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The Value of Cultural Similarity for
Predicting Migration: Evidence from Food
and Drink Interests in Digital Trace Data

CAROLINA COIMBRA VIEIRA , SOPHIE LOHMANN
AND EMILIO ZAGHENI

One of the strongest empirical regularities in spatial demography is that flows of
migrants are positively associated with population stocks at origin and destina-
tion and are inversely related to distance. This pattern was formalized into what
are known as gravity models of migration. Traditionally, distance is measured
geographically, but other measures of distance, such as cultural distance, are also
relevant in explaining migration flows. However, measures of cultural distance are
not widely adopted in the literature on modeling migration flows, partially because
of the difficulties associated with operationalizing and producing these measures
across space and time. In this paper, we use a scalable approach to obtain proxies
for measuring cultural similarity between countries by using Facebook data and
illustrate the impact of incorporating these measures, based on food and drink
interests, into gravity models for predicting migration. Our results show that, despite
their limitations, the new measures of cultural similarity derived from Facebook data
improve the prediction power of traditional gravity models and have a predictive
capacity comparable to that of classic variables used in the literature, such as shared
language and history. The results open up new opportunities for understanding the
determinants of migration and for predicting migration when considering broader
and complementary perspectives on the meaning and measurement of distance.

Introduction

One of the strongest empirical regularities in spatial demography is that
flows of migrants are positively associated with population size at origin and
destination and are inversely related to distance. This pattern was observed
in the 19th century by Ravenstein (1889) and was later formalized by
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Zipt (1946) into what are known as gravity models of migration. Tradi-
tionally, distance is measured geographically. However, other measures,
including those based on economic and cultural factors, have also been
found to be relevant for explaining migration flows (Anderson 2011; Esses
2018; Caragliu et al. 2013; Bohme, Groger, and Stohr 2020; Lewer and Van
den Berg 2008).

The cultural distance between two countries could, therefore, be a
valuable predictor of migration flows given the bidirectional relationship
between culture and migration. For instance, the cultural fit in terms of
language, norms, and values is an important factor that people consider be-
fore moving between countries (Caragliu et al. 2013; Pedersen, Pytlikova,
and Smith 2004). After moving, migrants then transmit cultural elements,
such as food habits (Opare-Obisaw et al. 2000), from their origin country
to their destination country and back again (Mesoudi 2018).

Measures of cultural distance are difficult to estimate and thus have
not yet been widely adopted in gravity models for assessing and predicting
migration. The few studies that have examined the impact of cultural di-
mensions or cultural distance on migration flows have typically relied on
survey responses regarding norms, values, and beliefs, such as those from
the World Values Survey (WVS; Inglehart 1997). Immigration data from
Denmark, Germany, and the Netherlands illustrate that greater cultural dis-
tance, as derived from the WVS, is associated with less long-term mobility
(White 2013). Overall, cultural distance, as derived from the WVS, seems
to play an important role in predicting migration flows between European
countries (Caragliu et al. 2013). However, survey approaches that focus on
migration suffer from significant limitations, such as the difficulty of reach-
ing migrants, and the complexity and high costs associated with running a
cross-national survey with a migration focus.

In this paper, we use complementary measures of cultural similar-
ity based on cultural norms, values, and beliefs derived from surveys
(i.e., the WVS) for the study of migration flows. We expand the analysis
of the impact of culture on migration flows by adding measures of cultural
similarity based on cultural attributes regarding food and drink interests
derived from social media data (i.e., Foursquare and Facebook). This article
cannot distinguish between all the mechanisms underlying the complex
relationship between culture and migration, and the aim of this study is not
to establish a causal link between them. We do, however, demonstrate that
culture is an important aspect to consider when studying migration and
that the inclusion of measures of cultural similarities improves predictions
of migration flows, even after accounting for classic predictors of migration.
We expand the literature by showing the impact of adding measures of
cultural similarity derived from social media data based on food and drink
interests (i.e., food and drink similarity) to the analysis of migration flows.
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Food and drink are two of the most basic needs of human beings.
The manner in which people interact with food, from the procurement and
selection of food to its preparation and consumption, reflects complex in-
terrelationships and interactions among individuals, the society in which
they live, and their culture (Axelson 1986; Ferguson, Iturbide, and Raffaelli
2020). Food studies have become an important interdisciplinary field of
study that focuses on the relationship between food and human experience
and the relationships between food, culture, and society (Almerico 2014).
Food production, distribution, and consumption are all shaped by cultural
codes (Counihan and Van Esterik 2012) and represent cultural acts (Mon-
tanari 2006). Food preparation! is one of the topics included in the Lists of
Intangible Cultural Heritage provided by UNESCO,? which covers cultural
practices and expressions of intangible heritage. More generally, food can be
seen as an important marker of cultural identity (Kittler, Sucher, and Nelms
2016). Out of all categories of interests on Facebook (e.g., food and drink,
news and entertainment, hobbies and activities, sports and outdoors), food
and drink are the only interests that belong to a universal category, given
that food and drink are two of the most basic needs of human beings. Some
interests are specific to certain demographic groups; for instance, not every-
one is interested in sports or celebrities. By contrast, food is popular across a
wide demographic spectrum. In this context, given the importance of food
to culture (Ashley et al. 2004; De Solier and Duruz 2013; Recchi and Favell
2019), we consider measures of cultural similarity based on food and drink
interests that are derived from social media data.

We propose the use of measures of food and drink similarity developed
by Vieira et al. (2022) and evaluate their potential in predicting migration.
Unlike survey data that need to rely on different rounds of survey to be
collected, these measures are timely, cost-effective, and scalable as they are
based on aggregate data from Facebook that are freely and publicly avail-
able through the Facebook Advertising Platform (we will refer to these data
as Facebook Ads data). We illustrate the applicability of the proposed ap-
proach by showing how these new measures of food and drink similarity
can be used to predict migration and explain migration flows. The measures
of food and drink similarity derived from Facebook Ads have, despite their
limitations, a capacity to predict migration flows that is comparable to that
of classic variables used in the literature to represent the cultural dimension,
such as shared language and shared history. Additionally, the measures of
food and drink similarity derived from Facebook Ads are able to capture
changes quickly, especially when migration patterns change rapidly due to
crises. In this context, we expect that these measures of food and drink sim-
ilarity derived from Facebook Ads could represent, almost in real-time, the
cultural changes that occur during big and unexpected migration events
(e.g., the migration of Ukrainians after Russia’s invasion). Furthermore, the
Facebook Ads measures of food and drink similarity introduce a more nu-
anced view of symmetric and nonsymmetric measures of similarity, opening
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up new opportunities for predicting and understanding the determinants of
migrations.

Background

Cultural distance measures operational parameters that can be used as prox-
ies for cultural dimensions. They allow researchers to estimate the extent to
which countries differ culturally (Tung and Verbeke 2010). The cultural di-
mensions used to measure culture can vary depending on the focus of the
research (Mohr et al., 2019). For instance, the study of culture can focus
on aspects of daily life by considering cultural objects, such as the clothes
people wear, the music they listen to, and the food they eat (Recchi and
Favell 2019; Kwantes and Glazer 2017). Food studies is an important inter-
disciplinary field that recognizes food as a central aspect of acculturation,
cultural practices, and cultural identity (Ferguson, Iturbide, and Raffaelli
2020; Montanari 2006; Ashley et al. 2004; De Solier and Duruz 2013; Kit-
tler, Sucher, and Nelms 2016).

Operationally, culture has been traditionally measured in terms of
norms, values, and beliefs via sampling surveys (Kwantes and Glazer 2017)
in which the survey responses are used to characterize cultural aspects
of a country (e.g., Schwartz’s value survey (Schwartz 1994), the WVS
(Inglehart 1997), and Hofstede’s® cultural characteristics (Hofstede 1983))
and to evaluate the relative distance between countries (Gupta, Hanges, and
Dorfman 2002; De Santis, Maltagliati, and Salvini 2016; Mucciardi and De
Santis 2017; Muthukrishna et al. 2020).

Such studies based on surveys are highly valuable but also have im-
portant limitations. In addition to measurement error (Groves and Lyberg
2010), the results may suffer from various biases (Suchman 1962), like so-
cial desirability bias, question order bias, and acquiescence bias. Further-
more, surveys are costly and require a long time to run. For example, most
government statistics are updated only once a year (often with a delay),
and major surveys such as the European Values Study (EVS) and the WVS
are often spaced even further apart (the EVS is conducted once every nine
years, and the WVS is carried out once every five years). This lack of timely
information makes it difficult for decision-makers to respond dynamically to
shifting circumstances. While all demographic studies involve uncertainty
and complexity, migration predictions are particularly uncertain (Bijak and
Bijak 2022). For instance, migration flows related to refugee movements*
are among the most volatile forms of migration and are, therefore, the most
difficult to predict. These dynamic shifts in migration flows illustrate the
need for more frequent data to track migration flows and improve predic-
tions. To overcome some of these limitations, we propose an approach that
relies on passively collected data from social media, which can be used to
complement data from existing sources.
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Social media advertising platforms provide complementary tools that
can be used to measure cultural preferences and that allow for compar-
isons across regions via passively collected data (You et al. 2017). As one
of the first studies to address this question using online data sources, Silva
et al. (2014) identified cultural boundaries and similarities across popula-
tions by clustering them based on the analysis of food and drink habits.
However, their analyses of culinary habits around the world were limited
to Foursquare check-ins, which considered only 101 categories and thus
underestimated the variety of users” interests.

In one of the first studies on this topic using Facebook Ads data, Vieira
et al. (2020) examined the similarities between selected countries and Brazil
based on their population’s interests in typical Brazilian dishes. However,
the results were limited to dishes listed on Wikipedia, which restricted the
potential list of dishes. Moreover, because some countries do not have a
Wikipedia page dedicated to listing their typical dishes, the methodology
was not scalable. Obradovich et al. (2022) also used data from Facebook
Ads to examine cross-national cultural differences across nearly 60,000 in-
terests. They validated their work by comparing the cultural distances cal-
culated using their measurements with those of traditional survey-based
measures. However, as the authors included a wide range of cultural fea-
tures, from politics to national parks, and used a “black box” model to rep-
resent countries’ cultures, it is hard to assess exactly what their index was
measuring. More recently, Vieira et al. (2022) presented a scalable, data-
driven methodology for measuring the cultural similarities between coun-
tries based on the most popular food and drink in each country from a list
containing more than 200,000 interests on Facebook Ads (Speicher et al.
2018). Relative to Obradovich et al. (2022), the methodology proposed by
Vieira et al. (2022) compared countries using fewer, but explicitly known
attributes selected from a very large data set. In other words, interests that
were not relevant to any of the countries were disregarded to reduce feature
sparsity. They presented two measures of cultural similarity, including the
first asymmetric measure of cultural similarity derived from social media
data.

The literature that we just summarized suggested methodologies based
on social media data to measure cultural similarity between countries and
then correlated these measures with survey-based measures. To the best of
our knowledge, ours is the first paper to evaluate how suitable the use of an
asymmetric measure of similarity is for predicting migration. In this work,
we decided to evaluate the impact of adding these measures of cultural sim-
ilarity to a gravity model to predict migration. In order to test the Facebook
measures against the most stringent baseline possible, we compared its pre-
dictive capacity with that of measures of cultural similarity derived from the
WVS (Inglehart 1997) and Foursquare data (Silva et al. 2014).
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Facebook Ads data have become an important tool in demographic
research, especially for studying migration patterns (Leasure et al. 2023;
Zagheni, Weber, and Gummadi 2017; Dubois et al. 2018; Spyratos et al.
2019; Alexander, Polimis, and Zagheni 2019; Palotti et al. 2020). However,
the study of international migration and the development of models to ex-
plain and predict flows of people between countries are not new (Massey
et al. 1993). One of the most traditional prediction approaches is based on
gravity-type models (Tinbergen 1962; Lewer and Van den Berg 2008; Co-
hen et al. 2008; Ramos 2016). For example, Cohen et al. (2008) developed
an algorithm to project future numbers of international migrants from any
country or region to any other country or region. The model considers the
population and the geographical area of the origin and the destination coun-
try and the geographic distance between the origin and destination. Subse-
quently, researchers have added to this model by identifying other variables,
such as social variables (e.g., mortality rate) (Kim and Cohen 2010); histor-
ical variables, such as shared history and shared language (Lewer and Van
den Berg 2008; Beine, Bertoli, and Moraga 2016; Kim and Cohen 2010;
Caragliu et al. 2013; Abel, Raymer, and Guan 2019); and online search key-
words (Bohme, Groger, and Stohr 2020). For instance, Bohme, Groger, and
Stohr (2020) showed how geo-referenced online search data can be used to
measure migration intentions in origin countries and to predict bilateral mi-
gration flows. Moreover, distance measures that go beyond estimating geo-
graphic distance to, for example, assess administrative, political, economic,
or cultural distance (Ghemawat 2001) are important variables that should
be considered by migration prediction models.

Most of the existing studies that analyzed cultural changes in rela-
tion to migration were restricted to one or a few countries, or, if they took
a broader international perspective, used cultural distance measures that
were symmetric by construction (Rapoport, Sardoschau, and Silve 2020).
Since migration is neither homogeneous across countries nor symmetric,
we apply an asymmetric measure of cultural similarity across many coun-
tries in order to more accurately represent processes of international cul-
tural exchange.

Data

In this section, we describe the main data sources we used to collect interna-
tional data for our prediction models. We present the data sources we used
to measure the cultural and food and drink similarity between countries:
the WVS (Inglehart 1997), Foursquare (Silva et al. 2014), and Facebook
Ads (Vieira et al. 2022). We also provide a description of the data sources
for gravity model variables such as population, area, and geographic dis-
tance, as well as for migration flows as the outcome variable. To ensure the
comparability of our results with previously suggested indices of similarity
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based on Foursquare data, our analysis focuses on a subset of 16 of the most
popular countries by number of Foursquare check-ins (Silva et al. 2014).

The countries selected for the analysis were chosen based on a com-
promise across three different criteria. First, we wanted to match the list
of countries selected by Silva et al. (2014) to allow for comparisons be-
tween the previous literature using Foursquare data and our results using
Facebook data. Second, the countries we chose cover a large portion of geo-
graphic areas and populations across the world. Finally, and importantly, we
selected countries with high Facebook penetration rates: Argentina, Aus-
tralia, Brazil, Chile, Great Britain, France, Indonesia, Japan, South Korea,
Malaysia, Mexico, Russia, Singapore, Spain, Turkey, and the United States.
In other words, we favored a choice of countries with comparatively low
and consistent biases over a broader selection of countries that would be
more heterogeneous in terms of biases and for which the interpretation of
results would be more complex.

Facebook ads data

Vieira et al. (2022) collected data regarding Facebook users’ interests in food
and drink and proposed measures of cultural similarity between countries.
The data collected from Facebook Ads refer to the number of Facebook
monthly active users (i.e., active over the past 30 days) who matched the
demographic attributes targeted at the time of data collection. The Facebook
Marketing API enables marketers and researchers to estimate the monthly
active Facebook user count for a proposed advertisement, aligning with
specified input criteria (Kosinski et al. 2015). The platform provides a set of
customizable demographic attributes, such as age, gender, home location,
and interests, allowing advertisers to tailor their input queries. Attributes
like age, gender, and location are explicitly declared by the users in their
profiles, whereas interests can be either declared by the user or inferred by
Facebook based on user activities such as posting or interacting with con-
tent (e.g., liking content, sharing content, or updating one’s status). The
methodology proposed by Vieira et al. (2022) consisted of selecting a subset
of popular foods and drinks for each country and then creating a vector rep-
resentation according to Facebook users’ interests in those foods and drinks.
Finally, they measured the similarity between those country-level vectors.
Methodological details are available in Vieira et al. (2022).°> Measures de-
rived from the Facebook Ads data, including the code used to analyze the
data sets and generate the figures, are available in a public web repository.°

Two measures of similarity were proposed by Vieira et al. (2022)—
Facebook asymmetric similarity and Facebook symmetric similarity—
depending on the subset of food and drink used to create the vector rep-
resentations. The asymmetric similarity between two countries, ¢; and c¢,, is
measured in terms of the most popular food and drink in ¢;, whereas the
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similarity between ¢, and ¢; is measured in terms of the most popular food
and drink in ¢,. In this case, since the similarity between ¢; and ¢, is different
from the similarity between ¢, and ¢, this measure is not symmetric.

However, we could also measure the similarity between two countries
by considering a fixed set of interests for both countries. In this case, we can
refer to the measure as symmetric similarity, corresponding to the measure of
similarity between two countries considering the union of the most popu-
lar food and drink in these countries. Since the subset of interests is fixed,
the similarity between ¢; and ¢, is equal to the similarity between ¢, and
¢1. In our models, we refer to the Facebook asymmetric measure of simi-
larity as Facebook asymmetric similarity—food origin or food destination—
depending on which subset of top food and drink, from the country of origin
or the country of destination, we considered in the measure of similarity.
We refer to the symmetric measure of similarity as Facebook symmetric
similarity.

For the Facebook measures of food and drink similarity (Vieira et al.
2022), selected the top 507 types of food and drink in each country. In this
case, the asymmetric measure of similarity between two countries, ¢; and
2, corresponds to the cosine similarity between the 50-dimensional vector
representation of each country in terms of the 50 top foods and drinks in
country ¢;. The symmetric measure of similarity between two countries, on
the other hand, is given by the cosine similarity between the vector repre-
sentation of each country in terms of the 394 foods and drinks. The set of
394 interests corresponds to the union of the top 50 interests in each of the
16 countries.

The main aim of this paper is to assess the extent to which the consid-
ered Facebook measures of cultural similarity—using only food and drink
as cultural markers—are meaningful predictors of migration flows. In this
sense, it is important to validate our results obtained with the Facebook Ads
data and to ensure their comparability with the results of prior research.
We selected the two most relevant data sets for comparing measures of cul-
tural similarity: the WVS and Foursquare. The WVS is an established and
traditional data set based on large-scale representative survey data along
several cultural dimensions reflecting cultural norms, values, and beliefs.
The Foursquare data set (Silva et al. 2014) is based on data on users’ food
and drink habits collected from Foursquare check-ins. Although the mea-
sures of cultural similarity from the WVS and the Foursquare data focus
on different aspects of culture, both measures are used as baselines for the
Facebook measures of food and drink similarity. However, as mentioned
before, both data sets have significant limitations. The main disadvantages
of the WVS are the costs and the operational time needed to release new
survey waves, which have typically been conducted for about five years.
The Foursquare platform, in contrast, is not as widely used as Facebook. In
addition, the platform is heavily biased from a demographic point of view
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(e.g., young men are more likely to use Foursquare than women or older
people,®? and most users are from the United States,'° although only 2% of
the US population use Foursquare'') and is limited to people who explicitly
share their locations when visiting a place (i.e., check-in). Moreover, access
to the Foursquare API is not free.!?

World Values Survey data

The WVS data set considers several cultural dimensions, such as religion,
politics, economics, and lifestyle. Inglehart (1997) identified two major di-
mensions derived from the WVS and proposed a cultural map'? of the world
in which the location of each country is given by the scores on these two di-
mensions. Based on the location of each country in the WVS cultural map
from 2020, each country was represented by a vector of two dimensions
corresponding to the two dimensions of the WVS cultural map: traditional
values (which emphasize the importance of religion, parent—child ties, def-
erence to authority, and traditional family values) versus secular-rational
values (represented by societies that place less emphasis on religion, tra-
ditional family values, and authority); and survival values (emphasis on
economic and physical security) versus self-expression values (emphasis on
environmental protection, equality, and rising demands for participation in
decision-making in economic and political life). Then, we measured the co-
sine similarity between each pair of countries to obtain the WVS similarity.
The measure of cultural similarity derived from the WVS data is a rep-
resentation of a more traditional measure of culture based on norms, val-
ues, and beliefs. The selection of the WVS as a data source for measuring
cultural similarities across countries is based on two main criteria: cover-
age and wave updates. The WVS, which is one of the most authoritative
and widely used cross-national surveys in the social sciences, has an exten-
sive geographical and thematic scope and is conducted globally'* every five
years. In addition, there is a strong association between the cultural dimen-
sions from the WVS cultural map and other cultural dimensions derived
from surveys (Kaasa and Minkov 2022; Taras, Rowney, and Steel 2009).

Foursquare data

Silva et al. (2014) identified cultural boundaries and similarities across pop-
ulations by clustering them based on the analysis of food and drink habits
via Foursquare check-ins. They also proposed a cultural map in which the
location of each country is given by the two first principal components after
applying the principal component analysis algorithm over a high dimen-
sional preference vector based on Foursquare check-ins in different subcat-
egories of bars and restaurants. Based on the location of each country in
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the cultural map proposed by Silva et al. (2014), we measured the cosine
similarity between them to obtain the Foursquare similarity.

We compared different measures of similarity derived from Euclidean
and cosine distance. The two measures are highly correlated with each other
(WVS data (0.64) and Foursquare data (0.89); see Figures A2 and A3 in the
online Appendix). We did not observe substantive changes in our model
when using cultural similarities derived from Euclidean or cosine similar-
ity. For consistency purposes, all the measures of cultural similarity derived
from the WVS, Foursquare, and Facebook Ads data are based on cosine
similarity.

United Nations data

The population size of each country in 2019'> comes from the United Na-
tions. The data include estimates of the total population for all countries and
are made available in the 2019 revision of the World Population Prospects.
We also collected the estimates of the number of international migrants and
the migrant stocks from each country of origin in each country of destina-
tion for 2019 from the United Nations website.'®

CEPII GeoDist data

GeoDist (Mayer and Zignago 2011) makes available the exhaustive set of
gravity variables developed by Mayer et al. (2005) to analyze market ac-
cess difficulties in global and regional trade flows. The data set incorporates
country-specific geographical variables for the world’s countries, including
the area of each country in square kilometers (km?). Moreover, the data set
includes variables that apply to pairs of countries, from which we used the
variables of geographic distance and shared history. The geographic distance
between each pair of countries is based on bilateral distances between the
biggest cities of those two countries, weighted by the share of the city in
the country’s overall population (Mayer and Zignago 2011). Finally, shared
history indicates whether the two countries have ever had a colonial link.
Based on the information from the data set, a colonial link is established if
the two countries have had a common colonizer after 1945, have ever had
a colonial link, have had a colonial relationship after 1945, are currently in
a colonial relationship, or were/are the same country.

CEPII Language data

The CEPII Language data set (Melitz and Toubal 2014) provides separate
measures of common native language, common spoken language, com-
mon official language, and linguistic proximity between different native
languages. In our model, we use an indicator of whether the two countries
share a common official language as well as an indicator of the linguistic
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proximity between the two countries’ languages. The first indicator is a
binary variable that codes whether the two countries share at least one
official language. The second indicator calculates the linguistic proximity
on the basis of the Ethnologue classification of language trees between
trees, branches, and subbranches (Fearon 2003; Laitin 2000). This variable
can take four values: zero for languages belonging to separate family trees;
0.25 for languages belonging to different branches of the same family tree
(e.g., English and French); 0.50 for languages belonging to the same branch
(e.g., English and German); and 0.75 for languages belonging to the same
subbranch (e.g., German and Dutch).

World Bank DATA

The gross domestic product per capita, or GDP per capita (constant 2010
US$), of each country in 2019 was collected from the World Bank.!”

Migration flow data

Finally, the dependent variable of our models is the migration flow by the
origin country and the destination country. Due to the lack of migration
flow data at the global level, we use the estimated values from the demo-
graphic accounting, a pseudo-Bayesian approach proposed by Abel and Co-
hen (2019). The estimations are available only for five-year bilateral migra-
tion flows. For our analysis, we use the latest estimates of migration flows
for the 2015-2019 period.

Gravity models to predict migration

In order to investigate whether the measures of cultural similarity can im-
prove the prediction of migration flows, we tested different models inspired
by traditional gravity models (Cohen et al. 2008). Although they have their
limitations (Beyer, Schewe, and Lotze-Campen 2022), gravity models are
among the most traditional models used to predict migration flows. The
gravity model is a log-linear model,'® as shown by Equation (1). The classic
model uses only the population of origin and destination (P,, P;), the area of
the country of origin and destination (4,, 4,), and the geographic distance
between origin and destination (D, ;) as independent variables to predict
migration flows (M, ,) between the country of origin and the country of
destination:

log,, (Mo,d) = Bo + Bilog,, (R,) + B2logy (A,) + Bslog,, (By) + Balog,, (As)
+ Bslogy, (Do.,d) + €od- (1)

We added additional independent variables that might promote or de-
ter migration based on prior literature that has identified them as relevant
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predictors (Anderson 2011). This allowed us to test the extent to which
measures of culture affect the predictive capacity of the model beyond the
more stringent baseline. We examined a series of gravity models. The first
model (Model 1) refers to the classic version of a gravity model (Cohen
et al. 2008), represented by Equation 1, plus the GDP per capita of both the
origin and the destination country, and the migrant stocks between the ori-
gin and the destination country. All the independent variables included in
Model 1 are referred to as basic variables, as they are important predictors
that are commonly added to gravity models (Tinbergen 1962; Cohen et al.
2008; Bohme, Groger, and Stohr 2020). Given the importance of having a
common language and a common colonial history (Beine, Bertoli, and Mor-
aga 2016; Kim and Cohen 2010; Lewer and Van den Berg 2008; Caragliu
et al. 2013; Abel, Raymer, and Guan 2019), the second model (Model 2)
builds on the first model and adds variables related to shared language and
shared history. Shared language and history (e.g., colonial history) are of-
ten included in gravity models as cultural variables. However, other types of
cultural differences may also be relevant for predicting and explaining mi-
gration. For instance, differences in countries’ cultural norms, values, and
beliefs can affect migration flows (Caragliu et al. 2013). To take into account
the impact on migration of the cultural norms, values, and beliefs in a coun-
try (Esses 2018; Caragliu et al. 2013), we specified the third model (Model
3) by adding the WVS cultural similarity measure to the second model.

Finally, we assessed the impact of adding measures of food and drink
similarity derived from social media data to each of the three models pre-
sented. For instance, Model 2 + FB asymmetric adds the first asymmet-
ric measure of similarity using data from Facebook Ads to Model 2. The
Facebook asymmetric measure of similarity consists of two variables, Face-
book asymmetric similarity (food origin) and Facebook asymmetric similar-
ity (food destination), which represent measures of similarity based on the
food and drink that are popular in the country of origin and the food and
drink that are popular in the country of destination. Model 2 + FB symmet-
ric and Model 2 + Foursquare add, respectively, the symmetric measure of
similarity derived from Facebook Ads data and the measure of similarity de-
rived from Foursquare data to Model 2. Each measure of cultural similarity
derived from social media data was added separately to the models to assess
their individual impact in predicting migration flows. Due to the relatively
high correlation between the Facebook measures of similarity (0.38) and be-
tween the Foursquare and Facebook measures of similarity (0.32 and 0.37),
as shown in Figure 1, we only tested those measures separately to reduce
potential issues of collinearity.

In all these models, the dependent variable is the logarithm of the es-
timated migrant flow in 2019. In order to calculate the logarithm of the
dependent variable, we added an offset (equal to one) to all the observa-
tions. The resulting coefficients and statistics for each of these models are
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FIGURE 1 Distribution and correlations between the measures of similarity
and migration flow (in the logarithm scale) between countries. Each dot
represents a pair of countries within the 16 countries we analyzed
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presented in Table T1 in the online Appendix. In this table, the columns
represent the models and the rows describe each of the variables in the pre-
diction model.

Cross-validation

To properly evaluate the models and predictions, while avoiding overfitting,
we decided to evaluate each model against a test sample of the data that was
not seen by the model during the fitting phase that relied on the training
data. Model fitting and evaluation were done only on the training data. The
evaluation of predictive accuracy or errors was done on the testing data.
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TABLE 1 Overall prediction errors for each model evaluated using
cross-validation

Models RMSE  R-squared MAE WAIC"
Model 1: area, population, distance, GDP 0.61 0.78 0.46 440.05
per capita, migrant stocks
Model 1 + FB asymmetric 0.59 0.79 0.45 430.40
Model 1 + FB symmetric 0.61 0.78 0.46 441.28
Model 1 + Foursquare similarity 0.61 0.78 0.46 441.86
Model 2: Model 1 + shared language and  0.58 0.80 0.45 419.91
history
Model 2 + FB asymmetric 0.59 0.80 0.45 422.42
Model 2 + FB symmetric 0.58 0.80 0.45 420.06
Model 2 + Foursquare 0.58 0.80 0.45 421.31
Model 3: Model 2 + WVS 0.55 0.82 0.43 389.93
Model 3 + FB asymmetric 0.55 0.82 0.43 391.61
Model 3 + FB symmetric 0.55 0.82 0.43 392.43
Model 3 + Foursquare 0.55 0.82 0.43 389.01

Abbreviations: MAE, mean absolute error; RMSE, root mean squared error; WAIC, Watanabe—Akaike or widely
applicable information criterion.
*Metric applied just to the final model using the full input data set (240 pairs of countries).

For this evaluation, we used the leave-one-out cross-validation (LOOCYV)
approach.

The LOOCYV approach requires one model to be evaluated for each
point in the training data set. Given a data set with N data points (in our
case, pairs of countries), the cross-validation works in the following way:
(i) the model is trained on N — 1 data points; (ii) the model is tested against
the one data point that was left out in the previous step; (iii) the prediction
error is calculated; (iv) the first three steps are repeated until the model is
trained and tested on all data points; and (v) the overall prediction error
is generated (e.g., by taking the average of the prediction errors across all
models).

Table 1 shows the average prediction errors for three different mea-
sures for each model. The rows represent the models and the first three
columns represent the three measures of prediction errors. The root mean
squared error (RMSE) is a proxy for the average difference between the
predictions made by the model and the actual observations. The lower
the RMSE, the more closely a model can predict the actual observations.
The mean absolute error (MAE) is the average absolute difference between
the predictions made by the model and the actual observations. The lower
the MAE, the more closely a model predicts the actual observations. Fi-
nally, the R-squared is a measure of the correlation between the predictions
made by the model and the actual observations. The higher the R-squared,
the more variance in the data is explained by the model. Each of the three
metrics provided in the output gives us an idea of how well the model per-
formed on previously unseen data. However, the R-squared measure itself
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is not reliable, since more variables always increase the metric, even if new
variables are only marginally predictive. To address this issue, we included
other measures that penalize the number of variables in their calculation.
The last column in Table 1 shows the Watanabe-Akaike or widely appli-
cable information criterion (WAIC) (Gelman et al. 1995) for each of the
models tested. We used the full input data set (without cross-validation),
which consists of 240 pairs of countries. The lower the Watanabe—Akaike,
the more closely a model can predict the actual observations. Table T1 also
shows the adjusted R-squared and the resulting coefficients and statistics
for each of these models. In this table, the columns represent the models
and the rows display each of the variables in the prediction model. In the
next section, the resulting coefficients and statistics from Table 1 and Table
T1 are described in more detail.

Results

Table T1 shows in detail all the coefficients for each of the variables in-
cluded in the gravity models that we tested using the full input data set
corresponding to 240 pairs of countries. Table 1 shows the results averaged
across cross-validations, except for the WAIC, which was calculated from
the model using the full input data set. To evaluate the impact of adding
measures of cultural similarity to the migration model, we first assess the
correlation between the variables considered.

Figure 1 shows the correlation between each of the measures of sim-
ilarity and migration flows (in the logarithm scale) between each pair
of countries within the 16 countries we analyzed. We observed that the
symmetric and asymmetric measures of food and drink similarity de-
rived from Facebook Ads data showed a positive correlation (0.38). Sim-
ilarly, the measures of food and drink similarity based on Foursquare data
and Facebook Ads data were also positively correlated (0.37 between the
Foursquare measure and the Facebook symmetric measure and 0.32 be-
tween the Foursquare measure and the Facebook asymmetric measure).
The Foursquare and Facebook measures of food and drink similarity were
highly correlated with each other and captured similar patterns of food and
drink interests across countries. Next, we compared the cultural similari-
ties derived from social media with those derived from the WVS. Although
cultural similarities based on the WVS data and the Facebook symmetric
measure did not capture the same cultural attributes and were not substan-
tially associated (0.07), the WVS data were positively correlated with both
Facebook asymmetric (0.14) and Foursquare measures of food and drink
similarity (0.28).

The measures of food and drink similarity derived from social media
data did not exhibit a strong correlation with the metrics obtained from the
survey data. Whereas the metrics derived from the WVS data encompassed
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culture in terms of norms, values, and beliefs, the metrics derived from the
Foursquare and Facebook data primarily emphasized the interest in food
and drink as cultural markers. The differences in the nature of the data
suggest that the WVS cultural similarity measure captured different aspects
of culture that were not reflected by the interests in food and drink drawn
from the social media data. The measures derived from the Foursquare and
Facebook data, on the other hand, were highly correlated to each other and
captured a similar pattern of food and drink interests across countries.

We observed that cultural similarity based on the WVS data was not
positively correlated with migration flows (—0.01). This result means that
countries that were close to each other in the WVS cultural map had slightly
smaller migration flows between them. Table T1 shows a significant nega-
tive effect of the WVS cultural similarity on migration flows, meaning that
a high WVS cultural similarity was associated with smaller migration flows.
Despite the unexpected negative effect of the WVS cultural similarity on
migration flows, the adjusted R-squared improved (0.83) when the WVS
cultural similarity was added to the gravity model. This result confirms the
importance of taking a country’s cultural norms, values, and beliefs into ac-
count when fitting migration models (Esses 2018; Caragliu et al. 2013). In
contrast, the measures derived from social media data all showed a positive
correlation with migration flows (Foursquare 0.41; Facebook Ads asymmet-
ric 0.27 and 0.35, Facebook Ads symmetric 0.3), which means that a high
food and drink similarity was associated with larger migration flows.

Even with this stringent baseline of adding geographic and economic
variables, we found that including measures of cultural similarity derived
from Facebook data focusing on food and drink improved predictions be-
yond what could be achieved with all these other predictors. The coefficients
from Model 1, including the Facebook measures of food and drink similar-
ity, were statistically significant, and the predictive capacity of the model
increased. This suggests that the Facebook measures of food and drink sim-
ilarity are important predictors of migration, capture different patterns, and
can be used to identify directional processes. This is not the case for the
model that includes all the basic variables and shared language and his-
tory (Model 2). In other words, we did not observe improvements when
adding the Facebook measures of food and drink similarity, which means
that there is likely an overlap in the explanatory power of the measures of
food and drink similarity derived from Facebook data and shared language
and history. Figure A1 in the online Appendix shows the significant positive
correlation between the measures of food and drink similarity derived from
Facebook data and shared language and history. The estimated coefficients
in Table T1 for the measures of cultural similarity based on interests in food
and drink derived from Facebook data in Model 2 were not significant. Fi-
nally, even though the measures of cultural similarity derived from the WVS
data and the social media data captured different aspects of culture, we did
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not observe significant coefficients when we added them to the model that
included all the basic variables and the WVS cultural similarity (Model 3).
However, we observed a slight improvement in the adjusted R-squared com-
pared to Model 3 when the measures derived from the Foursquare data and
the asymmetric measure of food and drink similarity derived from the Face-
book data were added to the model.

Despite the small improvement in the prediction of migration flows
for the time point considered, the measures of food and drink similarity de-
rived from the Facebook data had a predictive capacity comparable to that
of the classic variables used in the literature, such as shared language and
shared history. In addition, the measures of food and drink similarity de-
rived from the Facebook data contributed to predictive models of migration
by adding not just a timely but also an asymmetric component. The mea-
sures of similarity from the Facebook data were measuring country-level
indices of cultural interests, which can shift precisely through migration.
While systems of belief within a single culture (e.g., the majority culture in
a country) should not change quickly, the ratio of the majority culture to the
minority culture(s) can shift, leading to changes in country-level interests
that would be observable in digital trace data. Particularly given the limi-
tations of other measures of cultural similarities, the use of Facebook Ads
data can provide an effective means of capturing such changes in a way that
complements other measures.

Figure 2 shows a comparison between the expected migration flows
estimated by Abel and Cohen (2019) and the migration flows predicted by
each model. The orange line represents the expected distribution, where
the predicted migration flow is equal to the expected migration flow. The
distribution of the dots, which corresponds to pairs of countries, changes
from one model to the other, and the predictions become closer to the ex-
pected values for migration flows. Overall, we observed that the baseline
and the more traditional models overestimated migration flows for pairs
of countries between which there was little migration, and underestimated
migration flows for pairs of countries between which there were larger mi-
gration flows. This pattern became slightly less evident with the inclusion of
other variables, including the measures of food and drink similarity derived
from Facebook.

Discussion

We showed the impact of adding measures of cultural similarity, derived
from both survey data and social media data, to gravity models in order
to predict migration flows. Our results indicated that the measure of cul-
tural similarity derived from the WVS data helped to improve migration
prediction and that the measure of food and drink similarity derived from
Foursquare data was highly correlated with migration flows. However,
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FIGURE 2 Comparison between the expected migration flows (x-axis) and
the migration flows predicted (y-axis) by each one of the models using the
full input data set (240 pairs of countries). Both axes are on a logarithmic
scale. Each dot represents a pair of countries within the 16 countries we
analyzed
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in terms of scalability and reproducibility, the use of these measures may
have some disadvantages. As was mentioned before, surveys are costly and
require substantial operational time. For example, the WVS is carried out
every five years. The Foursquare data have a different set of limitations.
In particular, the Foursquare platform is not as widely used as Facebook,
and it is heavily biased from a demographic point of view. Moreover, the
Foursquare data set we considered was over five years older than the
Facebook Ads data and over six years older than the WVS data. During this
period of time, significant cultural changes may have happened, given that
the world is continuously changing in terms of connectivity across regions.
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With more than 2.7 billion users worldwide,'” Facebook captures a larger
and more diverse population than other social media. Considering the
availability of Facebook’s data, our methodology could be easily scaled to
consider more countries. Moreover, the data from Facebook Ads are freely
available and can be continuously updated and collected, which makes
this approach timely, cost-etfective, reproducible, and scalable. Thus, the
relevance of these types of analyses in traditionally data-poor contexts, like
in low- and middle-income countries, will likely increase in the future.

Given the advantages of using Facebook Ads data, we provided a strin-
gent test of the incremental effects of the Facebook measures, and our re-
sults showed that cultural similarity, as measured by food and drink inter-
ests, explained migration flows to an extent that was comparable to that
of standard predictors such as shared language and shared history. Besides
the advantages of using Facebook data to measure food and drink simi-
larity, the approach we presented had additional advantages due to its use
of an asymmetric measure of similarity. Most of the gravity models relied
on symmetric variables to predict migration, which is itself an asymmetric
phenomenon. Since the migration flows between countries are asymmet-
ric (e.g., there are more Chileans in Spain than Spaniards in Chile), we
would expect that the similarity in terms of food and drink interests would
be asymmetric as well (e.g., there are more Chileans interested in Span-
ish food than Spaniards interested in Chilean food). This phenomenon was
reflected in the coefficients of the model using the Facebook asymmetric
similarity measure, which showed a stronger effect on the popularity of
the destination country’s dishes in the country of origin than vice versa.
For example, Chileans’ interest in Spanish dishes would be a stronger pre-
dictor of how many Chileans moved to Spain than Spaniards’ interest in
Chilean dishes. We found evidence of asymmetric patterns, such that the
cultural markers in the country of destination were more closely associated
with migration flows than the cultural markers in the country of origin. We,
therefore, recommend that future research in this area take asymmetry into
account when predicting migration.

To the best of our knowledge, our study is the first to propose a scal-
able, rapidly available, and asymmetric measure of similarity derived from
social media data to predict migration. Our findings contribute to the liter-
ature by (i) showing the importance of cultural similarity, as derived from
food and drink interests in social media data, for predicting migration; and
(ii) allowing for rapid predictions of current migration flows ahead of the
release of official statistics. For instance, Leasure et al. (2023) leveraged data
from Facebook Ads to monitor in real-time subnational population sizes and
internal displacement in Ukraine on a daily basis, disaggregated by age and
sex. Similarly to Leasure et al. (2023)’s work, our methodology could cap-
ture rapid changes in populations’” interests across countries, for instance,
due to unexpected migration, and could help in predicting migration flows.
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The primary objective of this study was to assess the value of exam-
ining cultural similarity when studying migration. Specifically, we aimed
to test measures of cultural similarity based on food and drink interests in
social media to predict international migration flows. Measures of cultural
distance are difficult to estimate and thus have not yet been widely adopted
in gravity models for assessing and predicting migration. However, culture
plays an important role in the processes of migration.

As was mentioned before, the relationship between migration and cul-
ture is likely bidirectional, since cultural fit in terms of language, norms, and
values is an important factor that people consider before moving between
countries, and migrants transmit cultural elements from their origin coun-
try to their home country and back again during the migration process.
In this paper, we focused on showing how measures of cultural similar-
ity derived from Facebook users’ food and drink interests can be used to
explain migration flows between countries. For instance, imagine that the
number of Facebook users living in the United States who are interested in
some traditional dishes from Brazil has increased. One possible reason for
this development is that the number of Brazilian immigrants in the United
States has increased, and thus the number of Americans who are exposed to
Brazilian interests has risen. In this example, if these Brazilian immigrants
established a big Brazilian community in the United States, the number of
Brazilian immigrants could increase even more. In this case, the number of
Facebook users interested in Brazilian food and drink serves as a proxy for
the Brazilian community established in the United States. One of our main
results shows the importance of the cultural similarity between countries,
as measured by Facebook users’ interests in food and drink, for predicting
migration flows between these countries.?’ While our study has broader
ramifications, the scope of this article is more limited, as we showed the
positive association between cultural similarity and migration flows with-
out attempting to establish a causal direction in this complex bidirectional
relationship. Future studies could collect additional data and develop new
methods to address this issue and move toward providing more causal es-
timates of the direction of the relationship between culture and migration
flows.

Caution should be exercised when interpreting our results due to their
limitations, which we would like to acknowledge. First, the present analysis
is constrained by data availability: only 16 countries were included in our
analysis. The 16 countries selected for the analysis were chosen to match
the list of countries included in Silva et al. (2014) in order to enable us to
compare the results from different types of social media data. As well as to
ensure the comparability of our findings with those of other studies, we se-
lected these 16 countries in order to cover a large and diverse portion of the
world’s regions and to include countries where the Facebook penetration
rate is high, thus reducing the potential size of the biases in the data. The
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data collection could be extended to more countries. However, while the
Facebook audiences’ interests for the most current period could be collected,
the lack of adequate migration data remains a crucial bottleneck. The last
time period for which global estimations of migration flow data are avail-
able from our main source (Abel and Cohen 2019) is 2015-2019. In other
words, we do not have migration flow data, or even migration stock data,
after 2019. Moreover, the COVID-19 pandemic affected migration, and we
do not have updated data that we could use as a dependent variable in our
models. Once new migration data are available, new data from Facebook
can be collected in real-time, and the predictions can be updated.

The measures of similarity that we used relied only on data regard-
ing Facebook users’ interests in food and drink. Although the cuisine of
a country is an important cultural marker for studying cultural similarity,
the proposed methodology could be used with other types of attributes and
interests, which might be relevant for studies with other goals or angles.
We expect that a broader operationalization of measures of culture would
lead to the development of models with even higher predictive accuracy. In
this sense, what we showed is likely a lower bound in terms of predictive
capacity.

Moreover, the social media data we used, including the Facebook Ads
data, and the interest categories provided by Facebook may not be exhaus-
tive or representative. Facebook data include a number of biases, given that
Facebook users are not necessarily representative of the underlying pop-
ulation in their respective countries. There is a growing literature that has
expanded our knowledge on how to identify and correct biases in social me-
dia data.?! In addition to representativity, the classification of users into the
categories provided on Facebook Ads could be a source of bias. Grow et al.
(2022) evaluated the bias regarding location, age, and gender on Facebook.
The authors compared the information provided by the participants of an
anonymous online survey with Facebook Ads’ classification of the same in-
dividuals. The results showed that about 86-93% of respondents’ answers
matched Facebook’s classification. Although location, age, and gender ap-
pear to be identified mostly correctly on Facebook Ads, the accuracy of the
classification of Facebook users’ interests has not been tested systematically.
We hypothesize that Facebook covers only a subset of users’ interests, but
tuture research is needed to assess the extent to which the representation
of interests is accurate.

We would like to emphasize the importance of addressing issues such
as biases in digital trace data, and we point the readers to the resources
mentioned above for a series of approaches developed to tackle this prob-
lem. With our article, we are entering partially uncharted territory in terms
of assessing the biases related to our methods, as our approaches are novel,
and are not yet part of the conventional toolbox. We hope that our study
will further stimulate methodological research on identifying and correcting
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biases when studying cultural dimensions using social media data. While the
reader should be aware that the data used in this article are not necessar-
ily representative of the entire underlying populations, we should also note
that our decision to focus on 16 countries with high Facebook penetration
rates limited the extent of the biases, as it allowed for comparisons across
countries where Facebook is used in relatively similar ways by comparable
demographic segments of the population. It is noteworthy that, despite the
biases, the predictive model performs very well. Once the biases are fully
modeled, we expect that the predictive capacity will increase. We hope that
this article lays the foundation for further analyses that can help us bet-
ter understand these data and their potential, especially in countries and
contexts that have historically been data-poor.

Conclusion

In this paper, we demonstrated that measures of cultural similarity derived
from survey and social media data can be important variables in predictions
of migration flows. We compared a measure of cultural similarity derived
from the WVS with measures of food and drink similarity derived from
Foursquare and Facebook Ads data. By using the measures derived from
the Facebook Ads data, we introduced a more nuanced view of symmetric
and asymmetric measures of similarity and showed how these measures of
similarity can be used to explain migration flows between countries. Our
results indicated that the Facebook measures of food and drink similarity
can play an important role in predicting migration, as they are comparable
to standard predictors, such as shared language and shared history. Finally,
while we found that some variables, such as shared language, history, and
geographic distance, are static and symmetric, we also observed that cultural
attributes from daily life are sensitive to changes in the environment and
can be represented as an asymmetric measure of similarity between coun-
tries, thus adding value to models of migration from both a substantive and
a predictive perspective.
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Notes

1 Although Facebook provides a range
of interests broadly related to food and drink,
most of those interests do not represent food
as naturally found in nature (e.g., grapes,
corn). Additionally, Vieira et al. (2022) man-
ually validated the data set by removing in-
terests such as restaurants and brand names.
The majority of the interests related to food
and drink on Facebook represent dishes or
any food or drink processed by humans (e.g.,
wine, quesadilla).

2 https://ich.unesco.org/en/lists?term[]
=vocabulary_thesaurus-10

3 https://www.hofstede-insights.com/
models/national- culture

4 https://ourworldindata.org/explor
ers/migration?time=latest&facet=none
&Metric=Net+migration+rate&Period
=Total&Sub-metric=Total

5 https://journals.plos.org/plosone/
article?id  https://doi.org/10.1371/journal.
pone.0262947

6 https://github.com/carolcoimbra/
cultural-similarity-fb

7 We conducted additional analyses to
show how stable the results are when we
vary the number of interests we consider in
the Facebook measures of similarity. The top
50 foods and drinks generate the best results
based on all the calculated metrics, such as
the adjusted R-squared, and significant coef-
ficients.

8 https://brandongaille.com/26-great-
foursquare-demographics

9 https://www.statista.com/statistics/
814726/share-of-us-internet-users-who-
use-foursquare-by-age

10 https://99firms.com/blog/foursquare-
statistics/#gref

11 https://financesonline.com/
foursquare-statistics

12 https://foursquare.com/products/
pricing

13 https://www.worldvaluessurvey.
org/WVSContents.jsp

14 The most recent seventh wave of the
WVS (2017-2022) covers 80 countries.
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ganizing them in a framework (Olteanu et al.
2019; Sen et al. 2021). For instance, Sen et al.
(2021) proposed a categorization based on
the total survey error framework to identify
several types of errors that may occur in stud-
ies that use digital traces. As a consequence,
these frameworks also contribute to creating
a common vocabulary between researchers
using digital trace data. In addition, Drouhot
et al. (2023) provided an overview of how
some innovative data sets and methodologi-
cal tools can enrich migration research. De-
spite all the advantages and promises of us-
ing digital trace data for migration research
(e.g., less time and costs needed to lever-
age data for a large sample size), the au-
thors pointed out some of the challenges
that can arise when working with these
data. Since digital trace data are not gener-
ated for research purposes, some extra care
is required to repurpose their meaning, as
they might otherwise be too superficial or
inappropriate for addressing many central
research questions. Besides concerns about
data quality, some of the key challenges in-
volved in working with these data are re-
lated to ethical considerations and selection
bias.Zagheni and Weber (2015) considered
the problem of selection bias in nonrepre-
sentative samples, such as digital trace data,
and proposed two main approaches to re-
duce bias: the calibration approach and the
difference-in-differences approach. In the
calibration approach, the online data are ad-
justed based on reliable official statistics, in-
cluding through the generation of correction
factors (Zagheni and Weber 2012; Zagheni,
Weber, and Gummadi 2017; Ribeiro, Ben-
evenuto, and Zagheni 2020). For instance,
Ribeiro, Benevenuto, and Zagheni (2020)
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compared data from Facebook Ads and the
US Census and calculated correction factors
for some demographic dimensions, such as
age, gender, education, and income. How-
ever, for contexts where no reliable statisti-
cal data are available, the authors suggested
a difference-in-differences approach to eval-
uate relative changes pre- and post-event
(Flores 2017; Alexander, Polimis, and Za-
gheni 2019). Alexander, Polimis, and Za-
gheni (2019) used Facebook Ads data and the
difference-in-differences approach to moni-
tor flows of outmigrants from Puerto Rico
before and after Hurricane Maria in 2017.
The difference-in-differences approach as-
sumes a constant relationship between es-
timates from digital trace data and official
data, at least over relatively short periods of
time.An emerging line of research focuses
on using Bayesian approaches to combine
different sources of data to estimate migra-
tion trends (Rampazzo et al. 2021; Alexan-
der, Polimis, and Zagheni 2020; Hsiao et al.
2023). For instance, in a recent study fo-
cused on nowcasting stocks of migrants in the
United States, Alexander, Polimis, and Za-
gheni (2020) demonstrated that a Bayesian
hierarchical model combining data from both
Facebook and the American Community
Survey outperforms alternative models that
use only Facebook data or that solely rely on
time-series data from the American Commu-
nity Survey. Recently, Leasure et al. (2023)
built a real-time monitoring system to es-
timate subnational population sizes and in-
ternal displacement in Ukraine by leverag-
ing data from Facebook Ads in combina-
tion with pre-conflict population data in
Ukraine.
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