4However, in many other countries, migrant students lag behind native students (Riphahn, 2003; Algan
et al., 2010)
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school. In other OECD countries such as France, Greece, and Nordic countries (except for
Finland), the gap in academic performance disappears after including a large set of control
variables. Furthermore, Ours and Veenman (2003) compared second-generation migrants in
the Netherlands with native Dutch people and showed that once age and parent’s educa-
tion are added as control variables, both groups do not show any significant difference in

educational attainment.

An extensive list of explanatory factors has been proposed to understand the gap in aca-
demic performance between migrant students and natives. Factors such as selective migration
policies (Levels et al., 2008; Entorf and Minoiu, 2005) parents’ self-selection into migration
(Feliciano, 2005), the social context at destination (Portes and Rumbaut, 1996; Portes and
MacLeod, 1999), ethnic advantage (Borjas, 1992), and long-term orientation (Figlio et al.,
2019) have been highlighted in the literature. Some authors have documented that ethnic
minority adolescents express higher aspirations (Kao and Tienda, 1995) and higher expec-
tations for university education (Boguslaw, 2017) when compared to native youth. To our
knowledge, little attention has been paid to study teenager's attitudes such as aspirations
and expectations as a potential explanation of the differences in school performance between
migrants and natives. We fill precisely this gap. We contend that the individual attitudes
and beliefs of youngsters are crucial ingredients that must enrich the knowledge of this phe-
nomenon. Once controlling for a long list of individual, family, school, and neighborhood
characteristics, we explore the effect of several and various individual characteristics and

proxies of attitudes of USA’s immigrant and native teenagers.

This chapter also contributes to the economic literature on the role of individual aspi-
rations and goals on performance. Aspirations summarize preferences, a hope, or a wish

to reach a goal, such as an occupation, obtaining a degree, or reaching a certain salary or
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wealth. Quaglia and Cobb (1996) defined aspirations as the ”student’s ability to identify
and set goals for the future, while being inspired in the present to work toward those goals”.
In the economic literature, the concept of aspiration has been mostly addressed to study
the poverty trap and its incidence in economic growth and inequality. For instance, in the
theoretical papers of Dalton et al. (2016) and Genicot and Ray (2017), authors formalize
the concept of aspirations as a reference point used by individuals. Deviations from the
reference point are expressed as utility gains or losses from achieving an outcome (e.g., in-
come). On the other hand, expectations, widely used in many fields of economics, reflect
the constraints or beliefs acknowledged by an individual about aspects of the future. Expec-
tations and the expected utility theory to analyze uncertain future events are ubiquitous in
microeconomics and micro-founded macroeconomics from the seminal work of Morgenstern
(1935) and Von Neumann and Morgenstern (1944). An individual uses his or her belief to
create a probability distribution about the possible future scenarios. The terms aspirations
and expectations are often used interchangeably and without precision. Notwithstanding,
aspirations differ from expectations. The first concept represents ideals, while expectations
embody constraints and perceived limitations (Béhme, 2015) or advantages. Therefore, as-

pirations and expectations can be aligned, but they can also be strongly misaligned.

How do aspirations affect future outcomes? Dalton et al. (2016) argue that there is
two-way feedback between effort and aspirations. Individuals who do not internalize this
relationship tend to aspire less than their actual capacity to achieve and to remain in the
lower part of the income distribution. Under this theory, expectations about future out-
comes are concealed under rational expectation equilibrium, where the expected value of the
future income is equal to the future income. The consequences of the misalignment between

aspirations and expectations are less clear. On the one hand, very high aspirations can lead
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to frustration and underachievement. While on the other hand, reachable aspirations can
inspire individuals (Genicot and Ray, 2017). A recent study using data from India, Ross
(2019) shows that the difference between the children’s occupational aspiration and the cur-
rent family status has an inverted U-shape relationship with human capital accumulation.
Moreover, experimental evidence from cognitive psychology and sports science show that
goals that lie ahead but not too long ahead can be the best motivators to improve perfor-
mance (Berger and Pope, 2011; Latham and Locke, 1991). In this chapter, we first document
the size of the effect of aspirations as well as expectations on education outcomes and then
explore the effects of their misalignment. This exploration is missing in previous studies

documenting the immigrant paradox.

3.3 Data and descriptive statistics

3.3.1 The Add Health data set

We employ the restricted-use version of the National Longitudinal Study of Adolescent to
Adult Health (Add Health) collected by the Carolina Population Center. Add Health was de-
signed to investigate the health, social conditions, education, environment, family situation,
and friendships of adolescents in the United States of America throughout their transition
into adulthood. While the study is not specifically devoted to migration questions, the sam-
ple size and the oversampling of particular migrant groups allow researchers to have a bigger
sample size compared to other studies. The sample includes 20,774 adolescents between

the grades 7-12 drawn from a representative sample of schools in the United States.” An

5To select the sample, all the students from each school filled a questionnaire at the school. The students
were interviewed during the 1994-95 school year when they were between 13 and 18 years old. Using the
in-school questionnaire, the Add Health researchers selected a random sample of students from strata defined
by gender and grade (17 boys and 17 girls per grade per school).
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extensive questionnaire was filled by the students at home. In addition, the parents of the
students filled out a questionnaire that included questions about themselves, their partners,
and the child.

The students were followed from 1994 until 2018 using five interviews. In Wave IV,
subjects were aged between 24 and 32 years, when most of them had finished school and
were entering the labor market. Our final sample of students consisted of 9,153 individuals.
We omitted from the overall sample students with missing values (5,517 obs) in relevant
questions. Wave III data contains follow-up interviews from the 14,979 initial respondents,
which implies we do not observe the School transcript data for over 6,000 respondents from
Wave 1. We use adjusted sampling weights calculated by the Add Health team to account

for panel attrition as well as school transcript non-response.®

3.3.2 Main variables
3.3.2  Outcome variables: educational outcomes

We studied school performance measured by the weighted average Grade-Point-Average
(GPA) for Mathematics, English Literature, Science, and the overall GPA during the four
years of high school. Although previous studies have used standardized test scores, we use
grades since they are a strong predictor of the final test score (Scholastic Assessment Test-
SAT) and posterior educational attainment. For example, Zwick and Sklar (2005) show that
an increase in one standard deviation in high school GPA increases the first-year grade-point
averages (FGPAs) among first-year college students by one-third standard deviation.

The GPA measures came from the Adolescent Health and Academic Achievement (AHAA)

6The transcripts were not collected when the respondent was home-schooled, attended high school outside
the USA, the school closed, refused to provide information or the information was incomplete or incorrect.
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study. The AHAA data corresponds to a collection of the school transcripts for 12,241 Add
Health respondents from Wave I. The data allowed us to measure the performance of the

students at the end of high school.

3.8.2  Aspirations, expectations and misalignment

We define aspirations as hopes and desires about the future, while expectations are the beliefs
about what will happen in the future (DeMoss, 2013; Jacob and Wilder, 2010). To measure
educational expectations and aspirations to attend college, we used two questions asked in
Wave I, well before the measurement of the school performance. More specifically, questions
about aspirations and expectations were asked in Wave I (1994-95), whereas the records of the
school performance are taken from the school transcripts at the end of high school. Students
were asked: "rate on a scale of one to five, where one is low, and five is high, how much
do you want to go to college? And how likely it is that you will go to college”? We define
three categories for each variable. Students with Low aspirations-expectations corresponds
to those who answered on a scale of one to three, Medium corresponds to answering 4, and
High corresponds to the maximum level.

We define misalignment as the difference between the level of aspiration and expectations
shown by the students. We define three dummy variables: Asp < Exp, equal to 1 is aspira-
tions are smaller than expectations and zero otherwise; Asp > Exp equal to 1 if aspirations
are larger than expectations and zero otherwise; and Asp = Exp equal to 1 if aspirations
are equal to the level expectations and zero otherwise. When Asp< Exp is equal to one,
the adolescent is calculative, and she expects to go to college more than she desires it. By
contrast, when Asp> Exp is equal to one, the adolescent is inspirational, but she expects it

to be difficult to attend college; thus, she downgrades her expectations. This second type
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of misalignment is prone to feelings of frustration that harm educational performance or, on
the contrary, can be the driving force to better performance. We investigate which effect
dominates in the determination of school performance and whether there is a heterogeneous

effect for native and immigrant children.

3.3.2  Migration generation

We define 1.5 generation as those children who were not born in the USA and whose biological
parents were born outside the USA. We use this definition following the work of Rumbaut
(2004), in which the author identifies as the 1.5 generation as those migrants who arrived
at the destination country between the ages of 6 and 12 years old and who have learned the
origin’s language but has completed an important part of their education at the destination
country. Since the students in the Add Health sample were still in high school, many of them
spent most of their school years in the US.” For this group of immigrants, migration is not
a choice. Importantly, they lived the trauma of the migratory process with their parents,

bringing with them some of the experiences accumulated in their countries of origin.

Table 3.1: Definition of migration generation

] \ Child ‘
Parent Born in U.S Born outside U.S
Born in U.S. Natives Natives
Born outside U.S. | Generation 2.0 | Generation 1.5

The second-generation or generation 2.0 corresponds to children who were born in the

USA but for which at least one of the biological parents was born outside the USA. Lastly,

"The average age of migration of the teens born abroad is 7.6 years old.
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we considered native children such as those who were born in the USA and both of their
biological parents as well. Children born abroad whose parents were born in the USA are
also assimilated to native children.® Table 3.1 summarizes the different cases.

To determinate the migration generation, we used the country of birth indicated by
the child. Nevertheless, in cases where the information was missing, we used the parent’s
response or the answers in the school questionnaire. In addition, we used the country of
birth of the biological parents answered by the child in the questionnaire collected at home
during Wave I. We also employed the answers from the questionnaire collected at the school
when information about the biological parents was missing. When biological parents were

absent, we used the information on the adoptive or step-parents.

3.3.2 Cowvariates

A comprehensive list of the control variables is available in Tables 3.15 and 3.16 reported in
the appendix of this chapter. Among others, we control for cognitive ability and different non-
cognitive traits that affect human capital investment, such as internal locus of control and
self-esteem. According to Coleman and DeLeire (2003), teenagers who believe that outcomes
are a result of their efforts have a larger likelihood of graduating from high school.Moreover,
high self-esteem and confidence are associated with better learning and school success (Mocan
and Yu, 2017). We included a self-esteem index constructed using different questions asked
to the student in Wave I (see Table 3.15 for detail). Moreover, body mass index (BMI) is
included in the regressions as a health indicator, but it also captures aspects of self-esteem
development (Mocan and Tekin, 2011; Zuppann and Liu, 2016). In addition, we included age

since it allowed us to take into account whether the students began high school at different

8 Among the Add Health total sample, we have identified only 140 students born abroad and whose parents
are US-born. Out of these 140 students, 40% of them migrated back to the USA before the first year.
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ages. More mature students might have a better understanding of their aspirations and how
to accomplish them. We also include gender and ethnicity as controls.

In line with the broad literature on education, we include other household controls such
as family structure, number of siblings, parental expectations for higher education, parental
involvement, income,” and a dichotomous variable that is equal to one if the family speaks
English at home and zero otherwise. We include the education level of the highest educated
parent. When the father is not present in the household, we use the education of the mother

or the adult in charge.'”

3.3.3 Descriptive Statistics

Tables 3.2 and 3.3 report the means and standard deviations for all control variables by type
of pupils. Children of immigrants represent 21 percent of the sample. Migrant generation
2.0 and 1.5 represent 13 and 7 percent, respectively. Both children of immigrants and
natives in this sample express strong desires to achieve a college education. While 73 percent
of native children report the highest level of aspiration, nearly 79 percent belonging to
the 1.5 generation express the same wish. High aspirations and middle expectations are
predominant among the 1.5 generation children. Only 56 percent of them report having the
same level of aspirations and expectations, while 38 percent report having larger aspirations
than expectations. In contrast, approximately 22 percent of native children reported larger
aspirations than expectations. Immigrant children might understand the benefits of higher

education; however, they might perceive lower returns as a result of potential labor market

9There are missing values in family income because some parents were not surveyed in Wave I. Only 76%
of the families reported income in the survey; therefore, we imputation some values using the mean of the
income.

1027 percent of children do not report a father living in the household nor their education level. For a
detailed description of the control variables see Table 3.15 and 3.16.
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discrimination or the lack of role models in their community or neighborhood. This group
of students reports a lower score in the vocabulary test (PPVT), lower self-confidence score,
and lower body mass index when compared to the native students. Moreover, they were
raised in families with lower incomes, more siblings, they are less likely to speak English
at home, and the mothers have a lower education level when compared to natives. The
proportion of 1.5 generation immigrant students whose mother did not finish high school is
more than 36 percent, as opposed to only 10 percent of the native students.

The children corresponding to the second-generation immigrants show similar aspiration
levels when compared to natives. However, over 27 percent of them show larger aspirations
than expectations. Second-generation migrants do not seem to differ when compared to
natives in aspects such as BMI, age, gender, internal locus of control, family income, or the
number of siblings in the household. In contrast, they show significantly lower average scores
in the vocabulary test. This could be explained by the fact that 29% live in families that do
not speak English at home, and the mothers are less educated than the mothers of native
students.

Despite these socioeconomic differences, the parents of both 1.5 and 2.0 generations of
immigrants express high expectations for their child’s academic future when compared to
native adolescents. While 40 percent of native students have parents who express high
expectations for college attendance for their children, this proportion is equal to 71 and 58

percent for the 1.5 and 2.0 generation of immigrants, respectively.

3.4 Empirical Strategy

We bring the data to econometric specifications using variation across individuals ¢, schools

s, and education grades g. We estimate three specifications. The first capturing the role of



Table 3.2: Descriptive statistics for the Add Health sample - Part 1

Natives Gener. 1.5 Gener. 2.0 Mean Difference

L@ @) (1)) (1)-3)
College Aspirations
(1-3) 0.142 0.091 0.105  0.050" 0.0367"
(0.336)  (0.345) (0.372)  ]0.019] [0.016]
4 0.126 0.116 0.130 0.010 -0.004
(0.320)  (0.383) (0.408)  [0.021] [0.014]
5 0.731 0.792 0.763  -0.060" -0.031
(0.427)  (0.485) (0.515)  [0.028] [0.021]
College Expectations
(1-3) 0.200 0.196 0.171 0.004  0.028
(0.385) (1 0.475)  (0.457) [0.030] [0.019]
4 0.202 0.315 0.249  -0.113" -0.046**
(0.387)  (0.556) (0.524)  ]0.024] [0.022]
5 0.596 0.487 0.579  0.017T  0.017
(0.472)  (0.598) (0.598)  [0.038] [0.273]
Alignment
Asp.= Exp. 0.711 0.560 0.650  0.150"7 0.061**
(0.436)  (0.593) (0.578)  10.034] [0.022]
Asp.< Exp. 0.068  0.0503 0.072 0.017  -0.004
(0.242)  (0.26)  (0.313) [0.012] [0.011]
Asp.> Exp. 0.220 0.389 0.277  -0.168** -0.056**
(0.399)  (0.583) (0.542)  ]0.035] [0.021]
Age 15.38 15.88 15.41  -0.502*%% -0.028
(1.705)  (2.085) (2.19)  [0.238] [0.168]
Male 0.499 0.454 0.493 -0.044  -0.005
(0.481)  (0.595) (0.605)  [0.031] [0.026]
Body-Mass-Index 22.467  21.709 22.301  0.758"  0.166
(4.379)  (4.551)  (5.259) [0.271] [0.223]
PPVT 103.862  89.986 102.558 13.875" 1.304
(12.606) (20.144) (17.139) [1.476] [1.006]
Self-esteem index 0.186 -0.322 0.018  0.509** 0.1683
(1.808) (2.193)  (2.592) [0.119] [0.118]
Internal Locus =1 0.753 0.781 0.739 -0.028  0.013
(0.415)  (0.494) (0.532)  ]0.030] [0.021]
Observations 7356 643 1154

Notes: Standard deviations are in parentheses and standard errors are in brackets.

PPVT: Peabody Picture Vocabulary Test. * p < 0.10, ** p < 0.05, T p < 0.01.

80
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Table 3.3: Descriptive statistics for the Add Health sample - Part 2

Natives Gener. 1.5 Gener. 2.0 Mean difference

(1) (2) 3 (1)-(2) (1)-(3)

English at Home =1 0.996  0.316 0.705  0.6307 0.291*
0.059) (0.556)  (0.552) [0.055] [0.036]
0.770  0.088 0.324°  0.681F 0.445+
0.405) (0.339)  (0.567) [0.032] [0.037]
0.045  0.482 0413 -0.437* -0.367+
0.200) (0.598)  (0.596) [0.077] [0.043]
0.170  0.039 0.063  0.131F 0.107+

White non-hispanic (
(
(
(0.362)  (0.232)  (0.295) [0.025] [0.020]
(
(
(

Hispanic

Black non-Hispanic

Asian 0.007  0.373 0.152° -0.365" -0.145%
0.081) (0.578)  (0.435) [0.068] [0.023]
Other 0.007  0.020 0.045  -0.010 -0.039%*
0.080) (0.573)  (0.252) [0.010] [0.014]
N siblings 1435 2406 1.825 -0.970% -0.389

1.189) (2.516) (1.711)  [0.208] [0.119]
Mother Education

Less than high school 0.103 0.368 0.234  -0.264" -0.130"
(0.296) (0.574)  (0.502) [0.048] [0.035]
High school graduate 0.608 0.259 0.462  0.3497 0.145*
(0.473)  (0.521)  (0.591) [0.033] [0.029]
College graduate 0.287 0.2535 0.236 0.033 0.051*
(0.439) (0.517)  (0.503) [0.048] [0.029]
Missing information 0.118 0.066  -0.118+ -0.066+

(0.384)  (0.295) [0.031] [0.014]
Both biological parents 0.614 0.652 0.702  -0.037 -0.087**
0.472)  (0.566)  (0.542) [0.047] [0.028]
0.159 0.1364 0.1384 0.023 0.0210
0.355) (0.408)  (0.409) [0.022] [0.020]
0.225 0.211 0.158 0.014  0.066

At least one step-parent (
(
(0.405)  (0.485) (0.433)  [0.040] [0.021]
(
(

Single parent or other

0.406 0.715 0.584  -0.292% -0.182"
0.476)  (0.536) (0.584) [0.028] [0.029]
0.029 0.163 -0.014 0.013 0.043
1.267) (1.421) (1.402) [0.093] [0.065]
Contextual educational 36.9653  79.935 72.575 -42.970 -35.609

High Parents expectations

Parent involvement index

attainment (15.110) (13.692) (22.0149) [1.091] [0.944]
Income (Thousand)* 48.838  32.524 46.487 16.314T 2.351

(43.803) (45.816) (55.858) [4.153] [3.140]
Observations 7356 643 1154

Notes: Standard deviations are in parentheses and standard errors are in brackets.
* Income is reported for 7,103 respondents * p < 0.10, ** p < 0.05, ¥ p < 0.01
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aspirations and expectations and their interaction with migration generation. The second
estimates the effect of misalignment and its interaction with migration generation, and the

third includes misalignment and aspirations and expectations as additional control variables:

Yisgtra = ao+ anGensg + aoHighisgr + asMed;sy s + asGengsy X Highisgr + (3.1)

+asGengsg X Medsgy + 06 Xisgr + hs + fbg + €isgita

Y;sg,t—l-4 = 60 + BlGenisg,t + 62Wisg,t + 63Disg,t + 54G€nisg X I/Vz’sg,t (32)

+65G€nisg X Disg,t + BGXisg,t + s + Mg + €isg,t+4

Yisgira = 0+ nGenisg + voHighisgs + v3Medisg s + 7aWisgr + (3.3)

’YSDisg,t + 76Genisg X ‘/V'isg,t + P)/SGenisg X Disg,t + 79Xisg,t + s + Hg + €isg,t+4

where Y14 is either the total average GPA and the GPA in Math, Science, or English
literature at the end of high school. Gen,s, is a vector of binary variables indicating whether
the teenager is a 1.5 generation migrant, a second-generation migrant, or a native. The
dummy variables High;s,, correspond to the cases where aspirations or/and expectations are
high. Med;s, correspond to the cases where aspirations or/and expectations have a medium
level. The variable Wi, is equal to 1 for the cases where Asp< Exp and zero otherwise. The
variable D, is equal to 1 for the cases where Asp> Exp, and zero otherwise. The baseline
category is when there is no difference between the level of aspiration and expectations
chosen by the students. We include school and grade fixed effects (s and p, respectively).

We also substitute the school fixed effects with neighborhood fixed effects as an alternative
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since not all schools are nested within the same neighborhood or vice versa. ' Moreover,

the sample size within each school limits the use of a cross-classified multilevel model.

3.4.1 Endogeneity issues

Endogeneity constitutes a threat to the identification of the causal effect of aspirations and
expectations on academic attainment. First, individuals may form their aspirations based
on their performance and vice-versa. Similarly, children can update their expectations as
a response to their performance. This would create a case for reverse causality, inducing a
bias in the estimates of the effect of these variables on education attainment. Nevertheless,
the design of the survey mitigates this concern as the expectations and aspirations of the
children are measured well before the measurement of their academic performances. In this
sense, aspirations, expectations, and possible misalignment are predetermined with respect
to performance.'?

The second source of endogeneity is related to the omission of unobserved factors that
determine both aspirations and expectations on the one hand, and academic performance
on the other hand. While the inclusion of school and grade fixed effects mitigates the role of
these unobserved common determinants, the fact that not all relevant questions were asked
throughout the different waves of the survey prevents us from including individual fixed

effects.!® In the literature, additional solutions to deal with the remaining concern of en-

11 The Add Health sample includes charter, choice, and magnet schools that offer open enrollment programs
allowing students to attend schools outside their residence districts.

12\We also observe that expectations and aspirations do not vary for most students when we compare the
responses to the survey in Wave I and II.As shown in figure 3.1 in Appendix B, over 60% of the respondents
do not change their level of aspirations between Wave I and Wave I1. For the case of expectations, over 50%
of the respondents do not modify their answer between Wave I and Wave II.

13We control for a large set of individual-specific variables such as age, gender, BMI, PPVT, self-esteem
index, internal locus of control, ethnicity, English at home, number of siblings, parent education, parental
contextual attainment, family structure, parental expectations for higher education, parent involvement
index, and household income.
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dogeneity have been used, ranging from experimental designs to “peer-effects” instrumental
variables.!* In our context, given the richness of the included covariates, we did not find
"peer-effects” type of instruments that comply with the conditions of validity of instrumental
variables.

As an alternative to experimental approaches or instrumental variable solutions, we eval-
uate the robustness of the results by analyzing the stability of the coefficient of interest to
the inclusion of observed controls employing the formal approach proposed by Oster (2019).
The idea is to evaluate how important is the size of the omitted variables to invalidate
the obtained estimates, making assumptions about the relationship between selection along
with observable and unobservable determinants. Based on Altonji et al. (2005), Oster (2019)
presents the connection between omitted bias and coefficient stability theoretically by ex-
ploiting the coefficient stability and R-squared movements. Formally, Oster (2019) proposes

the following adjusted coefficient of interest:

~ * ~ Rmax - R
Yadjusted =7 — O[7* — ]W (3.4)

where 4 and R correspond to the coefficient of interest and the R? from the regression
with controls. ~* and R* correspond to the coefficient and the R? from the regression

without controls. R,,q; would be the maximum possible £? if both unobserved and observed

4Prior empirical literature has relied predominantly on randomized control trials (Goux et al., 2017; Car-
lana et al., 2018; Bernard et al., 2014, 2019) Researchers have conducted different experimental interventions
to influence the individual’s level of aspirations such as videos, meetings with school principals, or counseling
programs for either parents or teenagers. Christofides et al. (2015), alternatively, use an instrumental variable
approach to determine the impact of aspirations on educational outcomes such as going to university and
graduating. The authors use as an instrumental variable the change in the student’s belief about whether a
university degree is required to work in the future job at age 30. Moreover, recent studies have made use of
“peer-effects” instrumental variables. For example, Kosec et al. (2018) employ as an instrumental variable
a predicted aspiration index using five dimensions of aspirations and the average weights of the community
instead of the individual’s weight in the construction of the index. To our knowledge, no studies have used
these two methodologies to estimate the effect of the gap between educational aspirations and expectations.
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variables were included in the specification. A maximum value of R,,,, would be 1, while
a minimum value would be R. The parameter § corresponds to the degree of selection
on unobserved factors proportional to the observable characteristics necessary to make the
coefficient of interest statistically insignificant (7 = 0). Oster (2019) proposes two approaches
for robustness. The first, in which the researcher assumes a value for R,,,, and calculates the
relative degree of selection on unobservables proportional to observable factors (0) for which
v = 0. The second, in which the researchers use bounds on R,,,, and § to develop a set
of bounds for v. While this method relies on the assumption that the relationship between
non-observable factors and the treatment can be retrieved from the relationship between
the observable variables and the treatment, it is informative about the degree of omitted
variable bias in our results. We adapt this framework to ours in which the treatment effect
varies with aspirations/expectations. As shown in Section 3.5.3, reassuringly, the problem

of omitted variable bias seems negligible in our estimations.

3.5 Results

The regression results for the overall GPA are presented in Table 3.4. Tables 3.5, 3.6 and 3.7
report the results when the dependent variable is the GPA in mathematics, science, or English
literature, respectively. These tables include all the control variables reported in Tables 3.2
and 3.3 as well as grade and school fixed effects.!® Since we study three variables, aspiration,
expectations, and the misalignment between aspirations and expectations, the tables report
three different specifications. Column (1) reports the results where we regress GPA on

migration generation, including all control variables. Columns (2), (3), and (5) display the

15For space considerations, the estimated coefficients for the control variables are not reported but are
available upon request.
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interaction between migration generation and the student’s aspirations, expectations, and
misalignment, respectively. Finally, column (6) includes the interaction between migration
generation and the student’s misalignment while aspirations and expectations are added as

control variables.

According to the baseline estimates, children born abroad have a higher overall GPA
score than native children after controlling for a very extensive list of individual, family, and
school fixed effects. The difference in the GPA between 1.5 immigrant teenagers and native
teens is only 0.16 points, as depicted in row one in column (1) of Table 3.4. Moreover, after
including an extensive list of control variables, we found no significant differences in GPA
between US-born teens of a migrant parent (2.0 migrants) and the US-born teens of US-born

parents.

Different studies illustrate that immigrant parents and their children express high edu-
cational aspirations and expectations (Kao and Tienda, 1995; Tjaden and Hunkler, 2017;
Tjaden and Scharenberg, 2017). While the descriptive statistics’ session shows that 1.5
generation migrant teens do express higher aspirations to attend college when compared to
native teens, we found no differentiated effect of aspirations on the final GPA between the
children of migrants and the children of natives (see Table 3.4 column 3) when we control
for different covariates. A similar pattern was found when analyzing specific subjects as
shown in column 3 from Tables 3.5, 3.6 and 3.7. Results show that greater aspirations are
associated with a higher grade point average (GPA) for any subject at the end of high school.

This pattern is general for all the interviewed teens.

Meanwhile, for the case of expectations, we also found a positive association between
higher expectations to attend college and high school final GPA. Nevertheless, we also found

a negative and significant interaction effect between high-level expectation and being for
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Table 3.4: OLS regression results for Overall GPA (4 year average) with school fixed effects
1) 2) () (4) (5) (6)

gpal  gpal  gpal  gpal gpal gpal

Gener. 1.5 0.168** 0.314* 0.4767 0.188T 0.0981 0.0789
(0.0662) (0.185) (0.117) (0.0672) (0.0751) (0.0756)
Gener. 2 -0.0408 -0.0161 0.0181 -0.0279 0.000155 0.00304
(0.0523) (0.135) (0.104) (0.0525) (0.0571) (0.0543)
Medium aspi. 0.151" 0.128**
(0.0425) (0.0560)
High aspi. 0.349% 0.288%
(0.0346) (0.0852)
Gener. 1.5 x Medium aspi. -0.0630
(0.228)
Gener. 1.5 x High aspi. -0.205
(0.188)
Gener. 2 x Medium aspi. -0.0744
(0.136)
Gener. 2 x High aspi. -0.0193
(0.130)
Medium Exp. 0.208% 0.0933*
(0.0343) (0.0482)
High Exp. 0.439F 0.200**
(0.0335) (0.0887)
Gener. 1.5 x Medium Exp. -0.224*
(0.127)
Gener. 1.5 x High Exp. -0.438%
(0.119)
Gener. 2 x Medium Exp. -0.0609
(0.113)
Gener. 2 x High Exp. -0.0329
(0.108)
Asp.< Exp. -0.0719* -0.0568 0.0800
(0.0382) (0.0419) (0.0630)
Asp.> Exp. -0.148% -0.160" -0.119*
(0.0286) (0.0320) (0.0645)
Gener. 1.5 x Asp.< Exp. -0.0630 -0.0160
(0.143) (0.131)
Gener. 1.5 x Asp.> Exp. 0.254%  0.264%
(0.0951) (0.0957)
Gener. 2 x Asp.< Exp. -0.151  -0.151
(0.103) (0.102)
Gener. 2 x Asp.> Exp. -0.0494 -0.0437
(0.0892) (0.0859)
Constant 2.984% 2.883T 2.826% 2.974T 3.013% 2.839T
(0.421) (0.421) (0.405) (0.417) (0.412) (0.401)
Observations 9153 9153 9153 9153 9153 9153
R? 0.397 0415 0427 0401 0403 0.430
Individual controls Yes Yes Yes Yes Yes Yes
Household controls Yes Yes Yes Yes Yes Yes
Grade FE Yes Yes Yes Yes Yes Yes
School FE Yes Yes Yes Yes Yes Yes

Notes: Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control, ethnicity, English at home, number of
siblings, parent education, parental contextual attainment, family structure, parental expectations for higher education, parent involvement
index, household income. Standard errors clustered by school are displayed in parentheses. Significance levels * p < 0.10, ** p < 0.05, +

p < 0.01. The results in this table were estimated using Wave III Education Sample weights.
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1.5 migrant generation children when compared to natives. This means that while higher
expectations at the start of high school are important, it seems that at higher levels of
expectation, the difference in GPA between native teenagers and migrant teenagers decreases.
When both groups of students have high expectations, the difference in the average GPA is
closer to zero (0.038). When the students have a medium expectation level, the difference in
the average overall GPA between native and 1.5 children is 0.25 points. When the students
have a low expectation level, the difference in the average overall GPA between native and
1.5 children is 0.476. A similar pattern is found when the dependent variable is a specific
subject such as Math, English literature or Science (see column 3 in Tables 3.5, 3.6 and 3.7).

These results lead us to explore the gap between aspirations and expectations.

As explained by Genicot and Ray (2017), the absolute level of aspirations is not enough
to explain performance. Instead, researchers must consider the distance between the aspira-
tion and the status quo (or the perception of the status quo in this case) to understand how
individuals manage to achieve the aspired goal. Following this theoretical result, we estimate
the effect of misalignment between aspirations and expectations on the difference in GPA
between 1.5 migrant children and natives. We uncovered that misalignment between aspi-
ration and expectations is associated with lower grades for most children. When all groups
of students have aligned aspirations and expectations, the difference in the GPA between
1,5 migrant generation, second generation, and native children are statistically insignificant.
However, there is a positive and significant interaction effect between frustration (i.e., high
aspiration but low expectation) and being a 1.5 migrant teen. When the teens express higher
aspirations than expectation, the difference in the average overall GPA between native and
1.5 children is 0.26 points, which is equivalent to a difference of 0.31 standard deviations.

While this difference is small, it also suggests that migrant children might have a positive
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reaction when facing misaligned aspirations that reflects in their final high school grades.
We find similar results using neighborhood fixed effects (See tables 3.21 to 3.24 in Ap-
pendix B). Interestingly, it appears that 1.5 migrants who are endowed with educational
aspirations but are pessimistic about their future educational career do not give up their
dreams. The results point to conclude that teenagers with low expectations, but possibly
high aspirations, are the ones explaining the positive difference in GPA between migrant chil-
dren and natives. It is precisely this difference the driving force of the immigrant paradox.
As we will explore in Section 3.5.1, this frustration makes 1.5 generation migrant children

spend less time in leisure activities and possibly study more.

3.5.1 Mechanism: role of misalignment on effort and leisure

In this section, we study a potential mechanism that links student goals and beliefs with
outcomes. We explore the idea that migrant children might compensate for their perceived
disadvantage with an increase in their studying effort. Misalignment can be a driving force to
study more rather than disappointment and giving up. To test this hypothesis, we estimate
auxiliary regressions and introduce an outcome variable that measures the number of hours
teenagers spend watching TV as a proxy of leisure time and a possible direct substitute for
studying time.'® The Column (2) in Table 3.8 reports estimates of the relationship between
migrant generation and (mis)alignment on the number of hours watching TV measured in
Wave II. Column (3) includes the level of hours watching TV measured in Wave 1. In general,

we found that migrant children who have misaligned aspirations in Wave 1 are associated

160Other potential activities could have also been considered as leisure activities such as playing video
games. However, not all children likely possessed a video console in 1994, and it might also reflect some
income differences. The survey does not give information about the hours spent doing homework or playing
sports. Nevertheless, it is debatable whether sports should be a direct substitute to study time since sport
can improve the health of children and make them more able to performs other tasks, including school
activities.
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Table 3.5: OLS regression results for Math GPA (4 year average) with school fixed effects

(1) (2) (3) 4) (5) (6)

Gener. 1.5 0.172* 0.291 0.470T 0.191** 0.0779 0.0625
(0.0900) (0.216) (0.145) (0.0906) (0.0958) (0.0971)
Gener. 2 -0.0157 0.0714 -0.00673 -0.00485 0.0323 0.0351
(0.0620) (0.136) (0.107) (0.0618) (0.0663) (0.0642)
Medium aspi. 0.112** 0.0888
(0.0464) (0.0665)
High aspi. 0.289+ 0.245%*
(0.0422) (0.107)
Gener. 1.5 x Medium aspi. 0.0332
(0.262)
Gener. 1.5 x High aspi. -0.181
(0.210)
Gener. 2 X Medium aspi. -0.188
(0.149)
Gener. 2 x High aspi. -0.0806
(0.139)
Medium Exp. 0.148* 0.0594
(0.0439) (0.0599)
High Exp. 0.3817 0.169
(0.0397) (0.112)
Gener. 1.5 x Medium Exp. -0.102
(0.156)
Gener. 1.5 x High Exp. -0.491"
(0.139)
Gener. 2 x Medium Exp. 0.0398
(0.131)
Gener. 2 x High Exp. 0.0103
(0.115)
Asp.< Exp. -0.0219 -0.00350 0.126
(0.0508) (0.0565) (0.0824)
Asp.> Exp. -0.131% -0.146" -0.0994
(0.0380) (0.0423) (0.0876)
Gener. 1.5 x Asp.< Exp. -0.0954 -0.0567
(0.142) (0.137)
Gener. 1.5 x Asp.> Exp. 0.320% 0.328%
(0.116) (0.118)
Gener. 2 x Asp.< Exp. -0.178  -0.175
(0.116) (0.117)
Gener. 2 x Asp.> Exp. -0.0734 -0.0676
(0.106) (0.104)
Constant 2.8697 2.795T 2.752%7 2.853%7 2.902%7 2.766T
(0.485) (0.489) (0.471) (0.480) (0.473) (0.466)
Observations 9124 9124 9124 9124 9124 9124
R? 0.280 0.290 0.299 0.283 0.284  0.300
Individual controls Yes Yes Yes Yes Yes Yes
Household controls Yes Yes Yes Yes Yes Yes
Grade FE Yes Yes Yes Yes Yes Yes
School FE Yes Yes Yes Yes Yes Yes

Notes: Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control, ethnicity, English at home, number of
siblings, parent education, parental contextual attainment, family structure, parental expectations for higher education, parent involvement
index, household income. Standard errors clustered by school are displayed in parentheses. Significance levels * p < 0.10, ** p < 0.05, +

p < 0.01. The results in this table were estimated using Wave III Education Sample weights.
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Table 3.6: OLS regression results for English GPA (4 year average) with school fixed effects

1) @) () 4) () (6)

Gener. 1.5 0.238F 0.418° 05217 02617 0.187* 0.170°
(0.0755) (0.219) (0.140) (0.0757) (0.0879) (0.0889)

Gener. 2 -0.0430 0.0260 0.0265 -0.0297 0.00659 0.0103

(0.0552) (0.152) (0.117) (0.0555) (0.0598) (0.0574)

Medium aspi. 0.126** 0.102
(0.0504) (0.0632)
High aspi. 0.372% 0.299%
(0.0436) (0.110)
Gener. 1.5 x Medium aspi. -0.0959
(0.250)
Gener. 1.5 x High aspi. -0.244
(0.222)
Gener. 2 x Medium aspi. -0.0849
(0.154)
Gener. 2 x High aspi. -0.0754
(0.152)
Medium Exp. 0.179% 0.0564
(0.0426) (0.0591)
High Exp. 0.451F 0.212**
(0.0405) (0.107)
Gener. 1.5 x Medium Exp. -0.195
(0.156)
Gener. 1.5 x High Exp. -0.392+
(0.130)
Gener. 2 x Medium Exp. -0.0896
(0.126)
Gener. 2 x High Exp. -0.0347
(0.129)
Asp.< Exp. -0.0846** -0.0673 0.0973
(0.0385) (0.0417) (0.0765)
Asp.> Exp. -0.158% -0.165T -0.0948
(0.0325) (0.0372) (0.0743)
Gener. 1.5 x Asp.< Exp. -0.139 -0.0942
(0.205) (0.187)
Gener. 1.5 x Asp.> Exp. 0.212** 0.224**
(0.107) (0.106)
Gener. 2 x Asp.< Exp. -0.142  -0.141
(0.131) (0.129)
Gener. 2 x Asp.> Exp. -0.0859 -0.0791
(0.100) (0.0980)
Constant 2.639%7 25337 2.471F 2.627T 2.669"T 2.487T
(0.447) (0.451) (0.445) (0.447) (0.444) (0.439)
Observations 9119 9119 9119 9119 9119 9119
R? 0.353 0.371  0.381 0.358 0.359 0.384
Individual controls Yes Yes Yes Yes Yes Yes
Household controls Yes Yes Yes Yes Yes Yes
Grade FE Yes Yes Yes Yes Yes Yes
School FE Yes Yes Yes Yes Yes Yes

Notes: Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control, ethnicity, English at home, number of
siblings, parent education, parental contextual attainment, family structure, parental expectations for higher education, parent involvement
index, household income. Standard errors clustered by school are displayed in parentheses. Significance levels * p < 0.10, ** p < 0.05, +

p < 0.01. The results in this table were estimated using Wave III Education Sample weights.
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Table 3.7: OLS regression results for Science GPA (4 year average) with school fixed effects
(1) (2) (3) (4) () (6)

Gener. 1.5 0.176** 0.427** 0.5167 0.201**  0.129 0.109
(0.0806) (0.193) (0.129) (0.0825) (0.0904) (0.0881)
Gener. 2 -0.0495 0.0499 0.00928 -0.0338 0.00145 0.00435
(0.0622) (0.126) (0.102) (0.0631) (0.0678) (0.0655)
Medium aspi. 0.120** 0.133*
(0.0537) (0.0727)
High aspi. 0.331% 0.335%
(0.0416) (0.111)
Gener. 1.5 x Medium aspi. -0.159
(0.268)
Gener. 1.5 x High aspi. -0.318
(0.222)
Gener. 2 x Medium aspi. -0.0930
(0.139)
Gener. 2 x High aspi. -0.112
(0.125)
Medium Exp. 0.202+ 0.0726
(0.0414) (0.0581)
High Exp. 0.430%" 0.125
(0.0416) (0.111)
Gener. 1.5 x Medium Exp. -0.320**
(0.150)
Gener. 1.5 x High Exp. -0.433%
(0.147)
Gener. 2 x Medium Exp. -0.0568
(0.119)
Gener. 2 x High Exp. -0.0323
(0.110)
Asp.< Exp. -0.0738 -0.0614 0.110
(0.0535) (0.0586) (0.0941)
Asp.> Exp. -0.171% -0.176% -0.181**
(0.0335) (0.0371) (0.0751)
Gener. 1.5 x Asp.< Exp. -0.000162 0.0497
(0.131) (0.123)
Gener. 1.5 x Asp.> Exp. 0.191*  0.200*
(0.112)  (0.113)
Gener. 2 x Asp.< Exp. -0.145  -0.143
(0.133) (0.133)
Gener. 2 x Asp.> Exp. -0.0832 -0.0794
(0.0916) (0.0901)
Constant 2.459F 23507 2.273%t 2.443T 2474F 2.291F
(0.475) (0.482) (0.466) (0.470) (0.468) (0.464)
Observations 9091 9091 9091 9091 9091 9091
R? 0.325 0.337 0.346  0.329 0.330 0.348
Individual controls Yes Yes Yes Yes Yes Yes
Household controls Yes Yes Yes Yes Yes Yes
Grade FE Yes Yes Yes Yes Yes Yes
School FE Yes Yes Yes Yes Yes Yes

Notes:Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control, ethnicity, English at home, number of
siblings, parent education, parental contextual attainment, family structure, parental expectations for higher education, parent involvement
index, household income. Standard errors clustered by school are displayed in parentheses. Significance levels * p < 0.10, ** p < 0.05, +

p < 0.01. The results in this table were estimated using Wave III Education Sample weights.
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with fewer TV hours measured one year later. This correlation persists when we control
for the current hours spent watching TV in Wave 1. Nevertheless, there is a reduction
in the coefficient associated with 1.5 generation and misalignment (Aspirations greater than
Expectations). The result suggests that this particular group of students might be dedicating

less time for leisure activities and potentially more time to study.
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Table 3.8: OLS estimation on the number of hours watching TV per week in Add Health’s

wave [I

(1)

(2)

(3)

hours tvW2 hours tvW2 hours tvW?2

Generation 1.5 -4.044 -2.151 -1.611
(1.252) (1.323) (1.352)
Generation 2.0 -1.020 -1.488 -1.040
(0.929) (0.924) (0.806)
Asp.< Exp. 0.241 0.351
(0.811) (0.760)
Asp.> Exp. 0.831 0.760
(0.661) (0.558)
Gener. 1.5 x Asp.< Exp. 0.947 3.252
(4.431) (3.850)
Gener. 1.5 x Asp.> Exp. -6.3297" -5.636"
(1.665) (1.505)
Gener. 2 x Asp.< Exp. -1.976 -3.021*
(1.921) (1.718)
Gener. 2 x Asp.> Exp. 1.760 1.370
(1.889) (1.828)
Hours tv in t-1 0.354"
(0.0200)
Observations 8420 8420 8402
R? 0.130 0.133 0.242
Individual controls Yes Yes Yes
Household controls Yes Yes Yes
Grade Yes Yes Yes
School FE Yes Yes Yes

Notes:Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control, ethnicity, English at home, number of
siblings, parent education, parental contextual attainment, family structure, parental expectations for higher education, parent involvement
index, household income. Standard errors clustered by school are displayed in parentheses. Significance levels * p < 0.10, ** p < 0.05, +

p < 0.01. The results in this table were estimated using Wave II Sample weights.
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3.5.2 Robustness checks

In the previous sections, we show how the misalignment between aspirations and expecta-
tions is a major driving force that explains the over-performance of migrant children. The
misalignment is associated with fewer leisure activities for this group of students. In this
section, we assess the robustness of our main findings. In addition to the OLS estimation pre-
sented in the previous section, the censoring of the GPA between zero and four is addressed
in this section. While our measure of GPA is a weighted average by credits, it is continuous
over the range zero and four, meaning that students cannot obtain a grade greater than four
or smaller than zero. Therefore, to take into account for left- and right-censoring in the
dependent variable, we estimate Tobit regressions for our measures of GPA. Tables 3.9 show
the results using a Tobit model for high school GPA with zero as the lower limit and four as
the upper limit. The size of the coefficients are slightly altered by the use of a Tobit model,
nevertheless, the results presented in the tables do not diverge qualitatively from the results
reported previously using OLS.

Moreover, we test whether the results are driven by those students who migrated at
younger ages. These students have spent more time in the host country; therefore, they are
better assimilated and able to achieve similar academic grades when compared to their native
counterparts. Cortes (2006) shows that the longer first-generation migrant children live in the
USA, the score gap between them and the second-generation immigrant children diminishes.
To ensure that our results are not driven by teenagers who migrated at younger ages, we
estimate equations (3.1), (3.2) and (3.3) excluding the adolescents who migrated before the
age of six. Table 3.10 contains the OLS regression results for overall GPA, excluding this sub-
sample of children. When comparing the results from Tables 3.4 and 3.10, we obtain similar

estimates. At first glance, 1.5 migrant teens seem to outperform native teens (Column 1).



Table 3.9: Tobit regression results for Overall GPA with school fixed effects

@D @) () 4) (%) (6)

Gener. 1.5 0.166~ 0.300 0.474% 0.187F 0.0965 0.0773
(0.0667) (0.189) (0.118) (0.0677) (0.0756) (0.0761)
Gener. 2 -0.0416 -0.0155 0.0162 -0.0285 0.00207 0.00492

Medium aspi.

High aspi.

Gener. 1.5 x Medium aspi.

Gener. 1.5 x High aspi.
Gener. 2 x Medium aspi.
Gener. 2 x High aspi.
Medium Exp.

High Exp.

Gener. 1.5 x Medium Exp.

Gener. 1.5 x High Exp.
Gener. 2 x Medium Exp.
Gener. 2 x High Exp.
Asp.< Exp.

Asp.> Exp.

Gener. 1.5 x Asp.< Exp.
Gener. 1.5 x Asp.> Exp.
Gener. 2 x Asp.< Exp.

Gener. 2 x Asp.> Exp.

(0.0537) (0.135) (0.104) (0.0538) (0.0588) (0.0560)

0.153F
(0.0424)
0.352+
(0.0347)
-0.0580
(0.232)
-0.202
(0.192)
-0.0809
(0.135)
-0.0196
(0.130)

0.208+
(0.0342)
0.441°+
(0.0338)
-0.224*
(0.129)
-0.438"
(0.121)
-0.0628
(0.113)
-0.0298
(0.108)

0.131**
(0.0560)
0.292+
(0.0856)

0.0912*
(0.0486)
0.199**
(0.0893)

-0.0725* -0.0565 0.0821
(0.0386) (0.0423) (0.0637)
-0.149+ -0.161+ -0.120*
(0.0288) (0.0322) (0.0646)
~0.0673 -0.0194
(0.144) (0.132)
0.253+ 0.263F
(0.0959) (0.0964)
0.160 -0.158
(0.103) (0.102)
-0.0564 -0.0502
(0.0902) (0.0869)

96

Constant 2.959T 2.857T 2.801T 2.949T 2.988%+ 2.813%
(0.429) (0.429) (0.413) (0.425) (0.420) (0.409)
Observations 9153 9153 9153 9153 9153 9153
Individual controls Yes Yes Yes Yes Yes Yes
Household controls Yes Yes Yes Yes Yes Yes
Grade FE Yes Yes Yes Yes Yes Yes
School FE Yes Yes Yes Yes Yes Yes

Notes: Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control, ethnicity, English at home, number of
siblings, parent education, parental contextual attainment, family structure, parental expectations for higher education, parent involvement
index, household income. The goodness of fit measures cannot be displayed after using SVY command in Stata.Standard errors clustered by
school are displayed in parentheses. Significance levels * p < 0.10, ** p < 0.05, + p < 0.01. The results in this table were estimated using Wave
IIT Education Sample weights.
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However, once we interact with migration generation and misalignment between aspirations
and expectations, we find that 1.5 migrants who show higher aspirations than expectations
are the ones that score a higher GPA. In Table 3.11, we show the results excluding teenagers
who migrated when they were older than 14 years. Once again, we find similar results;
nevertheless, it is worth noticing that the coefficient for 1.5 migrant teens in column (1)
is marginally smaller when comparing with Table 3.4. When we eliminate the students
that migrated at older ages, the difference in the coefficient between 1.5 migrant children
and native children diminishes. The above suggests that those students who arrived in the
USA after 14 years old might be amplifying the difference in the performance between 1.5

generation migrants and natives.

An additional potential confounding element that could be affecting our results is the
adopted definition of children of migrants. We have defined a child of migrants as a teen for
which at least one of the biological parents was born outside the USA. Nevertheless, it is
also possible that a teen who has one native parent and one migrant parent might have an
advantage over the other teens. Children of inter-ethnic parents might differ from children of
intra~ethnic couples. For instance, Emonds and van Tubergen (2015) show that the higher
human capital and language skills of inter-ethnic couples translate into a better performance
of their children. In order to test if our results are not a product of this characteristic
among the children of migrants, we reproduce equations (3.1), (3.2) and (3.3) excluding
teens who have one native and one migrant parent. The total number of students excluded
is 470. The results are presented in Table 3.12. Once again, the results are in line with our
previous findings. Since the size of the migrant sample decreases, our standard errors are
somewhat larger when compared to Table 3.4. Nevertheless, the results point to conclude

that 1.5 generation migrants who outperform at school correspond to those who report high
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Table 3.10: OLS regression results for Overall GPA excluding the children who migrated to
the USA between 0 and 5 years old

1) (2) (3) (4) ) (6)

Gener. 1.5 0.182** 0.421* 0.602% 0.205T 0.113 0.0908
(0.0760) (0.224) (0.139) (0.0758) (0.0817) (0.0839)
Gener. 2 -0.0323 -0.00593 0.0223 -0.0187 0.00849 0.0110
(0.0533) (0.135) (0.105) (0.0531) (0.0579) (0.0551)
Medium aspi. 0.154F 0.125**
(0.0425) (0.0566)
High aspi. 0.346% 0.287+
(0.0347) (0.0869)
Gener. 1.5 x Medium aspi. -0.300
(0.275)
Gener. 1.5 x High aspi. -0.300
(0.219)
Gener. 2 x Medium aspi. -0.0783
(0.135)
Gener. 2 x High aspi. -0.0209
(0.130)
Medium Exp. 0.209% 0.0892*
(0.0346) (0.0491)
High Exp. 0.438* 0.198**
(0.0337) (0.0905)
Gener. 1.5 x Medium Exp. -0.428*
(0.151)
Gener. 1.5 x High Exp. -0.5517
(0.132)
Gener. 2 x Medium Exp. -0.0569
(0.114)
Gener. 2 x High Exp. -0.0289
(0.108)
Asp.< Exp. -0.0680* -0.0532 0.0853
(0.0388) (0.0418) (0.0639)
Asp.> Exp. -0.154% -0.161%t -0.118*
(0.0283) (0.0317) (0.0656)
Gener. 1.5 x Asp.< Exp. -0.144 -0.0413
(0.193) (0.184)
Gener. 1.5 x Asp.> Exp. 0.246** 0.259™
(0.0947) (0.0987)
Gener. 2 x Asp.< Exp. -0.152  -0.150
(0.104) (0.102)
Gener. 2 x Asp.> Exp. -0.0514 -0.0458
(0.0876) (0.0845)
Constant 2.948% 2.841F 2.773T 2.932t 2.977T 2.800*
(0.423) (0.425) (0.409) (0.419) (0.414) (0.404)
Observations 8915 8915 8915 8915 8915 8915
R? 0.398 0.416 0.430 0.403 0.404 0.432
Individual controls Yes Yes Yes Yes Yes Yes
Household controls Yes Yes Yes Yes Yes Yes
Grade FE Yes Yes Yes Yes Yes Yes
School FE Yes Yes Yes Yes Yes Yes

Notes: Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control, ethnicity, English at home, number of
siblings, parent education, parental contextual attainment, family structure, parental expectations for higher education, parent involvement
index, household income. Standard errors clustered by school are displayed in parentheses. Significance levels * p < 0.10, ** p < 0.05, +

p < 0.01. The results in this table were estimated using Wave III Education Sample weights.
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Table 3.11: OLS regression results for Overall GPA excluding the children who migrated to
the USA when they were older than 14 years old

(1) (2) (3) (4) ©) (6)

Gener. 1.5 0.161% 0.263 0.437F 0.179" 0.101 0.0774
(0.0712) (0.206) (0.122) (0.0723) (0.0787) (0.0788)
Gener. 2 -0.0352 -0.00523 0.0274 -0.0222 0.00552 0.00787

(0.0515) (0.133) (0.103) (0.0515) (0.0561) (0.0536)

Medium aspi. 0.151F 0.132**
(0.0425) (0.0557)
High aspi. 0.348* 0.287+
(0.0347) (0.0840)
Gener. 1.5 x Medium aspi. 0.0541
(0.245)
Gener. 1.5 x High aspi. -0.165
(0.212)
Gener. 2 X Medium aspi. -0.0789
(0.135)
Gener. 2 x High aspi. -0.0251
(0.129)
Medium Exp. 0.208* 0.0964**
(0.0342) (0.0477)
High Exp. 0.438% 0.202**
(0.0335) (0.0878)
Gener. 1.5 x Medium Exp. -0.180
(0.136)
Gener. 1.5 x High Exp. -0.404*
(0.128)
Gener. 2 X Medium Exp. -0.0671
(0.112)
Gener. 2 x High Exp. -0.0384
(0.108)
Asp.< Exp. -0.0715* -0.0554 0.0781
(0.0384) (0.0419) (0.0627)
Asp.> Exp. -0.150" -0.160" -0.118*

(0.0288) (0.0320) (0.0640)

Gener. 1.5 x Asp.< Exp. -0.104 -0.0563
(0.172) (0.160)
Gener. 1.5 x Asp.> Exp. 0.233** 0.248**
(0.106) (0.108)
Gener. 2 x Asp.< Exp. -0.1563  -0.153
(0.104) (0.103)

Gener. 2 x Asp.> Exp.

-0.0494 -0.0439
(0.0893) (0.0861)

Constant 2.992T 2889+ 2.835t 2984+ 3.017t 2.837F
(0.423) (0.423) (0.407) (0.419) (0.414) (0.403)
Observations 9056 9056 9056 9056 9056 9056
R? 0.397 0.416 0.428 0.402 0.403 0.431
Individual controls Yes Yes Yes Yes Yes Yes
Household controls Yes Yes Yes Yes Yes Yes
Grade FE Yes Yes Yes Yes Yes Yes
School FE Yes Yes Yes Yes Yes Yes

Notes: Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control, ethnicity, English at home, number of
siblings, parent education, parental contextual attainment, family structure, parental expectations for higher education, parent involvement
index, household income. Standard errors clustered by school are displayed in parentheses. Significance levels * p < 0.10, ** p < 0.05, +

p < 0.01. The results in this table were estimated using Wave III Education Sample weights.



100

ambitions under pessimistic expectations.

Another concern is the temporal order of the measurement of educational outcomes
relative to the measurement of aspirations and expectations. It is a concern when using a
dependent variable based on all four years of high school transcript data, while aspirations
and expectations are measured at Wave 1. For students in later high school grades during
Wave 1 (for 12th graders), the aspirations and expectations were measured after the GPA
had been partially or almost completely determined. The above could question the casual
interpretation of the results presented in previous sections. We test whether our results
are sensitive to keeping a strict temporal order between the dependent and independent
variables by eliminating the students attending 12th grade during Wave 1. The results for
the overall transcript GPA are presented in Table 3.13. We find once again a significant and
positive interaction between being a 1.5 generation migrant and having higher aspirations
than expectations. When comparing with Table 3.4, it is noted that the size of the coefficient
of this interaction is larger moving from 0.26 in Table 3.4 to 0.29 in Table 3.13 (Columns 6
and 7). Nevertheless, the results do not dissent in qualitative terms from the results reported

previously using the full sample.
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Table 3.12: OLS regression results for Overall GPA (4 year average) excluding the children
with one migrant and one native parent

1) (2) (3) 4) ) (6)

Gener. 1.5 0.175** 0.363* 0.5007 0.204** 0.121  0.113
(0.0851) (0.206) (0.129) (0.0865) (0.0925) (0.0939)
Gener. 2 -0.0284 -0.111 -0.0227 -0.00726 0.00376 0.0190
(0.0665) (0.123) (0.117) (0.0673) (0.0735) (0.0710)
Medium aspi. 0.1507 0.128**
(0.0422) (0.0584)
High aspi. 0.348* 0.272F
(0.0345) (0.0895)
Gener. 1.5 x Medium aspi. -0.111
(0.237)
Gener. 1.5 x High aspi. -0.247
(0.205)
Gener. 2 x Medium aspi. 0.155
(0.138)
Gener. 2 x High aspi. 0.0924
(0.131)
Medium Exp. 0.204% 0.0951*
(0.0340) (0.0498)
High Exp. 0.4347 0.218**
(0.0328) (0.0920)
Gener. 1.5 x Medium Exp. -0.249*
(0.130)
Gener. 1.5 x High Exp. -0.436"
(0.128)
Gener. 2 x Medium Exp. 0.00232
(0.134)
Gener. 2 x High Exp. 0.0715
(0.125)
Asp.< Exp. -0.0585 -0.0603 0.0665
(0.0378) (0.0418) (0.0646)
Asp.> Exp. -0.145% -0.158T -0.102
(0.0298) (0.0319) (0.0670)
Gener. 1.5 x Asp.< Exp. -0.0659 -0.0236
(0.153) (0.138)
Gener. 1.5 x Asp.> Exp. 0.235** 0.242**
(0.0983) (0.0989)
Gener. 2 x Asp.< Exp. 0.0631 0.0602
(0.159) (0.149)
Gener. 2 x Asp.> Exp. -0.0364 -0.0261
(0.102) (0.0998)
Constant 3.0497 2.949T 2.897Ft 3.030T 3.064T 2.907T
(0.416) (0.418) (0.405) (0.414) (0.410) (0.401)
Observations 8683 8683 8683 8683 8683 8683
R? 0.402 0421 0433 0407 0.408 0435
Individual controls Yes Yes Yes Yes Yes Yes
Household controls Yes Yes Yes Yes Yes Yes
Grade FE Yes Yes Yes Yes Yes Yes
School FE Yes Yes Yes Yes Yes Yes

Notes: Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control, ethnicity, English at home, number of
siblings, parent education, parental contextual attainment, family structure, parental expectations for higher education, parent involvement
index, household income. Standard errors clustered by school are displayed in parentheses. Significance levels * p < 0.10, ** p < 0.05, +

p < 0.01. The results in this table were estimated using Wave III Education Sample weights.
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Table 3.13: OLS regression results for Overall GPA (4 year average) with school fixed effects
without students in 12 grade

1) 2) 3) 4) (5) (6)

Gener. 1.5 0.182** 0.324 0.500T 0.200"* 0.0947 0.0707
(0.0784) (0.242) (0.136) (0.0797) (0.0884) (0.0891)
Gener. 2 -0.0347 0.0529 0.0815 -0.0214 0.00814 0.0175
(0.0557) (0.142) (0.104) (0.0559) (0.0622) (0.0591)
Medium aspi. 0.162% 0.143**
(0.0438) (0.0594)
High aspi. 0.377+ 0.3057
(0.0369) (0.0926)
Gener. 1.5 x Medium aspi. -0.0613
(0.276)
Gener. 1.5 x High aspi. -0.204
(0.234)
Gener. 2 x Medium aspi. -0.148
(0.145)
Gener. 2 x High aspi. -0.0893
(0.140)
Medium Exp. 0.233% 0.109**
(0.0350) (0.0505)
High Exp. 0.455" 0.207**
(0.0379) (0.0958)
Gener. 1.5 x Medium Exp. -0.224
(0.143)
Gener. 1.5 x High Exp. -0.472%
(0.132)
Gener. 2 x Medium Exp. -0.133
(0.116)
Gener. 2 x High Exp. -0.0934
(0.113)
Asp.< Exp. -0.0974** -0.0808 0.0641
(0.0472) (0.0515) (0.0722)
Asp.> Exp. -0.142% -0.156" -0.118*
(0.0308) (0.0340) (0.0696)
Gener. 1.5 x Asp.< Exp. -0.109 -0.0661
(0.199) (0.200)
Gener. 1.5 x Asp.> Exp. 0.280"7 0.290T
(0.0989) (0.0996)
Gener. 2 x Asp.< Exp. -0.194 -0.211
(0.143) (0.144)
Gener. 2 x Asp.> Exp. -0.0445 -0.0482
(0.0989) (0.0969)
Constant 29637 2.800T 2.763*t 29727 3.003*" 2.743"
(0.441) (0.438) (0.415) (0.437) (0.431) (0.415)
Observations 7707 7707 7707 7707 7707 7707
R? 0.397 0417 0429  0.402  0.403  0.432
Individual controls Yes Yes Yes Yes Yes Yes
Household controls Yes Yes Yes Yes Yes Yes
Grade FE Yes Yes Yes Yes Yes Yes
School FE Yes Yes Yes Yes Yes Yes

Notes: Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control, ethnicity, English at home, number of
siblings, parent education, parental contextual attainment, family structure, parental expectations for higher education, parent involvement
index, household income. Standard errors clustered by school are displayed in parentheses. Significance levels * p < 0.10, ** p < 0.05, +

p < 0.01. The results in this table were estimated using Wave III Education Sample weights.
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3.5.3 Omitted variable bias and coefficient stability

We employ Oster (2019) approach to test for the stability of the coefficients of interest that
considers the variance explained by the controls. The underlying idea is that if a coefficient
is invariant after including the observed controls, hence the omitted variable bias is narrow.
Tables 3.17 to 3.20 (in Appendix B) show the stability of the results for overall GPA, Math,
English literature, and Science. The tables present a step-wise inclusion of individual, family,
and school control variables. Moreover, we present in Table 3.14 the adjusted coefficients
for 1.5 generation migrants, misalignment, and the interaction of misalignment and 1.5
generation migrants. The unbiased-adjusted coefficients are based on the assumption that the
unobservable determinants explain as much of the variation in the outcome as the observable
variables.

Table 3.14 also presents the different calculated §. These deltas show the degree of
importance that the unobservable determinants relative to the observables would need to
have for the treatment effect to be zero. Oster’s § values are calculated for a maximum R?
corresponding to 1.3 times the R? of the specification that includes all the controls variables.
The results indicate that the degree of selection on unobservables needs to be between 10.8
to 34 times that of the degree of selection on observables so that the omitted variable bias
is important enough to make the value of the coefficient associated with the interaction
between 1.5 generation migrants and misalignment to be statistically non-significant. In the
estimations, we observe that the degree of selection on unobservables would have to be in
the reversed direction of the bias to alter the coefficient associated with 1.5 migrant children,
as shown by the negative sign of ¢;.

Finally, all §, taken in absolute values, falls farther from the bound (0 to 1) suggested by

Oster (2019). The above suggests that the omitted variable bias does not lead to conclude
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that our results are statistically invalid.

Table 3.14: Omitted variable bias analysis following Oster (2019)

(1) (2) (3) (4)
Overall GPA  Math GPA  English GPA  Science GPA

A) Uncontrolled Coefficients

Gener. 1.5 -0.0475 -0.0786 0.0605 -0.0399
Asp.> Exp. -0.396 -0.363 -0.401 20.412
Gener. 1.5 x Asp.> Exp. 0.323 0.376 0.244 0.256
r? 0.038 0.026 0.032 0.031
B) Controlled Coefficients

Gener. 1.5 0.0789 0.0625 0.17 0.109
Asp.> Exp. -0.119 -0.0994 0.0948 -0.181
Gener. 1.5 x Asp.> Exp. 0.264 0.328 0.224 0.2
r? 0.43 0.300 0.384 0.348
C) Bias Adjusted Coeflicients

Gener. 1.5 0.120 0.108 0.205 0.158
Asp.> Exp. -0.027 -0.012 0.257 -0.104
Gener. 1.5 x Asp.> Exp. 0.244 0.312 0.217 0.181
D) Oster ¢

Oster 0 Gener. 1.5 -1.896 -1.348 -4.743 -2.222
Oster § Asp.> Exp. 1.305 1.148 -0.584 2.379
Oster § Gener. 1.5 x Asp.> Exp. 13.597 20.803 34.222 10.844

Notes: Columns 1-4 present results from OLS specifications. Part A shows the coefficients of a regression without controls. Part B of the table
presents the coefficients after adding the full set of controls that includes aspirations, expectations, age, gender, BMI, PPVT, self-esteem index,
internal locus of control, ethnicity, English at home, number of siblings, parent education, parental contextual attainment, family structure,
parental expectations for higher education, parent involvement index, household income and school fixed effects. The last two parts shows the
analysis of the potential omitted variable bias as proposed by Oster (2019). In part C, we display the bias-adjusted coefficients assuming that the
level of selection on observables is equal to the selection on unobservables (§= 1) with the highest R? value equal to 1.3*R2 of the specification
that includes all the control variables. In the part D, we calculate Oster § for Gener. 1.5 ; Asp.> Exp and Gener. 1.5 x Asp.> Exp, for a null
hypothesis of zero and for a the highest R? value equal to 1.3*R2 of the specification that includes all the control variables. * p < 0.10, **

p < 0.05, % p <0.01.

3.6 Conclusion

Understanding the educational outcomes of the children of migrants is deemed to be crit-
ical for the eventual integration of migrants in western countries. An extensive literature
has uncovered an apparent educational advantage of immigrants’ children in the USA after
controlling for different socio-economic characteristics such as family income and parental
education. What explains the over-achievement or super-achievement of the children of mi-

grants in the US? This paper aims to answer this question by studying the gap between
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educational aspirations and expectations as a potential driving force behind the academic
performance of immigrant children. The data used is the National Longitudinal Study of
Adolescent to Adult Health (Add Health) collected by the Carolina Population Center. The
Add Health study contains detailed information on academic performance, parental infor-
mation of native and immigrant children in the US and school characteristics. This database
follows a group of students born between 1974 and 1983 who studied within the USA’s
school system between 1994 and 2002. On the one hand, the data confirms that 1.5 migrant
generation teens exhibit greater aspirations to achieve high education than their peers do.
The results are similar to previous literature that confirms the optimism among children
of migrants. For example, Tjaden and Hunkler (2017) and Tjaden and Scharenberg (2017)
found that migrant students in Germany and Switzerland are expressing high aspirations to
achieve a university degree by choosing the academic track instead of vocational education.
On the other hand, migrant teens surveyed in the Add Health study are less optimistic about
their chances to achieve those dreams since they report lower expectations to obtain high
educational degrees. After controlling for an extensive list of individual, family, and context
variables, we document that aspirations, by themselves, are not sufficient to explain the
overperformance of migrant children. In contrast, our paper suggests that misalignment be-
tween their aspirations and expectations motivates migrant children to increase their efforts

to compensate for their perceived disadvantage.

In addition, our paper documents that once various socio-economic and school variables
are accounted for, we find no difference between the school performance of second-generation

migrants and natives.

To dig deeper into why children of immigrants in the USA perform surprisingly well

in school, we explore effort as an underlining mechanism that links motivation with future
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outcomes. We make use of leisure time as a substitute for studying time. We study whether
migrant children spend more or less time watching television compared to their peers. The
results show that 1.5 generation migrant teens with misaligned aspirations watch less TV in
the subsequent year, suggesting that migrant students who report lower expectations than
aspirations might dedicate more time to study to compensate for their perceived disadvan-
tages. This paper suggests that misalignment between expectations and aspirations acts as
a driving force for migrant children and is associated with a higher average GPA than their
peers.

Needless to say, given the particularities of the American society and its schooling system,
the reported positive response of the immigrant children in this study cannot be generalized
to every context. We nevertheless think that these results are informative about how im-
migrant children can display different adjustments in comparison to native pupils. Future

research could replicate these results in other contexts or using other surveys.
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3.7 Appendix B

Table 3.15: Description of the variables in Addhealth - Part 1

Variable

Description

College Aspirations

College Expectations

Age
Male

Body-Mass-Index
PPVT

Self-esteem index

Internal Locus

Categories: Low (1 to 3), Medium (4) and High (5).
Students were asked to select from a scale of 1 (low) to
5 (high), how much do they want to go to college.

Categories: Low (1 to 3), Medium (4) and High (5).
Students were asked to select from a scale of 1 (low) to
5 (high), how likely is it that they will attend college

Age of the student during in Wave I

Dummy variable equal to one if the student is male and
zero otherwise.

Body weight in kg / (height in meters)?

Corresponds to the score of the Peabody Picture Vocab-
ulary Test. It is a standardized test to assess the verbal
intelligence of an individual

An index constructed using seven questions. The stu-
dents were asked to agree or disagree with the following
questions: 1) Do you have a lot of good qualities? 2)
Are you physically fit? 3) Do you have a lot to be proud
of? 4) Do you like yourself just the way you are? 5) Do
you feel like you are doing everything just about right?
6) Do you feel socially accepted? 7) Do you feel loved
and wanted?

Dichotomous variable equal to one if the student agreed
to the following statement: ”"When you get what you
want, it’s usually because you worked hard for it”.

(continues)
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Table 3.16: Description of the variables in Add Health - Part 2

Variable

Description

Ethnicity

English at Home

N siblings

Parent education

Categories: Hispanic, White non-hispanic, asian, black
non-hispanic and others

Dummy variable equal to one if the family speaks En-
glish at home and zero otherwise.

Number of siblings living in the household in Wave I

Categories: college graduate, high school graduate, less
than high school, missing information. We used both the
child answers and the mother’s reply in order to reduce
the number of missing values.

Parental  contextual The share of individuals of the same age category of the

attainment

Family structure

Parental expectations

parent’s origin country who have lower or the same level
of education (Feliciano and Lanuza, 2017) as the parent.
For the case of native born parents, we used the mother
education. Data for the educational distribution in the
origin country comes form Barro-Lee dataset.

Categories: Both biological parents, at least one step-
parent, single parent or other.

Parents were asked in Wave 1, "how disappointed would
you be if [your child] did not graduate from college?”
Answers enclosed in three categories: very disappointed,
somewhat disappointed, not disappointed; we use not
disappointed as the reference category.

Parent  involvement An index created using the following question: ”Which

index

Income

of the things listed on this card have you done
with [your mother/adoptive mother/stepmother/foster
mother/etc|. in the past 4 weeks”. 1. Talked about your
school grades or work 2) Worked on a school project 3)
Talked about other things you have done in school

Parents were asked the total income before taxes re-
ceived by the family in 1994. In our descriptive tables,
we report total income however, we use the log of income
for all regressions.
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Table 3.17: Stability of coefficients - OLS regression results for Overall GPA (4 year average)
including fixed effects at the school level

(1) (2) 3) (4) () (6) (7)

gpal gpal gpal gpal gpal gpal gpal
Gener. 1.5 -0.0475  -0.110 0.145 0.0834  0.0227  0.0331  0.0789
(0.0979)  (0.0979)  (0.0927)  (0.105)  (0.0956) (0.0906) (0.0756)
Gener. 2 0.0881*  -0.0360  0.0897**  0.109*  -0.0258  -0.0340  0.00304
(0.0522)  (0.0583)  (0.0397) (0.0568) (0.0467) (0.0472) (0.0543)
Asp.< Exp. -0.104**  -0.0498  0.0587  -0.110**  0.0769  0.0807  0.0800
(0.0488)  (0.0489)  (0.0700) (0.0457) (0.0692) (0.0666) (0.0630)
Asp.> Exp. -0.396%  -0.258%t  -0.121*  -0.340%  -0.101  -0.0948  -0.119*

(0.0377)  (0.0356) (0.0720) (0.0351) (0.0700) (0.0689) (0.0645)
Gener. 1.5 x Asp.< Exp. -0.0310 -0.0232 -0.0561  0.0414  -0.0562  -0.121  -0.0160
(0.193)  (0.167)  (0.166)  (0.166)  (0.149)  (0.150)  (0.131)
Gener. 1.5 x Asp.> Exp.  0.323*  0.3187  0.299*  0.330T  0.277F  0.265"*  0.264+F
(0.123)  (0.106)  (0.110)  (0.113)  (0.103)  (0.103)  (0.0957)

Gener. 2 x Asp.< Exp. -0.218 -0.193 -0.192** -0.144 -0.175* -0.180* -0.151
(0.133) (0.120)  (0.0930) (0.130) (0.0951) (0.0966) (0.102)
Gener. 2 x Asp.> Exp. -0.0397  -0.0184  -0.0389  -0.0143 -0.0323  -0.0374  -0.0437
(0.0897) (0.0863) (0.0836) (0.0891) (0.0823) (0.0815) (0.0859)
Observations 9153 9153 9153 9153 9153 9153 9153
R? 0.038 0.176 0.317 0.194 0.347 0.359 0.430
Individual No No Yes No Yes Yes Yes
Household No Yes No No Yes Yes Yes
Grade fixed effects No No No No No Yes Yes
School fixed effects No No No Yes No No Yes

Notes: Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control,
ethnicity, English at home, number of siblings, parent education, parental contextual attainment, family
structure, parental expectations for higher education, parent involvement index, household income.
Standard errors clustered by school are displayed in parentheses. The results in this table were estimated
using Wave III Education Sample weights. Significance levels * p < 0.10, ** p < 0.05, * p < 0.01.
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Table 3.18: Stability of coefficients - OLS regression results for Math (4 year average) in-
cluding fixed effects at the school level

(1) (2) 3) (4) () (6) (7)

math math math math math math math

Gener. 1.5 -0.0786 -0.157 0.118 0.124 -0.0130  -0.00239  0.0625
(0.114) (0.118) (0.101) (0.122) (0.111) (0.106)  (0.0971)

Gener. 2 0.105* -0.0249 0.139% 0.151** 0.0132 0.00576 0.0351
(0.0611)  (0.0674) (0.0468) (0.0622) (0.0589) (0.0580) (0.0642)

Asp.< Exp. -0.0471  0.00404 0.122 -0.0524 0.137 0.143* 0.126
(0.0591) (0.0569) (0.0880) (0.0587) (0.0852) (0.0847) (0.0824)

Asp.> Exp. -0.363%  -0.234% -0.128 -0.305* -0.106 -0.102 -0.0994

(0.0475)  (0.0446) (0.0963) (0.0432) (0.0953) (0.0950) (0.0876)
Gener. 1.5 x Asp.< Exp. -0.0853 -0.0969 -0.0952  0.0178  -0.111  -0.176  -0.0567
(0.228)  (0.228)  (0.179)  (0.165)  (0.182)  (0.176)  (0.137)
Gener. 1.5 x Asp.> Exp.  0.376%  0.356*  0.377  0.385T  0.343%  0.332%  0.328"F
(0.133)  (0.118)  (0.127)  (0.127)  (0.120)  (0.119)  (0.118)

Gener. 2 x Asp.< Exp. -0.229 -0.201 -0.216* -0.158 -0.194* -0.202* -0.175
(0.142) (0.130) (0.116) (0.139) (0.113) (0.113) (0.117)
Gener. 2 x Asp.> Exp. -0.110 -0.0977  -0.1000  -0.0341  -0.0966  -0.0994  -0.0676
(0.109) (0.109) (0.106) (0.109) (0.106) (0.105) (0.104)
Observations 9124 9124 9124 9124 9124 9124 9124
R? 0.026 0.114 0.203 0.158 0.224 0.232 0.300
Individual No No Yes No Yes Yes Yes
Household No Yes No No Yes Yes Yes
Grade fixed effects No No No No No Yes Yes
School fixed effects No No No Yes No No Yes

Notes: Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control,
ethnicity, English at home, number of siblings, parent education, parental contextual attainment, family
structure, parental expectations for higher education, parent involvement index, household income.
Standard errors clustered by school are displayed in parentheses. The results in this table were estimated
using Wave III Education Sample weights. Significance levels * p < 0.10, ** p < 0.05, * p < 0.01.
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Table 3.19: Stability of coefficients - OLS regression results for English Literaure (4 year
average) including fixed effects at the school level

(1) (2) (3) (4) () (6) (7)

engl engl engl engl engl engl engl
Gener. 1.5 0.0605  -0.00262  0.215** 0.138 0.109 0.119 0.170*
(0.102) (0.103) (0.108) (0.112) (0.109) (0.104)  (0.0889)
Gener. 2 0.0922 -0.0186 0.0727 0.0865 -0.0245  -0.0310 0.0103
(0.0619) (0.0617) (0.0516) (0.0613) (0.0517) (0.0517) (0.0574)
Asp.< Exp. -0.113**  -0.0575 0.0736  -0.124* 0.0897 0.0911 0.0973
(0.0509) (0.0495) (0.0828) (0.0444) (0.0815) (0.0800) (0.0765)
Asp.> Exp. -0.401T  -0.265%  -0.0840 -0.358T  -0.0658  -0.0583  -0.0948

(0.0426)  (0.0426) (0.0807) (0.0405) (0.0793) (0.0789) (0.0743)
Gener. 1.5 x Asp.< Exp.  -0.130  -0.116  -0.148  -0.0638  -0.147  -0.211  -0.0942
(0.227)  (0.208)  (0.204)  (0.225)  (0.192)  (0.197)  (0.187)
Gener. 1.5 x Asp.> Exp.  0.244*  0.249**  0.233*  0.268"*  0.219*  0.211*  0.224**
(0.131)  (0.120)  (0.122)  (0.125)  (0.119)  (0.116)  (0.106)

Gener. 2 x Asp.< Exp. -0.206 -0.175 -0.175 -0.148 -0.150 -0.158 -0.141
(0.146) (0.138) (0.113) (0.155) (0.115) (0.118) (0.129)
Gener. 2 x Asp.> Exp. -0.0644  -0.0453  -0.0752  -0.0440 -0.0682  -0.0736  -0.0791
(0.0943) (0.0929) (0.0926) (0.0962) (0.0917) (0.0911) (0.0980)
Observations 9119 9119 9119 9119 9119 9119 9119
R? 0.032 0.140 0.278 0.157 0.302 0.311 0.384
Individual No No Yes No Yes Yes Yes
Household No Yes No No Yes Yes Yes
Grade fixed effects No No No No No Yes Yes
School fixed effects No No No Yes No No Yes

Notes: Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control,
ethnicity, English at home, number of siblings, parent education, parental contextual attainment, family
structure, parental expectations for higher education, parent involvement index, household income.
Standard errors clustered by school are displayed in parentheses. The results in this table were estimated
using Wave III Education Sample weights. Significance levels * p < 0.10, ** p < 0.05, * p < 0.01.
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Table 3.20: Stability of coefficients - OLS regression results for Science (4 year average)
including fixed effects at the school level

(1) (2) (3) (4) () (6) (7)
scie scie scie scie scie scie scie
Gener. 1.5 -0.0399  -0.0950 0.153* 0.0782 0.0309 0.0411 0.109
(0.110) (0.115)  (0.0902) (0.129) (0.0968) (0.0923) (0.0881)
Gener. 2 0.104 -0.0218  0.108** 0.0877 -0.0115  -0.0207  0.00435
(0.0639) (0.0740) (0.0521) (0.0632) (0.0595) (0.0592) (0.0655)
Asp.< Exp. -0.107*  -0.0510 0.107 -0.116** 0.122 0.126 0.110
(0.0611) (0.0594)  (0.100)  (0.0572) (0.0997) (0.0971) (0.0941)
Asp.> Exp. -0.412t  -0.269T  -0.187** -0.355t  -0.167** -0.160** -0.181**
(0.0409) (0.0385) (0.0821) (0.0386) (0.0810) (0.0794) (0.0751)
Gener. 1.5 x Asp.< Exp.  0.0526 0.0566 0.0285 0.110 0.0217 -0.0389 0.0497
(0.193) (0.189) (0.155) (0.163) (0.149) (0.146) (0.123)
Gener. 1.5 x Asp.> Exp.  0.256* 0.245** 0.240* 0.267** 0.212* 0.201* 0.200*
(0.130) (0.117) (0.122) (0.124) (0.117) (0.116) (0.113)
Gener. 2 x Asp.< Exp. -0.249 -0.203 -0.222* -0.150 -0.191 -0.192 -0.143
(0.158)  (0.140)  (0.127)  (0.162)  (0.122)  (0.124)  (0.133)
Gener. 2 x Asp.> Exp. -0.0859  -0.0600 -0.0847  -0.0531  -0.0739  -0.0786  -0.0794
(0.0955) (0.0916) (0.0921) (0.0910) (0.0897) (0.0889) (0.0901)
Observations 9091 9091 9091 9091 9091 9091 9091
R? 0.031 0.137 0.249 0.162 0.272 0.280 0.348
Individual No No Yes No Yes Yes Yes
Household No Yes No No Yes Yes Yes
Grade fixed effects No No No No No Yes Yes
School fixed effects No No No Yes No No Yes

Notes: Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control, ethnicity, English at home, number of

siblings, parent education, parental contextual attainment, family structure, parental expectations for higher education, parent involvement

index, household income. Standard errors clustered by school are displayed in parentheses. The results in this table were estimated using Wave
III Education Sample weights. Significance levels * p < 0.10, ** p < 0.05, T p < 0.01.
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Table 3.21: OLS regression results for gpal GPA (4 year average) with community fixed
effects

(1) (2) (3) (4) (5) (6)

gpal gpal gpal gpal gpal gpal

Gener. 1.5 0.191F 0.387** 0.5167 0.212F  0.122  0.102
(0.0682) (0.191) (0.119) (0.0688) (0.0769) (0.0780)
Gener. 2 -0.0290 0.0100 0.0283 -0.0153 0.0130 0.0137
(0.0520) (0.132) (0.101) (0.0522) (0.0563) (0.0533)
Medium aspi. 0.157+ 0.124**
(0.0423) (0.0566)
High aspi. 0.351F 0.275%
(0.0339) (0.0863)
Gener. 1.5 x Medium aspi. -0.119
(0.232)
Gener. 1.5 x High aspi. -0.260
(0.191)
Gener. 2 x Medium aspi. -0.0956
(0.133)
Gener. 2 x High aspi. -0.0357
(0.128)
Medium Exp. 0.214% 0.101**
(0.0341) (0.0488)
High Exp. 0.440" 0.212**
(0.0329) (0.0897)
Gener. 1.5 x Medium Exp. -0.251*
(0.128)
Gener. 1.5 x High Exp. -0.463%
(0.118)
Gener. 2 x Medium Exp. -0.0690
(0.111)
Gener. 2 x High Exp. -0.0286
(0.107)
Asp.< Exp. -0.0657* -0.0528 0.0762
(0.0384) (0.0421) (0.0635)
Asp.> Exp. -0.147% -0.158T -0.109*
(0.0285) (0.0320) (0.0651)
Gener. 1.5 x Asp.< Exp. -0.0555 -0.0148
(0.142) (0.131)
Gener. 1.5 x Asp.> Exp. 0.247t  0.257T
(0.0930) (0.0934)
Gener. 2 x Asp.< Exp. -0.129  -0.129
(0.101) (0.0996)
Gener. 2 x Asp.> Exp. -0.0576 -0.0501
(0.0853) (0.0821)
Constant 3.032t 2901t 2.826% 3.038T 3.065t 2.857T
(0.408) (0.411) (0.395) (0.404) (0.400) (0.391)
Observations 9153 9153 9153 9153 9153 9153
R? 0.385 0.404 0417 0.390 0.391 0.419
Individual controls Yes Yes Yes Yes Yes Yes
Household controls Yes Yes Yes Yes Yes Yes
Grade FE Yes Yes Yes Yes Yes Yes
School FE Yes Yes Yes Yes Yes Yes

Notes: Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control, ethnicity, English at home, number of
siblings, parent education, parental contextual attainment, family structure, parental expectations for higher education, parent involvement
index, household income. Standard errors clustered by school are displayed in parentheses. The results in this table were estimated using Wave
111 Education Sample weights.. Significance levels * p < 0.10, ** p < 0.05, + p < 0.01.
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Table 3.22: OLS regression results for math GPA (4 year average) with community fixed

effects

(1) (2) (3) (4) (5) (6)

math math math math math math
Gener. 1.5 0.205** 0.367 0.5117 0.225"* 0.110  0.0947
(0.0917) (0.223) (0.147) (0.0921) (0.0990) (0.101)
Gener. 2 -0.00904 0.0915 -0.0136 0.00264 0.0475 0.0487

Medium aspi.

High aspi.

Gener. 1.5 x Medium aspi.

Gener. 1.5 x High aspi.

Gener. 2 x Medium aspi.

Gener. 2 x High aspi.
Medium Exp.

High Exp.

Gener. 1.5 x Medium Exp.

Gener. 1.5 x High Exp.

Gener. 2 x Medium Exp.

Gener. 2 x High Exp.

(0.0622) (0.133) (0.105) (0.0619) (0.0659) (0.0637)

0.124+ 0.0995
(0.0458) (0.0677)
0.290+ 0.249"*
(0.0417) (0.109)
-0.0243
(0.266)
-0.226
(0.214)
-0.212
(0.148)
-0.0951
(0.136)
0.147+ 0.0549
(0.0429) (0.0603)
0.377+ 0.163
(0.0390) (0.114)
-0.117
(0.157)
-0.509+
(0.138)
0.0257
(0.129)
0.0376
(0.114)

Asp.< Exp. -0.0174 -0.000518 0.129
(0.0505) (0.0561) (0.0832)
Asp.> Exp. -0.133% -0.144% -0.100
(0.0377) (0.0421) (0.0883)
Gener. 1.5 x Asp.< Exp. -0.0986 -0.0646
(0.145)  (0.141)
Gener. 1.5 x Asp.> Exp. 0.3157  0.324"
(0.113) (0.115)
Gener. 2 x Asp.< Exp. -0.158  -0.158
(0.113)  (0.114)
Gener. 2 x Asp.> Exp. -0.110  -0.102
(0.104) (0.101)
Constant 3.0167 2.909T 2.857T 3.012+ 3.047T 2.881T
(0.484) (0.487) (0.471) (0.477) (0.472) (0.467)
Observations 9124 9124 9124 9124 9124 9124
R? 0.267 0.277 0.286  0.270 0.271 0.287
Individual controls Yes Yes Yes Yes Yes Yes
Household controls Yes Yes Yes Yes Yes Yes
Grade FE Yes Yes Yes Yes Yes Yes
School FE Yes Yes Yes Yes Yes Yes

Notes: Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control, ethnicity, English at home, number of
siblings, parent education, parental contextual attainment, family structure, parental expectations for higher education, parent involvement
index, household income. Standard errors clustered by school are displayed in parentheses. The results in this table were estimated using Wave
111 Education Sample weights. Significance levels * p < 0.10, ** p < 0.05, + p < 0.01.
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Table 3.23: OLS regression results for engl GPA (4 year average) with community fixed
effects

1) 2) 3) (4) (5) (6)

engl engl engl engl engl engl

Gener. 1.5 0.2617 0.491** 0.557T 0.285T 0.211** 0.193**
(0.0764) (0.220) (0.142) (0.0764) (0.0888) (0.0904)
Gener. 2 -0.0262 0.0570 0.0354 -0.0119 0.0238 0.0250
(0.0547) (0.150) (0.116) (0.0550) (0.0588) (0.0562)
Medium aspi. 0.129** 0.0891
(0.0501) (0.0637)
High aspi. 0.372% 0.275**
(0.0432) (0.111)
Gener. 1.5 x Medium aspi. -0.134
(0.250)
Gener. 1.5 x High aspi. -0.301
(0.221)
Gener. 2 x Medium aspi. -0.111
(0.152)
Gener. 2 x High aspi. -0.0906
(0.151)
Medium Exp. 0.186% 0.0706
(0.0425) (0.0597)
High Exp. 0.454" 0.235**
(0.0402) (0.109)
Gener. 1.5 x Medium Exp. -0.211
(0.156)
Gener. 1.5 x High Exp. -0.415%
(0.130)
Gener. 2 x Medium Exp. -0.0837
(0.126)
Gener. 2 x High Exp. -0.0252
(0.128)
Asp.< Exp. -0.0780** -0.0636 0.0882
(0.0391) (0.0421) (0.0766)
Asp.> Exp. -0.159% -0.165T -0.0812
(0.0325) (0.0374) (0.0754)
Gener. 1.5 x Asp.< Exp. -0.120 -0.0816
(0.204) (0.187)
Gener. 1.5 x Asp.> Exp. 0.206* 0.217**
(0.104) (0.103)
Gener. 2 x Asp.< Exp. -0.116  -0.115
(0.127) (0.126)
Gener. 2 x Asp.> Exp. -0.0910 -0.0826
(0.0961) (0.0942)
Constant 2.898%T 2.760T 2.683% 29037 2.933t 2.714F
(0.443) (0.448) (0.441) (0.441) (0.439) (0.437)
Observations 9119 9119 9119 9119 9119 9119
R? 0.340  0.358  0.368 0.345 0.346  0.371
Individual controls Yes Yes Yes Yes Yes Yes
Household controls Yes Yes Yes Yes Yes Yes
Grade FE Yes Yes Yes Yes Yes Yes
School FE Yes Yes Yes Yes Yes Yes

Notes: Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control, ethnicity, English at home, number of
siblings, parent education, parental contextual attainment, family structure, parental expectations for higher education, parent involvement
index, household income. Standard errors clustered by school are displayed in parentheses. Significance levels * p < 0.10, ** p < 0.05, +

p < 0.01. The results in this table were estimated using Wave III Education Sample weights.
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Table 3.24: OLS regression results for scie GPA (4 year average) with community fixed
effects

(1) (2) 3) (4) () (6)

scie scie scie scie scie scie

Gener. 1.5 0.203** 0.495** 0.557" 0.229" 0.161* 0.141
(0.0807) (0.198) (0.130) (0.0823) (0.0906) (0.0888)
Gener. 2 -0.0319 0.0871 0.0294 -0.0155 0.0187 0.0200
(0.0620) (0.126) (0.102) (0.0628) (0.0673) (0.0650)
Medium aspi. 0.120** 0.117
(0.0538) (0.0738)
High aspi. 0.326™ 0.311F
(0.0415) (0.113)
Gener. 1.5 x Medium aspi. -0.208
(0.271)
Gener. 1.5 x High aspi. -0.363
(0.225)
Gener. 2 x Medium aspi. -0.126
(0.140)
Gener. 2 x High aspi. -0.132
(0.126)
Medium Exp. 0.208* 0.0829
(0.0408) (0.0586)
High Exp. 0.429" 0.143
(0.0410) (0.112)
Gener. 1.5 x Medium Exp. -0.349**
(0.150)
Gener. 1.5 x High Exp. -0.451F
(0.145)
Gener. 2 x Medium Exp. -0.0694
(0.120)
Gener. 2 x High Exp. -0.0324
(0.111)
Asp.< Exp. -0.0619 -0.0513 0.108
(0.0537) (0.0588) (0.0945)
Asp.> Exp. -0.1697 -0.174% -0.166**

(0.0335) (0.0373) (0.0760)

Gener. 1.5 x Asp.< Exp. -0.00583 0.0383

(0.130) (0.123)
Gener. 1.5 x Asp.> Exp. 0.177 0.185*
(0.109) (0.110)
Gener. 2 x Asp.< Exp. -0.122  -0.120
(0.129) (0.130)

-0.0858 -0.0810
(0.0891) (0.0875)

Gener. 2 x Asp.> Exp.

Constant 2.246%7 2.114% 2.024T 2.243T 2.262T 2.060T
(0.467) (0.477) (0.462) (0.463) (0.461) (0.461)
Observations 9091 9091 9091 9091 9091 9091
R? 0.315 0.327 0.337 0.319 0.320 0.338
Individual controls Yes Yes Yes Yes Yes Yes
Household controls Yes Yes Yes Yes Yes Yes
Grade FE Yes Yes Yes Yes Yes Yes
School FE Yes Yes Yes Yes Yes Yes

Notes: Control variables include age, gender, BMI, PPVT, self-esteem index, internal locus of control, ethnicity, English at home, number of
siblings, parent education, parental contextual attainment, family structure, parental expectations for higher education, parent involvement
index, household income. Standard errors clustered by school are displayed in parentheses. Significance levels * p < 0.10, ** p < 0.05, +

p < 0.01. The results in this table were estimated using Wave III Education Sample weights.
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Figure 3.1: Changes in aspirations and expectations to attend college between Wave I and
wave [1
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CHAPTER 4

THE ROLE OF FINANCIAL AID ON FOREIGN EDUCATION: EVIDENCE
FROM COLOMBIAN GRADUATES

4.1 Introduction’

In today’s globalized world, more young adults are seeking to study abroad in order to im-
prove their careers and gain international experience. According to Beine et al. (2014), from
1975 until 2008, the number of international students in OECD countries multiplied by 4.
Recently, OECD’s International Migration Outlook 2020 reported that in 2018, 1.5 million
visas were granted to students pursuing tertiary education in OECD countries. In total,
nearly 3.9 million international students were enrolled in OECD’s tertiary education insti-
tutions by 2018 (OECD, 2020b).? While international students are considered as temporary
migrants, the magnitude of their inflows is comparable to the inflow of migrants who travel
for other motives such as family reunification (1.6 million in 2018) and humanitarian reasons
(0.501 million in 20183).

Most international students move temporarily to a foreign country to pursue higher ed-
ucation. Nevertheless, they not only acquire high-quality academic credentials, but they
also gain intercultural competence (Salisbury et al., 2013), adaptability, flexibility, and lan-

guage skills that can result in better and brighter careers (Sorrenti, 2017). These skills are

! Ana Cecilia Montes-Vinas gratefully acknowledges the research support from Colfuturo and Jerénimo
Castro for providing access to the administrative records.

2In contrast, 2.3 million were enrolled in 2006 (International Migration Outlook, 2009).

3The statistics reported by OECD’s International Migration Outlook 2020 exclude the humanitarian
migration flows to Colombia and Turkey in 2018.
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desirable to multinational companies (Fielden et al., 2007). The relevance of high-quality
education in today’s labor market, summed with the cultural experiences acquired while
abroad, are among the factors behind the decision of studying abroad expressed by the stu-
dents in different surveys (Teichler, 2004; Thissen and Ederveen, 2006). Moreover, literature
using quasi-experimental methods confirms that studying abroad improves the employabil-
ity of students once they finish their studies. (Di Pietro, 2015; Parey and Waldinger, 2011;

d’Hombres and Schnepf, 2021).4

This educational exchange is not only beneficial to students. International students also
contribute to the host societies through the payment of fees, cultural transfer, knowledge
creation, and innovation (Stuen et al., 2012; Hunt, 2011). Furthermore, the countries from
which the international students originate could also gain in this exchange of talent.’ In-
ternational students could transfer the knowledge learned abroad after they return to the
country of origin (Spilimbergo, 2009). Moreover, the ”brain gain” hypothesis suggests that
high skilled emigration can potentially increase the overall stock of human capital in the
origin country (Mountford, 1997; Stark et al., 1997, 1998; Vidal, 1998). Suppose the re-
turns to education abroad are higher in the destination than in the home country. In that
case, the possibility of future migration can create incentives for individuals to improve their

education level at their countries of origin.®

Whereas international education could bring benefits to young adults, it is a costly en-

4While most studies focus on short-term studying abroad experiences such as the ERASMUS program,
these studies shed light about the causal effect of studying abroad on employment. See Di Pietro (2019) for
a comprehensive literature review.

5 Although studying abroad increases the chances of living abroad (Oosterbeek and Webbink, 2011; Parey
and Waldinger, 2011; Di Pietro, 2012), many students do in fact return to their country of origin. More
recent estimates suggest that stay rates in the host country are low. On average, 25% of international
students shift from student visa to a different migration status in the host country (OECD, 2011)

6A large body of empirical literature support the "brain gain” effect Faini (2006); Beine et al. (2008,
2010b); Gibson and McKenzie (2011); Batista et al. (2012)
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deavor.”

Financial and liquidity constraints are among the factors that prevent students
from studying abroad. The role of financial factors on the decision to study overseas has not
been widely studied (Whatley, 2017). Some authors have analyzed the role of tuition fees
as a determinant for pursuing a degree overseas. Beine et al. (2014), for example, found no
significant effects of tuition fees on the inflows of international students. In contrast, Beine
et al. (2018) find that university fees reduced the influx of students at the university level
after considering the endogeneity of tuition fees. Moreover, Beine et al. (2018) shows that
high living costs in the university location decrease the flows of students to that university.
I contribute to the literature related to the determinants of studying abroad by exploring
financial aid. This paper examines Colfuturo’s financial assistance. This program aims to
foster higher education degrees abroad for Colombian citizens. On the one hand, students
who often apply for financial aid experience financial difficulties. Therefore, less likely to
successfully complete an international education (especially in partial scholarships or grants
that do not cover the total migration costs). On the other hand, these students might also
display great interest in the overseas experience, pushing them to obtain a degree with or
without the fund; in this case, the financial aid program might not be relevant.

To my knowledge, there are very few studies that analyze financial aid and its impact
on studying abroad. Whatley (2017) analyses the association between study grants and stu-
dent loans on the probability of studying abroad among students in the university system

of Georgia, USA. In this paper, the author shows that student loans decrease the likelihood

7Other authors argue that the effect of foreign education is somewhat ambiguous. Studying abroad can
also negatively affect labor outcomes if the stay abroad limits the acquisition of human capital specific to
the origin country. In addition, if the human capital obtained abroad is not portable or transferable to
the “home” context, the individual might face an occupational downgrade (Dustmann and Glitz, 2011).
Furthermore, international migration can also affect the creation and maintenance of social networks in their
home country affecting the type of jobs after the return. For students from a disadvantaged socioeconomic
background, the effect of studying abroad can also be ambiguous if the role of social networks is an essential
protagonist in the “home” or origin country’s labor market.
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of studying abroad while study grants improve it. The above result suggests that students
in the USA who take study loans to afford higher education might have significant financial
constraints that prevent them from investing additional resources into studying abroad. On
the contrary, the students who obtain study grants were more likely to travel overseas to
pursue a higher education degree. One limitation of this study is that it cannot consider
the students’ unobserved characteristics. Students who typically obtain study grants are
not a random sample of students; they are high-achieving students with excellent grades.
Moreover, students who receive study grants tend to self-select by participating in the se-
lection process of the grant. To mimic a random assignment of the financial aid, Whatley
(2019) exploits the gradual implementation the merit-based aids in the USA. The author
employs the difference-in-difference approach to study the relationship between state merit-
aid programs and the acquisition of foreign education at the bachelor level. Whatley (2019)
concluded that merit aid decreases by 0.5 percentage points the participation rate in study

abroad among students in the US.

This chapter contributes to the literature in various aspects. Unlike other studies, this
paper uses a sample of students who applied for Colfuturo’s financial aid program to alle-
viate potential selection bias. Those who are confident in their ability or highly motivated
in pursuing higher education are the most likely to apply for a merit-based study grant.
These unobserved determinants of grant application are difficult to account for when a sim-
ple comparison between those who obtain a grant and those who did not is made. If these
unobserved factors also determine the outcome of interest, then the coefficient would be bi-
ased. For example, let’s say that those who are the most motivated are the ones who apply
and obtain the grant are compared to students who did not obtained it. Then the effect

of financial aid on study abroad would be biased upwards when this determinant is not ac-



122

counted for. In the context analyzed in this chapter, all the students in the sample displayed
curiosity for studying abroad, applied to the selection process, and fulfill the requirements
for obtaining the grant. The students are selected using a score based on four criteria related
to their academic performance, the quality of the university abroad, and an essay. ® I exploit
this characteristic of the selection process to implement a Regression Discontinuity Design
(RDD) to uncover the causal effect of receiving the scholarship-loan on the probability of
completing studies abroad. Given Colfuturo’s selection process, the assignment of the fund

is distributed quasi-randomly for the applicants around the vicinity of the cutoff point.

The closest study to the present paper is Oosterbeek and Webbink (2011). The authors
use a total sample of 837 applicants to a scholarship program in the Netherlands (”program
for the talented”) to study the probability of studying abroad and the returns of international
students using an RDD. The present study improves previous estimates by analyzing a
context in which nearly two thousand individual applications were sent each year to the call
between 2011 and 2015. Moreover, while most literature has analyzed studying abroad at
the bachelor level or short-term stays such as the ERASMUS program, this chapter adds to

the literature by analyzing the study abroad experience at the post-graduate level.

In addition, this chapter contributes to an extensive literature that studies the effect of
grants and scholarships on higher education by analyzing this particular conditional grant.
The impact of financial aid on higher education has been widely studied when the edu-
cation is obtained internally (Van Der Klaauw, 2002; Bound and Turner, 2002; Dynarski,
2000, 2003b, 2005; Cornwell et al., 2006; Kane, 2007; Dynarski, 2008; Deming and Dynarski,
2010; Scott-Clayton, 2011). For example, Van Der Klaauw (2002) evaluates the effects of

university financial aid awards on college enrollment. The author estimates an elasticity of

8see https://www.colfuturo.org/english
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college enrollment with respect to the grant of 0.89. Based on a merit scholarship, Dynarski
(2000) finds that 1000 US dollars in aid given through Georgia’s HOPE Scholarship boosts
college attendance rates by 3.7 to 4.2 percentage points. Using also HOPE scholarships,
Cornwell et al. (2006) finds an increase in freshmen enrollment by 5.9%. Moreover, using
the elimination of the Social Security Student Benefit Program in 1982 in the US, Dynarski
(2003) estimates that 1,000 USD in financial aid increments by 3.6 percentage points the

probability of attending college.

The size and the relevance of the effect of financial aid on higher education would de-
pend on the type of financial aid. For example, in merit-based aids, financial support has
substantial positive effects on both attendance and completion. For the case of completion,
the estimated impact of receiving a grant range from 9 to 15 percentage points(Dynarski,
2003b, 2008; Scott-Clayton, 2011). In contrast, Dynarski (2003a) finds evidence of a small
effect of study loans on college attendance using the Higher Education Amendments of 1992
in the USA. Similarly, a study by Reyes (1995) discovers that 1,000 USD in loan subsidies
increments university attendance by only 1.5 percentage points. The effect of grants versus
loans on higher education is an empirical question. Colfuturo’s financial aid combines dif-
ferent elements. It is a merit-based aid since it is allocated based on academic performance
and does not rest on the applicants’ financial needs. Moreover, it is a partial scholarship
that can turn into a study loan if the recipient chooses not to return to Colombia after com-
pleting the studies. Overall the financial aid offered by Colfuturo display different features
that could offset the positive effect of the aid on studying abroad and may result in a not
relevant program. To summarize, this paper aims to answer the questions: does Colfuturo’s
Scholarship - Loan program increase or not change the probability of completing a master’s

degree abroad?
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I use data provided by the Colfuturo foundation for 5478 applicants to the program in
2011, 2012, 2014, and 2015 to study for a master’s degree. I combined these record with
information gathered from online sources. Using both Local Polynomial Regression and
Two-Stage Least Squares (2SLS), I find that the effect of being a recipient of the Colfuturo’s
financial help increased the probability of studying abroad of Colombian graduates by 30
percentage points approximately. I obtain similar results by including control variables,
clustering the standard errors, different polynomial degrees, and different bandwidths around
the cutoff point.

The paper is organized as follows. Section 2 provides background about Colfuturo and
the Scholarship-Loan program, the selection process, the requirements for the scholarship,
and some stylized facts. Section 3 explains the data collection process and presents the
description of the sample. Section 4 describes the empirical strategy. Section 5 describes
the baseline results as well as the results from different robustness checks. Finally, Section
6 presents a discussion of the results in line with related literature and conclusions related

to the external validity of the study and caveats to the analysis.

4.2 Colfuturo Scholarship - Loan program

The Colfuturo Scholarship - Loan program was initiated in 1992 with the intention of train-
ing highly qualified human capital. The lack of this kind of human capital in Colombia’s
productive apparatus, research institutions, and even in the public sector is one of the leading
causes of the low rates of efficiency and labor productivity in the country (DNP, 2015). The
initiative emerged from the first lady’s office with funds provided by companies in the private
sector (56%) and capital provided by the public sector (44%). Since 2007, the program added

the sponsorship of the Administrative Department of Science, Technology, and Innovation



125

(Colciencias), the National Education Ministry, and the Colombian Institute of Educational
Credit and Technical Studies Abroad (Icetex). The Colfuturo foundation administers the
funds. The program provides Colombian students the possibility to conduct their studies
abroad by offering financial aid. Students holding an undergraduate degree can apply to
receive financial assistance up to 50,000 US dollars to finance their post-graduate studies in
any country in the world. For master’s degrees that last only one year, the total amount
is 25,000 US dollars. The scholarship component is approved when the student returns to
Colombia after completing of his/her studies and staying in the country between 3 to 5 years.
If the student completed their studies and returned to Colombia, a percentage of the loan is
”Forgiven” (Scholarship component). If the student does not return to Colombia or fulfils

the degree, they must pay back the total amount of money received.

Students are selected based on four criteria: First, the average grade point average (GPA)
obtained in the bachelor’s studies (42%); Second, the relative ranking in the bachelor’s studies
(15%) with respect with their graduating cohort; Third, the quality of the post-graduate
program (35%) using Colfuturo’s ranking which is based on different international rankings
and experts opinions; and forth, an essay that states the motivations of their studies (5%)

9. The selection process is summarized as follows: First, the

scored by external reviewers
team in Colfuturo receives the information and calculates the score equal to the weighted
average of the four criteria. Second, the list is divided by study areas, and a first committee
revises the score. This committee is specific for each study area and is composed of four
to six professionals and/or professors specialized in each study area and who also obtained

a post-graduate degree abroad. The students are ranked from the highest to the lowest

based on this score. Third, the ordered list is revised by a second committee made up of 8

9For the 2020 application call, there were 21 essay reviewers in total.
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professionals in the subject. This second committee selects the students ranked above the
cutoff point. The cutoff is defined based on the number of scholarships available for each
year and study area. Finally, the list is revised by Colfuturo’s Board of Directors, who do
the final revision after adding or discarding candidates depending on the final budget for
each of the study areas. The average selection rate is 54% overall for both Master’s and
Doctorate Degree applicants between 1992 to 2018 1°. Figure 4.1 shows the composition of
the selected and non-selected applicants over the years. The figure shows that there is not
a clear time trend with regards to the selection rate throughout the years after 2010. The
total amount of scholarships to grant depends on year by year of the total capital donated
by the sponsors. The government, one of the biggest donors today, plans the allocation of
resources to the program for each year through the National Council for Economic and Social
Policy (CONPES). For example, in 2015, the central government redefined the distribution

of resources to the program until 2025 (DNP, 2015).

10The calculation does not include all the applications, only those who delivered all the documents and
fulfilled the requirements.
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Figure 4.1: The number of total applicants to the Colfuturo scholarship/loan between 2004
to 2018

Beneficiaries  =+-+=~-- Total

. Sclected = Not selected

Source: Colfuturo (2018) Annual Report

The program has disbursed almost 600 million dollars to finance the studies of more than
17 thousand students in nearly 57 countries in the world from 1992 until 2020. The six
most selected destinations by Colfuturo’s recipients are the United States of America (26%),
followed by the United Kingdom (22%), Germany (10%), France (8%), Spain (7%) and The
Netherlands (6%). Figure 4.2 shows year by year the number of recipients of the financial
aid. Between 2007 and 2009, the number of recipients increased significantly as a result of
the additional resources from Colciencias. The foundation was able to gather more funds
to sponsor more students. However, there is no evidence of an increase in the number of
applications in 2007. Figure 4.1 shows the time trends in the number of applicants selected
and non-selected as well as those who became recipients of the financial aid. Overall, there

is a smooth rise in the total number of applicants between 2004 and 2018.
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Figure 4.2: The number of applicants who received the financial aid from Colfuturo from
1992 to 2018
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Source: own calculations based on Colfuturo’s administrative records.

The beneficiaries receive the amount of money requested during the application process.
The money can be used for the payment of the study fee, living expenses, transportation costs
from Colombia to the country of destination, books, health insurance, computers, software,
among others. Only upon return to Colombia, a percentage of the capital is " forgiven”. In the
case of receiving a master’s/doctorate degree in areas different from management /business,
fifty percent (50%) of the capital is forgiven upon return. For the case of receiving an MBA

degree or any degree in the area of management/business, a twenty-five percent 25% of
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the capital is forgiven. Furthermore, an additional 10% is given if the beneficiary works as
a public official in an entity of the national, departmental, or municipal order; or full-time
teacher or researcher in an educational institution in Colombia. It should be noted that these
percentages changed under the CONPES document 3835 from July 2015 and 3862 from July
2016 (DNP, 2015, 2016). For the subsequent cohort of applicants, the percentages of the
"forgiven capital” were substantially reduced. The above influenced the sample selection for

this paper.

How relevant is Colfuturo’s program when compared to other scholarships available to
Colombian graduates? The following table shows the total number of scholarships, credits,
and loans-scholarship for master’s and doctorates given to Colombian graduates between the
period 2004 and 2013.'! The table shows as well the share by the different institutions. While
ICETEX is the largest sponsor of Colombian graduates (44%), Colfuturo represents 24.6 % of
the total. Colciencias, through their specific scholarship programs, has issued 25.43% of the
total financial aid between 2004 and 2013 (excluding Colfuturo funds). Unlike Colfuturo’s
scholarship/loan, the credits offered by ICETEX must be paid in full by the student once they
have completed their studies. It is also common for students to combine different sponsors
to fund more expensive study programs. Nevertheless, Colfuturo represents an important

source of funding for many Colombian graduates.

HThere is no data available for DAAD scholarships. However, the institution is also an important donor
of scholarships.



130

Table 4.1: Scholarships, credits and credits-scholarship for master’s and doctorates to Colom-
bian graduates by different institutions 2004 - 2013

| Institution | Total Scholarships | Share (%) |
ICETEX 9,493 44.19
COLCIENCIAS 5,463 25.43
COLFUTURO 5,285 24.60
Fullbright 519 2.41
MAEC-AECID* Ecopetrol-ICP 188 0.87
Central bank 157 0.73
Fullbright-DNP**Mazda foundation 74 0.34
British government 38 0.17
Total 21,480 100

Source: DNP (2015).*Ministry of Foreign Affairs and Cooperation of Spain - Spanish Agency for
International Development Cooperation.** National Planning Department

4.3 Data and Descriptive Statistics

4.3.1 The data

I exploit the administrative records provided by Colfuturo for the cohorts of students who
applied to the program in 2011, 2012, 2014, and 2015. I restrict the sample until 2015,
given the substantial changes in the scholarship component of the program after 2016, as
explained in the previous section.'? During the selection process, all the applicants must
submit a survey via an online platform. The survey includes questions regarding their so-
cioeconomic characteristics, professional profile, information about the university and the
program they are planning to study, a budget for the entire duration of the study plan, as
well as, all the documentation required for the application. Once the selection process has

concluded, the beneficiaries of the program must frequently update their information in the

12For 2013, the provided data does not include the identity of the applicants. Given the “Data Use
Agreement” between the author and Colfuturo, it is not possible to share the micro-data without their
authorization.
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online platform to receive the money disbursement (every two months). I use this infor-
mation for the beneficiaries of the program collected by Colfuturo. To obtain information
about the non-beneficiaries of the program, I used information from LinkedIn and CvLAC
(Curriculum Vitae of Latin-American and the Caribbean) profiles. The profiles were found
after performing thousands of automated queries through Google’s Search Console combined
with manual validation of the information, comparing the profiles found with the information

gathered by Colfuturo during the application process.

The final sample constitutes the applicants to Colfuturo’s scholarship program who ap-
plied to study for a master’s degree. I have deleted all the applicants who planned to pursue
a doctoral degree since the number of applicants per study area is small, leading to very
high acceptance rates. As noted, I obtained data using other sources for the non-beneficiary
applicants. The non-beneficiary applicants include the non-selected applicants and the appli-
cants that resigned to the financial aid. I was able to collect information from online sources
for 63% of the total non-beneficiary applicants. Tracking migrants is always challenging in
these studies. However, the tracking rate of international students for the present study is
comparable to other studies such as Oosterbeek and Webbink (2011) with 51% tracking rate
and Parey and Waldinger (2011) with a survey response rate of 25%. Table 4.2 compares
the baseline characteristics for both the overall applicants and the final sample used in this
analysis. There are no important differences in the composition of the sample used for the
analysis when compared with the overall population of applicants, except for the variable
university during the bachelor studies. The percentage of applicants who studied in a pub-
lic university is 1.2 percentage points lower in the sample when compared to the overall

population of applicants.
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4.3.2 Descriptive statistics

Table 4.2 presents descriptive statistics of all the applicants to the financial aid as well as the
sample retained for the main analysis. Columns (1) to (3) show the means and percentages
of the baseline characteristics for all the applicants to the scholarship. Columns (4) to
(6) show the means and percentages for the primary analysis sample of 5,478 applicants.
Table 4.2 shows that nearly all the recipients of the financial aid completed a master degree
abroad (98%), while for those who did not receive the money support, approximately 63%
finished a master degree abroad up to 4 years after application to the Colfuturo’s program
13 On average, applicants are 27 years old, 49% are female, and a large majority (75% in
the sample) received a bachelor’s degree from a private university. The reasons behind the
under-representation of public university graduates could be that universities abroad select
applicants from universities that perform well in global university rankings. Another reason
could be that the students with important financial difficulties do not apply to the financial
aid.

Moreover, Table 4.2 also shows that 50% of the applicants originate from Bogota.!* The
city contributes the most to the national GDP (both nominal and per capita), and it is
the city with the highest number of universities in Colombia (114 universities). The second
region with the most number of applicants is the Andean region, followed by the Caribbean,
Pacific, Orinoquia, abroad, and finally the Amazonian region with only 0.3 % of all the
applicants.

The table also presents the area of study of the applicants. Most applicants seek to

pursue a Master in Management or a Master in Business Administration (MBA). This area

I3For those who applied multiple times to the call, I selected the last application year; therefore, I consider
whether the applicant finished a master up to 4 years after the last application to the program.
14For this reason, Bogot4 is included as a single category and not unified with the Andean region
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of study represents 23% of all the applicants; however, it is also the study area with the
highest rejection rates to obtain financial aid. It represents 35% of the non- selected to
receive funding, while 16% among the selected. The second-largest study area of interest
of the applicants is Engineering (20%), followed by Social Sciences (9.9%), Architecture
(8.7%), and Law (7.9%). These five areas of study represent approximately 70% of all the
applications to financial aid. It is noted that health is the study area with the highest
acceptance rates. Moreover, 9% of all the applicants applied multiple times to the call. A

comprehensive discussion about multiple applications is reviewed in the following section.

4.4 Identification Strategy

This paper aims to study the effect of financial aid on studying abroad by analyzing a sample
of applicants participating in Colfuturo’s Scholarship-Loan program. A simple comparison
of students who receive an international study aid versus those who did not obtain it could
lead to a biased estimation of this effect since the two groups of students could be different
in both observed and unobserved characteristics. Students who typically apply and obtain
international study grants are high-achieving students, interested in living abroad, more
entrepreneurial, risk-takers, and interested in other cultures. Most of these determinants are
difficult to account for. For example, let’s say that those who are the most motivated are the
ones who apply and obtain the grant are compared to students who did not obtain it. The
latter group includes those who did not apply as well as a portion of those who did apply
but did not receive the financial aid. Those who did not apply might not be motivated into
studying abroad, decreasing the likelihood of studying abroad for the overall group of non-
treated individuals. For this reason, the identification strategy is based on the discontinuity

of the treatment occurring at the cutoff point defined in the selection process. The cutoff



Table 4.2: Descriptive statistics - Colfuturo sample

All applicants
Not-Selected Selected Total Not-Selected Selected Total

Sample
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(1) 2 G (4) (5)  (6)
Master Abroad 63.4 98.5  86.3
Women 47.5 49.9 48.9 47.1 50.1  49.2
Age 27.5 271 272 27.3 271 272
Undergraduate university
-Private 76.8 72.0 739 79.5 73.2 751
-Public 23.2 28.0 26.1 20.5 26.8 249
Region born
-Abroad 1.4 1.7 1.6 1.4 1.7 1.6
-Amazonia 0.2 0.3 0.3 0.2 0.3 0.3
-Andean 30.8 29.8  30.2 29.5 28.9 295
-Bogota 50.9 52.1  51.6 51.0 52.3 519
-Caribean 7.8 7.5 7.6 8.5 7.7 8.0
-Orinoquia 1.1 0.8 0.9 1.2 0.8 0.9
-Pacific 7.8 7.8 7.8 8.3 7.8 7.9
Area of Study
-Agriculture&Environment 1.4 6.0 4.2 1.5 5.9 4.3
-Architecture 8.9 8.6 8.7 8.8 8.7 8.8
-Arts 5.7 7.6 6.9 4.5 7.7 6.7
-Basic 1.1 5.1 3.5 0.9 4.6 3.4
-Economics 2.5 2.9 2.7 2.4 3.0 2.8
-Education 0.8 3.7 2.6 0.5 3.6 2.6
-Engineering 20.1 20.4  20.3 19.7 20.2  20.0
-Health 1.5 4.1 3.0 0.9 4.0 3.0
-Law 6.9 8.6 7.9 7.0 9.0 8.4
-Management 35.0 16.0  23.6 38.9 16.2 234
-Political 5.4 7.7 6.8 5.6 8.0 7.2
-Social 10.8 9.3 9.9 9.2 9.0 9.1
Multiple applications 10.4 8.0 8.9 12.0 7.9 9.2
Observations 2,734 4,109 6,843 1,723 3,755 5,478

Notes: The table show percentages for most variables except age, for which the table shows the average.
Multiple applications is a dummy that takes the value of 1 if the applicant submitted an application in
previous years and zero otherwise
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point separates the two groups exogenously if this point has not been manipulated by any
party. In principle, these differences between the groups are negligible when I compare

selected and not selected applicants with scores close enough to the cutoff point.

The design of Colfuturo’s program allows eliminating potential selection bias since it
enables the comparison of applicants with equal interest in studying abroad, similar academic
abilities, as well as other observable and unobservable characteristics. By restricting the
sample to those around a very narrow bandwidth of both sides of the cutoff point, I can
identify the treatment effect of financial aid on the probability of studying abroad. The
regression discontinuity design (RDD) analysis has been used widely used in the education
literature (e.g. Imbens and Lemieux, 2008; Lee and Lemieux, 2010) and in the international
migration literature (Pinotti, 2017; Lochmann et al., 2019). For example, Thistlethwaite
and Campbell (1960) studied the effect of merit awards on subsequent academic outcomes

using RDD.

While the treatment is mostly available for those who score above the cutting line, not
all selected applicants are treated. Figure 4.3 presents the percentage of applicants who
receive the financial aid in relation to the normalized score. A fraction consisting of 16%
of the students were selected into treatment but did not accept the financial aid. Colfuturo
records different reasons that explain why the selected applicants rejected the financial aid.
Reasons such as health, family, visa denial, and other personal reasons can be observed in
Coltufuro’s records. However, in the majority of the cases, the reason for resignation is
unknown. There are only ten recorded cases for which the applicant was selected but did
not fulfill the co-debtors requirement to received the Scholarship/loan. Moreover, 0.48% of
the applicants in the sample received the treatment despite not being selected by the second

committee. One potential reason could be the availability of additional funding. Overall,
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Figure 4.3: Receiving the financial aid from Colfuturo and the score
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eligible individuals self-selected into the treatment since the participation in the program is
voluntary, and some non-eligible individuals selected themselves into the treatment. In this
case, the probability of receiving the financial aid increments discontinuously at the cutoff
point (as depicted in figure 4.3). Considering the fuzzy nature in this scenario, the following

two equations were estimated under the instrumental variable approach:

BZ‘:Oéo—l-OélCi—f—Fl(Si—C)—i-Xi’Y—f—Ei (41)

Y; = Bo+ BiBi + F5(S; — ¢) + X0 + 1 (4.2)

The first equation models the probability of receiving financial aid. Let B;=1 for the

applicant who is a beneficiary of the Colfuturo Scholarship-Loan (received the financial aid)
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and B;=0 for those students who did not receive the Colfuturo aid. The variable S; denotes
the score obtained by the students during the selection process. S; is also the assignment or
"running” variable through which the selection committees define who is eligible or not for
receiving the financial aid. This variable is centered at point ¢, which is the cutoff point. Let
C; =1 for students who were selected to receive the Colfuturo’s Scholarship-Loan, and C;=0
those students who were not selected to receive the financial aid. If C; = 1[S; > ¢] denotes,
the individual ¢ was selected into treatment since the score is higher than the cutoff point.
If C; = 0[S; < ¢ denotes the individual i was not selected into treatment. Being selected for
treatment increases the probability of becoming a beneficiary of the program.

The second equation estimates the probability of studying abroad, where Y; represents
whether the applicant finished a master’s degree abroad between one to four years after
the application was sent to Colfuturo.!® Studying abroad then is a function of receiving
the financial aid (B;), the normalized score (S; — ¢), X; which corresponds to the vector of
explanatory variables included to improve the precision of the estimates and F'(S; — ¢) which

is a polynomial function.

4.4.1 Validity checks

As pointed out in the previous section, this paper analyses the context of Colfuturo’s schol-
arship/credit program under the RDD approach. One potential issue that could jeopardize
the internal validity of the study is the suspect of manipulation. In this context, an appli-
cant’s rank depends on how she or he compares to other applicants. It is nearly impossible

for an applicant to have information about all the other applicants before applying to the

15The estimated effects are conditional on attendance. I can observe from the sample of recipients on 41
cases that couldn’t complete their studies; however, there is no information about the non-beneficiaries who
went abroad but did not finish the studies.
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program. Moreover, the final selection depends on the quality of the other applications in
the same year and area of study; therefore, the candidate cannot know in advance his or her
relative ranking compared to the other applicants. In addition, the cutoff rank belonging to
to a specific year and study area is unknown in anticipation, and it changed every year. The
cutoff depends on the number of applicants in the study area and the number of scholarships
available for that year.

It is important to note that students can participate as many times as preferred to the
application call. The above is not a threat to the identification of the estimates because
the total score in the selection process depends on the four criteria that can hardly be
manipulated by the applicant. The first two criteria (average grade point average (GPA)
obtained in the bachelor’s studies and the relative ranking within their graduating cohort in
the bachelor’s studies) cannot be altered by the student after finishing the studies. 6 The
student can improve his or her writing skills and apply to a well-ranked university in the
next year, however, the score obtained for these two criteria will depend on being selected
in a well-ranked university the next year and the reviewers of the essay. From the 18,903
applicants between 2010 and 2018 applicants, approx. 9% of those sent their application
more than once. For these applicants, I focus on the last attempt to participate in the
program between 2010 and 2018. In our final sample, approximately 57% of the applicants
who applied to the call more than once were selected for the treatment, compared to 43%

who were not selected for treatment.

16Each applicant must provide a certified copy of the bachelor’s degree, the university transcripts, and a
letter describing the relative rank within their graduating cohort.
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To test whether there was manipulation in the assignment of the financial aid, I analyze
the students’ baseline characteristics to check for any discontinuities in the observed covari-
ates around the cutoff. First, the score or "running” variable was divided into 36 bins, and
a simple mean for each baseline variable is calculated for the observations within each bin.
Figures 4.8 and 4.9 graphically present the means for each variable at different points of the
score. The graphic analysis does not show any discontinuity around the cutoff for the ob-
served characteristics of the applicants. Second, I estimate different unrelated regressions in
which the dependent variables are each baseline characteristics regressed on the dummy vari-
able that indicates having a score higher to the cutoff point (C;), the score (5;), a quadratic
polynomial of S; and interactions between C}, the score and the quadratic polynomial. The
results summarized in Table 4.3 show that most covariates do not change discretely at the
threshold, except for the one coefficient associated with the type of university during the
bachelor studies, which is statistically significant. However, the coefficient is substantively
small (0.05); therefore, I can not conclude there is systematic sorting around the cutoff based

on one variable.

To test further for potential manipulation, I follow the proposed test by McCrary (2008).
In a nutshell, the author formulates a test to examine whether the density function of the
running variable jumps in the vicinity of the cutoff point. Given that the selection process
involves many different cutoffs (by area of study and year), I normalized the score and
the cutoffs to zero. The density function of the normalized score or "running” variable is
displayed in Figure 4.4. The results presented in Figure 4.4 do not show evidence of bunching
of the running variable (or the normalized score assigned by the selection committees) around

the cutoff point.
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Figure 4.4: The density of the normalized score
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4.5 The empirical findings

4.5.1 Baseline estimates

In order to examine the relationship between receiving Colfuturo’s financial aid and the
changes of obtaining a master’s degree abroad, I first inspected the raw data graphically.
The same procedure described in the previous sections is followed for the outcome of interest.
The score was divided over 35 bins of similar width, and the percentage of applicants who
finished a master’s degree abroad is calculated for the observations within each bin. Figure
4.5 displays the calculated percentages at each bin along with the normalized score. As
expected, applicants with the highest scores were very likely to study abroad since they were
students with excellent grades. Moreover, figure 4.5 shows a clear discontinuity around the

cutoff point in the percentage of applicants who completed a master’s degree abroad. On
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Figure 4.5: The percentage of applicants who received a master’s degree abroad
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the right side, just above the cutoff, the percentage of applicants who completed studies
abroad is around 92%. On the left side, just below the cutoff, the percentage of applicants
who receive a master’s degree overseas is nearly 68%. The figure also displays the best fit
for the data, which is a quadratic function. As part of the sensitivity analysis, I also test for
different polynomials (see figure 4.7).

To test statistically whether Colfuturo’s financial aid increases the chances of successfully
completing a master’s degree abroad, equations 4.1 and 4.2 are estimated both using non-
parametric and parametric methods. To estimate the effect using two-stage local polynomial
regression, it is required to choose the sub-sample of applicants just above and below the
cutoff. To select the neighborhood observations around the threshold, I utilize a data-driven
optimal bandwidth selector developed by Calonico et al. (2014). The method developed by

Calonico et al. (2014) is also adaptable to the fuzzy RDD.
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Table 4.4: Local linear estimates of the effect of the scholarship/loan on the probability of
obtaining a master degree

(1) (2) (3)

Panel A: equation 4.2 Master degree abroad
Colfuturo beneficiary 0.324** 0.309*** 0.311***
(0.0626) (0.0593) (0.0434)
Panel B: equation 4.1 Colfuturo beneficiary
I(Score > Cutoff) 0.59461*** 0.61217**  0.60908***
(0.02689)  (0.02582)  (0.06115)
Polynomial of degree 1 1 1
Control variables No Yes Yes
Study subject Fixed Effects No Yes Yes
Year Fixed Effects No Yes Yes
Clustered SE No No Yes
Eff. obs. left of ¢ 528 543 531
Eff. obs right of c 1018 1042 1022
Observations 5475 o472 o472

Notes: Robust standard errors in parentheses for columns (1) and (2). For column (3) the standard errors
were clustered by are of study. Control variables include gender, age, age squared,a dummy variable that
indicates if the student applied more than once, country of destination, application year, region of origin
within Colombia and a dummy variable that takes the value of 1 if the applicant studied the bachelor’s
degree in a public university and the study area. * p < 0.05, ** p < 0.01, *** p < 0.001

Panel A of the table 4.4 presents the estimation results for equation 4.2 using a polynomial
of degree 2 over the sample selected using local polynomial regressions. Column (1) presents
the estimations without including any control variables. The results shows that receiving
Colfuturo’s funding increases the probability of completing a master’s degree abroad by 32
percentage points. Column (2) includes the following control variables: gender, age, age
squared, a dummy variable that indicates if the student applied more than once, country

of studies'?, year of application, region of origin within Colombia or abroad, and a dummy

"For those who did not study abroad, I use the country where they planned to study.
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variable that takes the value of 1 if the applicant studied a bachelor’s degree in a public
university. After the inclusion of these control variables, the coefficient changes slightly to

0.309.

Moreover, column (3) of the table 4.4 presents the estimations when the standard errors
have been clustered by area of study to account for any potential correlation among indi-
viduals that applied within the same study area. Overall, the results confirm a statistically
significant impact of receiving Colfuturo’s scholarship/loan on the probability of studying
abroad for Colombian graduates. Panel B presents the results for the equation 4.1 over
the sample in the neighborhood of the threshold. Unsurprisingly, the results confirm that
being selected to receive the aid or namely having a score above the threshold increases the

probability of being a beneficiary of the financial aid offered by Colfuturo.

To estimate the effect of Colfuturo’s scholarship/loan using parametric estimations meth-
ods, I make use of the entire sample and add polynomials up to the second degree (quadratic)
following Gelman and Imbens (2019). Gelman and Imbens (2019) argue that parametric es-
timations can be sensitive to the degree of the polynomials. The authors demonstrate that
higher degree polynomials can lead to noisy weights and misleading confidence intervals.
Table 4.5 summarizes the estimation results of equations 4.1 and 4.2 using Two-Stage Least
Squares (2-SLS). '8 Once again, the table presents in column (1) the results without control
variables, column (2) includes the same control variables, and column(3) includes all the
control variables and clusters the standard errors by area of study. Across specifications,
results using parametric estimations confirm that being a beneficiary of the financial aid

offered by Colfuturo increases the probability of studying abroad. The 2-SLS results are

18While our dependent variable is certainly a dichotomous variable, the endogenous variable is also di-
chotomous, therefore, estimating both equation 4.1 and 4.2 using a Two-Stage procedure is considered in
the literature as the ”forbidden regression”.
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Table 4.5: Parametric estimates of the effect of the scholarship/loan on the probability of
obtaining a master degree

(1) (2) (3)

Panel A: Second stage Master degree abroad
Colfuturo beneficiary 0.285"*  0.292**  (.292***
(0.0213) (0.0213) (0.0341)
R? 0.233 0.254 0.254
Panel B: First stage Colfuturo beneficiary
I(Score > Cutoff) 0.938*  0.935***  0.935"**
(0.0133) (0.0135) (0.0094)
R? 0.872 0.875 0.875
First stage F-stat. 9882.88  9738.11
Polynomial of degree 2 2 2
Control variables No Yes Yes
Study subject Fixed Effects No Yes Yes
Year Fixed Effects No Yes Yes
Clustered SE No No Yes
Observations 5475 5472 5472

Notes: Robust standard errors in parentheses for columns (1) and (2). For column (3) the standard errors
were clustered by subject of study. Each regression includes functions in the overall score of polynomial
degree 2 and interactions with I(Score > Cutoff), which is a dummy variable that takes the value of 1 if the
score exceeds the cutoff and zero otherwise. Control variables include gender, age, age squared,a dummy
variable that indicates if the student applied more than once, country of destination, application year,
region of origin within Colombia and a dummy variable that takes the value of 1 if the applicant studied
the bachelor’s degree in a public university and the area of study. * p < 0.05, ** p < 0.01, *** p < 0.001
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independent of the inclusion of other covariates since the coefficients change slightly from
0.28 to 0.29. Overall, it is plausible to conclude that Colfuturo’s scholarship/loan is an ef-
fective tool to increment the probability of studying abroad for Colombian graduates by 29
to 30 percentage points. Panel B presents the results for the first stage of 2-SLS. The results
using the overall sample show a higher coefficient when compared with Panel B of Table 4.4.
Overall, it is not surprising that being selected into the treatment is a good predictor for

being a recipient of the financial aid offered by Colfuturo.

4.5.2 Sensitivity checks

Under the local polynomial regression approach, the selection of the bandwidth is crucial.
Wider bandwidths allow for a larger number of observations to be included in the estimations
and more precise estimates as a result. However, a wider bandwidth could lead to bias esti-
mates since the local randomization assumption might not hold. To test the sensitivity of the
results to the selection of the bandwidth, I re-estimate equations 4.1 and 4.2 under different
bandwidths. The selected bandwidths are symmetrical, meaning the same width is used for
the data below the cutoff and the data above the cutoff. Figure 4.6 presents the coefficient
of receiving Colfuturo’s aid in equation 4.2 including all control variables, interaction with
the S; and Cj, and the clustering of the standard errors by area of study for different sizes
of the neighborhood around the threshold. The results presented in table 4.6 exemplify the
trade-off between precision and bias under the local polynomial regression approach. When
the bandwidth is small, the confidence intervals are larger, and the point estimate is less
precise. As the bandwidth becomes larger, the confidence intervals are narrower, and the
coeflicient is estimated with more precision.As the bandwidth increases, the results become

similar to the estimates presented in table 4.5 using parametric estimations. Nevertheless,
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Figure 4.6: Non-parametric estimates of the probability of completing a master degree abroad
using different bandwidths
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the results presented in figure 4.6 confirm the relevance of Colfuturo’s aid on completing
studies abroad.

A different approach is presented to assess the sensitivity of the estimations under the
parametric methods. In this case, the interest focuses on finding the best model that fits the
given data. For this reason, I estimated equations 4.1 and 4.2 using higher-order global poly-
nomials of degrees between 1 and 6, as well as the interaction with S; and C}, the inclusion
of control variables, and standard errors clustered at the study area. The results displayed
in Figure 4.7 confirm the discussion presented by Gelman and Imbens (2019) about the use
of high order polynomials for the running variable. The results are sensitive to controlling
for high-degree polynomials for the continuous ”"running” variable. Notwithstanding, the
estimated coefficient oscillates between 0.24 and 0.302. Overall using both different polyno-
mial degrees and bandwidths, the estimated coefficient of interest is stable, and it fluctuates

around 0.3.
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Figure 4.7: Parametric estimates (2SLS) of the probability of completing a master degree
abroad using alternative polynomial function
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4.6 Discussion and Conclusions

Numerous developing countries have expanded the number of government-sponsored scholar-
ships to fund studies abroad for their citizens. For example, CAPE scholarship for Brazilian
graduates, DIKTI scholarship in Indonesia, Bolashak Scholarship in Kazakhstan, CONA-
CY'T scholarship in Mexico, Scholarship No. 322 in Vietnam, among many others. The
financial support of students in studying abroad has become highly relevant for countries as
a mechanism to achieve high-quality tertiary education among their population. The case
of the Colfuturo Scholarship - Loan program is not an exception.

The Colfuturo Scholarship - Loan program aims at strengthening the formation of highly
qualified human capital at the best universities in the world. The program funds master
and Ph.D. degrees among Colombian graduates through a specific financial aid that mixes
different elements. It consists of a conditional scholarship that depends on a return criterion.
If the students decide not to return to Colombia, the money disbursed during the study times

transforms into a study loan. The program has been very successful by sponsoring over 17
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thousand students between 1992 and 2020. Moreover, the structure of the program generates
incentives to return to Colombia. According to Colfuturo’s records, on average, 74% of the

recipients return to Colombia after the study period.

This paper aims to estimate, causally, the role of financial aid such as Colfuturo’s program
on the probability of studying abroad. Given the characteristics of the selection process, I
implemented a Regression Discontinuity Design (RDD). The present paper contributes to
the literature related to the determinants of studying abroad by accounting for selection
bias as a result of financial aid self-selection. To summarize, the results suggest that being
a recipient of Colfuturo’s financial help increased the probability of studying abroad at the
post-graduate level by 30 percentage points approximately. The results are very similar
to those found by Oosterbeek and Webbink (2011). The authors show that receiving the
grant "program for the talented” increases the probability of studying abroad by 24.3 to 29.5

percentage points depending on the specification.

The estimated effects of financial aid on studying abroad are larger in magnitude when
compared to the effect of other types of financial aid to study within the country of origin. For
example, Dynarski (2003b) calculates that the effect of the eligibility to the Social Security
Student Benefit Program increases on college attendance by 21.9 percentage points and
completion by 14.5 percentage points. Dynarski (2008) estimates the effect of two programs:
the Georgia and Arkansas merit scholarship on degree completion, and found an effect equal
to 3-4 percentage points. Moreover, using the PROMISE program Scott-Clayton (2011)
found that receiving financial aid increases four-year-bachelor completion by 9.4 percentage

points.

The estimated effects of Colfuturo’s financial aid on studying abroad in thousands of

dollars are lower in magnitude when compared to the results of other studies. The estimated
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effect can be easily translated into costs. Colfuturo paid to its recipients on average 33,606
US dollars. This means that for every 1,000 US dollars spent per student, the probability
of successful completion of a master’s degree abroad increases by 0.89 percentage points.
In comparison, Whatley (2017) found that every 1,000 US dollars received in grant aid
increase the probability of studying abroad by 29 percentage points among the students in the
university system of the state of Georgia, USA. Moreover, Dynarski (2000) and Cornwell et al.
(2006) found that for every 1,000 US dollars given by Georgia’s HOPE scholarship, college
enrollment of freshmen students increases by 4 to 6 percentage points. Nevertheless, one must
be cautious in generalizing the results obtained for Colfuturo’s program and compare it to any
financial aid. Given the characteristics of the Colfuturo Scholarship/loan, it is not simple to
disentangle the effects of the loan part from the scholarship part. Another limitation of this
study lies in the fact that the estimated effects are conditional on attendance to a university
abroad since it is not possible to obtain information of who among the non-beneficiaries that
did not obtain a master’s degree abroad tried but did not complete the degree. Moreover,
there is potential sample selection since the participants in the selection process could not
be representative of the Colombian population. Higher education is not widely accessible
in Colombia. According to OECD (2020a), 30% of the population in Colombia obtained a
tertiary degree. This percentage is low when compared to the OECD average (45%).
Future research could explore the potential heterogeneous effects of the program to un-
derstand who are the most benefited by the financial aid. Are students coming from public
universities most benefited from the program? Or does financial aid impact a student’s de-

cision to attend a year versus two-year master program or public versus private university

abroad?
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4.7 Appendix C

4.7.1 Appendix C1l. Graphical analysis of the baseline characteristic around

the cut-off point
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CHAPTER 5

CONCLUSION

The purpose of this thesis is to give light to specific questions regarding international migra-
tion. It covers aspects about the determinants that explain people’s movements abroad and
the integration process in the host societies. Each chapter of this dissertation fills different

research gaps in the literature. The next section session summarizes them.

5.1 Summary of key findings and significance

5.1.1 Migration Diasporas and Long-term Cultural Distance: Testing the Col-

lier’s hypothesis

The effect of the stock migrants in a country on the subsequent inflows of migrants has
been widely documented in the literature. This effect is known as the network effect. The
purpose of chapter 2 is to understand whether the network effect on migration flows is
larger when the cultural distance between the country of origin and destination is large.
This objective is accomplished by estimating the interaction between the network effect
and ancestral distance on international migration flows. For this task, a gravity model to
explain international migration inflows was estimated using the Poisson Pseudo Maximum
Likelihood (PPML) estimator developed by Santos Silva & Tenreyro (2006). The estimated
elasticity of migration stocks on migration flows ranges from 0.6 to 0.8 depending on the
level of ancestral distance. This difference of 0.2 percentage points in the inflow of migrants

between culturally distant and culturally similar country pairs is rather small considering
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the length of time of the estimates (10 years).

5.1.2 The solution of the immigrant paradox: aspirations and expectations of

children of migrants

In contrast to chapter 2, chapter 3 studies the educational performance of the children of
migrants in the U.S. It shows that the difference in school performance between migrant
children and natives lies within the misalignment in aspirations and expectations that mi-
grant children form. The chapter shows that a positive difference between aspirations and
expectations is a driving force for higher effort and better education outcomes of immigrant
teenagers. This force resolves the well-known immigrant paradox. The result is specific to
migrant children and does not hold for second-generation migrant pupils who appear quite
acculturated to the USA context. This chapter evidences that when considering a broad set
of explanatory determinants of educational attainment, we can fully explain the differences

in performance between the children of migrants and natives.

5.1.3 The role of financial aid on foreign education: Evidence from Colombian

graduates

This chapter studies the causal effect of receiving financial aid on foreign education at the
postgraduate level. I use a sample of Colombian graduates who applied to Colfuturo’s finan-
cial aid program. The characteristics of Colfuturo’s selection process allow the implementa-
tion of a Regression Discontinuity Design (RDD). The assignment of the fund is expected to
be distributed quasi-randomly for the applicants around the vicinity of a cut-off point. This
methodology allows for the estimation of the local average treatment effect (LATE) of the

program. The chapter contributes to the literature related to the determinants of studying
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abroad by accounting for selection bias as a result of financial aid self-selection. To sum-
marize, the results suggest that being a recipient of Colfuturo’s financial help increased the
probability of completing a master’s degree abroad by 30 percentage points approximately.
The scholarship-loan program is an effective tool to promote high-quality education among

Colombian citizens. The results are remarkably robust across estimation methods.

5.2 Limitations

The chapters in this dissertation are not free of limitations. Each chapter employed different
data and statistical methods. The limitations will be covered chapter by chapter.

Unlike previous studies, chapter two builds upon migration flow data from a new source.
Traditionally, migration is measured with some accuracy through population census and
surveys. These data sources are not only expensive to carry out in some countries but also
infrequent and available with delay. These sources of information could estimate migration
with some error since they often leave minorities out of the sample or represented by very few
observations. To estimate the inflow of international migrants, the literature traditionally
employs the difference in the stock of immigrants from one census period to the other.
However, this method could measure immigration inflows with a degree of inaccuracy since
it does not take into account mortality rates, regularization programs, return migration, or
the heterogeneity of agents (Beine et al., 2010a). The second chapter makes use of migrations
inflows obtained from population registries, border statistics, and permits (residence/work)
instead of changes in the stock of migrants. These sources are not free of measurement
error as well. For example, irregular migrants are not accounted when using this type of
data source, therefore, the estimates of migration inflows could be seen as a lower bound of

the total inflows under high numbers of irregular migrants. Nevertheless, results in chapter
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2 show that using these alternative information sources leads to similar estimates of the
network effect on international migration flows than when using the differences in migration

stocks.

Another limitation is the use of ancestral distance as a measure of cultural distance.
This proxy can only capture cultural aspects that are particularly invariant through time.
While this is an advantage of the study, it can also be a limitation since it leaves out many
cultural aspects that are in continuous transformation. The lack of historical data on cultural
values makes this task hard to accomplish. Moreover, the reverse causality between cultural
distance and international migration flows presents a challenge if one wants to take into

consideration time-variant aspects of cultural distance.

In chapter 3, the use of GPA as a measure of educational performance rather than a
standardized test is a limitation of the study. Teachers have complete discretionary power
to assign grades to each student. This judgment differs from teacher to teacher and between
academic institutions. The above creates a comparability issue across classes and schools.
The inclusion of fixed effects partially accounts for this issue, however, the use of GPA is still
a limitation in the study. Another important limitation is the sample size of native teens
compared to migrant teens. While Add Health contains around 20 thousand observations,
the migration sample is still around 20% of the overall sample. The above leads to a large
sample for native teens and a small sample for migrant teens. While larger samples increase
statistical power, it can also lead to highly significant estimates, especially for native teens
in this case. In addition, it should be highlighted that non-enrollment rates in high school
are larger among migrant teens than compared to native teens if the migrants arrived late
in their teens. The above means that there is scope for selection bias in the sample if we

consider those migrant teens who perform well at school are enrolling in high school while
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those with lower performance might not be observed in the sample.

Lastly, it should be noted that chapter 4 is constricted to study the successful completion
of the degree since it was not possible to obtain information of those non-beneficiaries who
did not obtain a master’s degree abroad but tried to do so. The above means that the
estimated effects are conditional on attendance to a university abroad. The analysis is also
not considering whether the students obtained other financial aid different from Colfuturo.
Given the characteristics of the Colfuturo Scholarship/loan, it is not simple to disentangle
the effects of the loan part from the scholarship part. Moreover, there is potential sample
selection since the participants in the selection process could not be representative of the

Colombian population. Higher education in Colombia is still not widely accessible.

5.3 Opportunities for future research

The exploration in chapter 3 could be extended to other major destinations countries in
Europe, where the education systems differ greatly from the education system in the USA.
The idea of the American Dream as the freedom and ability to write your own future could be
also affecting the self-efficacy of migrant children. This view is unique to American society,
therefore, the exploration of aspirations, expectations, and misalignment in other contexts
is relevant to fully understand the gap in the performance of migrant children and native
children.

Furthermore, the study of international students and their migratory trajectories is still
an emerging field. Future research using the data from chapter 4 could explore the potential
heterogeneous effects of the program to understand who are the most benefited by the
financial aid. Are students coming from public universities most benefited from the program?

or does financial aid impact a student’s decision to attend a year versus two-year master
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program, or public versus private university abroad? Moreover, understanding whether

higher education abroad payoff to the students remains understudied.
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