
A COMPUTATIONAL METHODOLOGY TO

MEASURE THE CULTURAL IDENTITY OF

COUNTRIES





CAROLINA COIMBRA VIEIRA

A COMPUTATIONAL METHODOLOGY TO

MEASURE THE CULTURAL IDENTITY OF

COUNTRIES

Dissertação apresentada ao Programa de
Pós-Graduação em Ciência da Computação
do Instituto de Ciências Exatas da Univer-
sidade Federal de Minas Gerais como req-
uisito parcial para a obtenção do grau de
Mestre em Ciência da Computação.

Orientador: Pedro Olmo Stancioli Vaz de Melo
Coorientador: Fabrício Benevenuto de Souza

Belo Horizonte

Março de 2020





CAROLINA COIMBRA VIEIRA

A COMPUTATIONAL METHODOLOGY TO

MEASURE THE CULTURAL IDENTITY OF

COUNTRIES

Dissertation presented to the Graduate
Program in Computer Science of the Uni-
versidade Federal de Minas Gerais, Insti-
tuto de Ciência Exatas, Departamento de
Ciência da Comptação. in partial fulfill-
ment of the requirements for the degree of
Master in Computer Science.

Advisor: Pedro Olmo Stancioli Vaz de Melo
Co-Advisor: Fabrício Benevenuto de Souza

Belo Horizonte

March 2020



c© 2020, Carolina Coimbra Vieira.
Todos os direitos reservados.

Vieira, Carolina Coimbra.

V657c A Computational Methodology to Measure the
Cultural Identity of Countries [manuscrito] / Carolina
Coimbra Vieira. — 2020.

xviii, 64 f.; il.; 29cm.

Orientador: Pedro Olmo Stancioli Vaz de Melo.
Coorientador: Fabrício Benevenuto de Souza.

Dissertação (mestrado) — Universidade Federal de
Minas Gerais, Instituto de Ciência Exatas,
Departamento de Ciência da Comptação.

Referências: f. 59-64

1. Computação — Teses. 2. Redes sociais on-line –
Teses. 3. Facebook (Recursos eletrônicos) – Teses.
4. Publicidade em Mídias — Teses. 5. Identidade
Cultural — Brasil — Teses. I. Melo, Pedro Olmo
Stancioli Vaz de. II. Souza, Fabrício Benevenuto de.
III. Universidade Federal de Minas Gerais, Instituto de
Ciências Exatas, Departamento de Ciência da
Computação. IV. Título.

CDU 519.6*22(043)

Ficha catalográfica elaborada pela bibliotecária Irénquer Vismeg
Lucas Cruz CRB 6a Região no 819.







Resumo

Ao longo das diferentes ondas de migrantes a adoção das normas da sociedade anfitriã,
bem como a propagação de suas próprias culturas trouxeram diversidade cultural ao
país de destino. Embora seja fundamental para compreender as sociedades, medir a
cultura e sua evolução tem sido uma meta complexa e elusiva, sobretudo devido à
escassez e ao custo de obtenção de dados. Dessa forma, fontes de dados alternativas
vem sendo cada vez mais utilizadas como fonte de dado substituindo ou complemen-
tando fontes de dado tradicionais. O uso de dados de redes sociais são um exemplo. O
crescimento das redes sociais online nos últimos anos é impressionante. Somente o Face-
book, a rede social mais popular, possui quase 2,5 bilhões de usuários ativos mensais.
O número cada vez maior de usuários do Facebook representa novos clientes potenciais
de empresas que pagam por espaços publicitários na rede social. De fato, a maior
parte do faturamento das redes sociais online está concentrada em suas plataformas
de marketing. Ao usar plataformas de anúncios de redes sociais online, um anunciante
pode explorar publicidade de segmentação múltipla, o que permite selecionar usuários
com características muito particulares, incluindo milhares de atributos demográficos,
interesses e comportamentos. As redes sociais fornecem o ambiente ideal para inferir
dados das populações online, uma vez que os usuários compartilham um grande número
de informações pessoais, bem como sinais comportamentais, como curtidas e compar-
tilhamentos de conteúdo de que gostam. Baseado nisso, aproveitamos as informações
agregadas sobre os usuários fornecidas pela plataforma de publicidade do Facebook
aos anunciantes para desenvolver uma metodologia para inferir a identidade cultural
de países. Neste trabalho, propomos e desenvolvemos uma metodologia para não só
identificar e caracterizar a identidade cultural como também medir a distância cultural
entre países com base no interesse dos usuários por atributos culturais. Muitos aspec-
tos culturais caracterizam as regiões em termos de atributos culturais, como roupas,
música, arte e comida. Por isso, além da metodologia proposta, como exemplo de apli-
cação, apresentamos um estudo de caso focado em elementos culturais relacionados à
culinária brasileira usando dados da Plataforma de Publicidade do Facebook. Através
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deste estudo de caso, foi possível identificar os pratos típicos brasileiros que melhor se
relacionam à identidade cultural do Brasil. Além disso, medimos a disseminação global
da cultura alimentar brasileira entre países, explorando as preferências do usuário do
Facebook por pratos típicos brasileiros. Os resultados mostram uma alta correlação
entre a proporção de imigrantes brasileiros em cada país e a distância entre esses países
e o Brasil em termos da distância cultural proposta. Por esse motivo, essa medida de
distância pode complementar outras métricas de distância aplicadas a modelos do tipo
gravidade, por exemplo, a fim de explicar o fluxo de pessoas entre os países.

Palavras-chave: Redes Sociais Online, Plataformas de Publicidade em Mídias
Sociais, Identidade Cultural, Distância Cultural.
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Abstract

Throughout the different waves of migrants, the adoption of the rules of the host soci-
ety, as well as the propagation of their own cultures brought cultural diversity to the
destination country. Although it is essential to understand societies, measuring culture
and its evolution has been a complex and elusive goal, mainly due to the scarcity and
the cost of obtaining data. Thus, alternative data sources are increasingly used as a
data source, replacing or complementing traditional data sources. The use of social
media data is an example. The growth of online social networks in recent years is
impressive. Only Facebook, the most popular social network, has nearly 2.5 billion
monthly active users. The growing number of Facebook users represents new poten-
tial customers from companies that pay for advertising space on the social network.
In fact, most of the revenue from online social networks are concentrated on their
marketing platforms. By using online social media ad platforms, an advertiser can
explore micro-targeting advertising, which allows them to select users with very par-
ticular characteristics, including thousands of demographic attributes, interests, and
behaviors. Social networks provide the ideal environment for inferring data from on-
line populations, since users share a large number of personal information, as well as
behavioral signals, such as likes and content shares they like. Based on this, we took
advantage of the aggregated information about users provided by Facebook’s advertis-
ing platform to advertisers to develop a methodology to infer the cultural identity of
countries. In this work, we propose and develop a methodology to not only identify
and characterize the cultural identity but also to measure cultural distance between
countries based on users’ interest in cultural attributes. Many cultural aspects char-
acterize the regions in terms of cultural attributes, such as clothing, music, art, and
food. Therefore, in addition to the proposed methodology, as an application example,
we present a case study focused on cultural elements related to Brazilian cuisine using
data from the Facebook Advertising Platform. Through this case study, it was pos-
sible to identify the typical Brazilian dishes that best relate to the cultural identity
of Brazil. In addition, we measure the global spread of Brazilian food culture among
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countries, exploring the Facebook user’s preferences for typical Brazilian dishes. The
results show a high correlation between the proportion of Brazilian immigrants in each
country and the distance between those countries and Brazil in terms of the proposed
cultural distance. For this reason, this distance measure can complement other dis-
tance metrics applied to gravity-type models, for example, in order to explain the flow
of people between countries.

Keywords: Online Social Networks, Social Media Advertising Platforms, Cul-
tural Identity, Cultural Distance.
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Chapter 1

Introduction

Despite the differences between cultures, many populations even living in different
places share some cultural preferences. While key for understanding societies, charac-
terizing the culture and measuring the cultural distance between countries has been a
complex and elusive goal. Different waves of migrants have adopted norms of the host
society while also bringing cultural diversity to the destination country. According
to the World Migration Report 2018 [of Migration, 2017] the vast majority of people
migrate voluntarily, due to studies, economic, and family reasons. However, many
other factors can contribute to the increasing number of people migrating voluntary or
involuntarily, such as diseases1, conflicts2, poverty3, and disasters4.

In order to study international trade and migration, gravity models are one
type of model ordinarily applied by social scientists [Isard, 1954, Cohen et al., 2008,
Massey et al., 1993]. The most important element in those models is the distance
measure that characterizes the attraction between regions. In other words, in those
models, the attraction is proportional to the similarity and inversely proportional to
the distance between countries. The distance or similarity between two countries can
be measured by administrative and political distance, geographical distance, economic
distance, and also in terms of cultural distance [Ghemawat, 2001]. All of these distance
metrics complement other metrics of distance being incorporated in models to explain
the flows of people between countries.

1https://www.reuters.com/article/us-china-health-repatriation/
china-says-will-repatriate-overseas-citizens-if-needed-due-to-\
coronavirus-idUSKBN20O1FT

2https://www.pbs.org/wgbh/frontline/article/numbers-syrian-refugees-\
around-world/

3https://www.mercycorps.org/blog/quick-facts-venezuela-crisis
4https://weather.com/news/news/2018-12-20-puerto-rico-migration-new-\

york-population-maria-census

1

https://www.reuters.com/article/us-china-health-repatriation/china-says-will-repatriate-overseas-citizens-if-needed-due-to-\coronavirus-idUSKBN20O1FT
https://www.reuters.com/article/us-china-health-repatriation/china-says-will-repatriate-overseas-citizens-if-needed-due-to-\coronavirus-idUSKBN20O1FT
https://www.reuters.com/article/us-china-health-repatriation/china-says-will-repatriate-overseas-citizens-if-needed-due-to-\coronavirus-idUSKBN20O1FT
https://www.pbs.org/wgbh/frontline/article/numbers-syrian-refugees-\around-world/
https://www.pbs.org/wgbh/frontline/article/numbers-syrian-refugees-\around-world/
https://www.mercycorps.org/blog/quick-facts-venezuela-crisis
https://weather.com/news/news/2018-12-20-puerto-rico-migration-new-\york-population-maria-census
https://weather.com/news/news/2018-12-20-puerto-rico-migration-new-\york-population-maria-census
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Focusing on cultural distance, many aspects may help us to culturally charac-
terize regions before calculating distance metrics among them, such as preferences for
clothes, music, art, and food [Recchi and Favell, 2019]. The cuisine of a country, for
example, reflects its history, while the influx of immigrants from many foreign nations
develops a rich diversity in food preparation throughout the country5. As such, cuisine
can be used as a proxy indicator of culture in a country and the number of people
interested in typical food [Sibal, 2018, Boutaud et al., 2016, Almerico, 2014], can be
used to estimate the strength of that culture inside the region.

When we think about tacos, for example, it is clear that we are talking about
Mexican cuisine. The same happens when we talk about sushi, a typical Japanese dish.
But, for some food like bread and rice, it is not easy to find only one specific region
characterized by this kind of food. Some dishes clearly correspond to the cultural
identity of a specific country. Others can be associated with more than one country.
Notice that if we change to another context, for example, music gender, the same
pattern happens. Think about samba: which country comes to your mind? And when
you think about rock? In the first case, it is clear the region we are referring to. When
this match between an interest representing a cultural attribute and a region happens
we say that there is a cultural relationship between them. If we focus on selecting those
cultural aspects to be used as a proxy of culture in a country, there is no automatic
way to classify them as being from a specific country. In other words, it is not trivial
to characterize a country in terms of cultural aspects. Mainly because of the amount
of data available nowadays, it is important to develop new methodologies to classify
automatically those cultural aspects giving the right importance to the owner country.

As one of the most expressive data sources, we can consider the Online Social
Networks such as Facebook. The key role in the business model of these online so-
cial networks is advertising which underpins much of the Internet’s economy. One
of the keys for the success of online social networks advertising platforms is the vast
possibilities to reach users by providing a list of personally identifiable information
(name, phone number, email, etc) or by configuring targeting options from a huge list
of fine-grained attributes such as race, income level, interests, and behaviors. By using
Facebook data, we have access to the data provided by the users from the biggest so-
cial network. Facebook users register their friends, events, communities, and interests
when they interact with videos, pictures, and pages. We hypothesized that people from
similar cultures will have similar interests and they will be expressed through the huge
amount of data available on the Facebook Advertising Platform, Facebook Ads.

5https://freelymagazine.com/2017/01/07/what-food-tells-us-about-culture/

https://freelymagazine.com/2017/01/07/what-food-tells-us-about-culture/
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Using social media data to study the cultural identity and measure the cultural
distance between countries is not completely new. The use of the data provided by
Facebook Ads, for example, has been recently increasing in many different fields. Stew-
art et al. [Stewart et al., 2019], discuss the cultural diffusion or the cultural assimilation
of immigrants by considering the taste by music gender. Our work makes use of the
same data source but focuses on the cuisine as a marker of culture. Other authors ex-
plore different social media data for similar purposes. Considering the cuisine around
the world, Silva et al. [Silva et al., 2014] identify cultural boundaries by analyzing food
and drink habits in Foursquare. They identify cultural boundaries and similarities
across populations by clustering them based on the analysis of Foursquare check-ins.
Similarly to us, they calculate the cultural distance between two countries by consider-
ing the habits of Foursquare users. Although there are some differences in the way we
deal with the problem. First, the data source is different. Second, the data provided
by Foursquare refers to check-ins. Because of this, the interest in some kind of food is
restricted to the users’ check-in in those places.

In this scenario, we propose a method that explores the Facebook Advertising
Platform to infer the number of people interested in some cultural aspects. We are
interested in (1) quantifying the cultural distance between countries and (2) identifying
the cultural identity of countries by exploring Facebook users’ preferences through the
data retrieved from the Facebook Advertising Platform.

To characterize and measure the cultural distance between countries, we develop
a new methodology for exploring the data provided by online social networks on adver-
tising platforms. By using z-score normalization, we create a vectorized representation
of countries in order to compare them to each other. While evaluating the cultural
distance between countries, we explore several measures of distance and compare them
in the context of cultural affinities. To decide which interest is part of the cultural
identity of each country, we made use of an approach that relies on information theory
and is based on a measure of entropy.

Particularly, we validate our methodology by employing it in a case study where
typical Brazilian dishes are used as a proxy of how the Brazilian culture is consumed
across various countries in the world. From this, we also measure the cultural distance
between Brazil and the countries most preferred by Brazilian immigrants. To do that,
we selected 20 typical Brazilian dishes according to some websites like Wikipedia and
collected the data on interests for these dishes from the Facebook Advertising Platform
(Facebook Ads). Using the number of Facebook users interested in certain typical
Brazilian food in each country enables us to represent such interests in each country
via a vector. This allows us to evaluate, in a natural way, the distance between pairs
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of countries. We also apply the methodology to identify dishes that in fact represent
the identity of the country.

The main contributions of this work are:

1. A new measure of cultural distance

2. Methods to identify the cultural identity of countries

3. An analysis of the Brazilian cuisine as a proxy of cultural identity

By using the methodology to measure cultural distance between countries, it is
possible to apply a simple clustering technique, using this cultural distance measure, to
draw cultural boundaries across countries. As a result, a cultural map of the world can
be generated. This measure of distance is a new way to express the attraction between
countries in terms of cultural distance and it can be incorporated into gravity-type
models to explain the flows of people between countries. The methodology to identify
the relationship between interests and countries is important to characterize countries
and helps to identify the main aspects of a culture. With the methodology we propose,
it is possible to infer the cultural attributes of a country or region given only the user’s
interests. Finally, these approaches might be useful not only for economic purposes
but also to support existing and novel marketing and social applications. This thesis
is organized as follows:
Chapter 2 presents the background and related works.
Chapter 3 details the methodology used to represent the data and describes the data
normalization process, including the methodology to measure the cultural distance be-
tween countries and to characterize countries in terms of cultural interests.
Chapter 4 details the Facebook data and how to collect the data provided by the Face-
book Advertising Platform.
Chapter 5 presents the case study of how our methodology can be used to characterize
Brazil in terms of interests regarding Brazilian cuisine. We also measure the cultural
distance from Brazil to other countries by using the methodology proposed in Chap-
ter 3.
Finally, in Chapter 6 discusses the results and offer additional comments about the
applicability of the results on Gravity-type models for migration. We also discuss our
findings, draw final conclusions, and future work.



Chapter 2

Related Work

In this chapter, we review related work. In Section 2.1 we discuss several papers
related to the measure of the distance between countries, specifically, focusing on the
cultural distance. This section includes related work about the use of food as a proxy
indicator of the culture and the use of online social media data in the measure of
cultural distance. Afterward, in Section 2.2 we review the current state-of-the-art in
cultural identity. Finally, in Section 2.3 we review the current works that make use of
Facebook data.

2.1 Cultural distance

The study of international migration and the development of models to explain and
to predict flows of people between countries is not new [Massey et al., 1993]. One
of the most important methods is based on the gravity-type models. Cohen et
al. [Cohen et al., 2008] developed an algorithm to project future numbers of inter-
national migrants from any country or region to any other. Basically, the variables
considered by the model include the population and area of origins and destinations
of migrants and the geographic distance between origin and destination. Other re-
searchers point out other distance measures beyond the geographic distance, like ad-
ministrative and political distance, economic distance, and also in terms of cultural
distance [Ghemawat, 2001].

Several papers attempted to classify cultural aspects to compare countries in
terms of their cultural distance. In [Ghemawat, 2001], the authors list a few types of
distances that can be considered when comparing regions and the impacts that each
of these distances has, mainly on the financial sphere: they found cultural distance
to be one of the most important factors. Another line of literature outlines many

5



6 Chapter 2. Related Work

characteristics that may represent a culture of a country and used these factors to
cluster countries according to their similarity. Santis et al. [De Santis et al., 2015]
presented a new method for evaluating the relative distance between any two countries
by using individual data provided by the World Value Survey (WVS).

In the next section, we present other attributes of daily life that can be used
as a proxy of culture in a country. We focus on presenting works that discuss food
as a cultural characteristic shared by individuals since we use food as a proxy of the
Brazilian cultural identity in the case study, presented in Chapter 5.

2.1.1 Food as a proxy indicator of culture

In anthropology and sociology, the study of culture can be examined considering a
multitude of aspects of our daily life, such as the clothes we wear, the music we listen
to, and the food we eat [Recchi and Favell, 2019]. Food studies are an established
interdisciplinary field that recognizes the centrality of food for cultural practices and
cultural identity. Considering the dishes from a country or region, for example, it is
possible to approximate cultural distance by characterizing the preferences for local
foods [Sibal, 2018, Boutaud et al., 2016, Almerico, 2014].

Several works, such as [Sibal, 2018], explore the idea that food communicates
our culture and mechanisms by which we relate food to our cultural identities, while
others revealed that people and societies can be discriminated against by their food
and cultural habits [Boutaud et al., 2016, Almerico, 2014]. Sibal [Boutaud et al., 2016]
focuses on showing the diversity and similarities between people, cultures, and food.
Similarly, Almerico [Almerico, 2014] presented an interdisciplinary study that observes
the intricate relationships between food, culture, and society from the sociological
perspective.

Notice that most parts of the works regarding the relationship between food and
culture presented in this section are more theoretical and does not explore online data.
In the next section, we present some papers that explore online social media data to
study aspects related to food, culture, and cultural distance between countries.

2.1.2 Online social media data

According to [Sajadmanesh et al., 2017], food and nutrition occupy an increasingly
prevalent space on the web. Dishes and recipes shared online provide an invaluable
mirror into culinary cultures and attitudes around the world. By exploring worldwide
culinary habits on the web, the authors confirm the strong effects of geographical and
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cultural similarities on recipes, health indicators, and culinary preferences between
countries. Other authors focus on spatial and temporal patterns of online food prefer-
ences [Wagner et al., 2014, West et al., 2013]. Abbar et al. [Abbar et al., 2015] build
a model to predict county-wide obesity and diabetes statistics based on a combination
of demographic variables and food names mentioned on Twitter.

Since the link between typical food and culture of a country has been established,
several papers attempted to classify those aspects in order to compare countries in terms
of their cultural distance. Silva et al. [Silva et al., 2014] identify cultural boundaries by
analyzing food and drink habits in Foursquare. They identify cultural boundaries and
similarities across populations by clustering them based on the analysis of Foursquare
check-ins. Similarly to us, they calculate the cultural distance between countries by
considering the habits of Foursquare users. Although there are some differences in
the way we deal with the problem. First, the data source is different. Second, the
data provided by Foursquare refers to check-ins, because of this, even the people have
an interest in some kind of food, but do not have a check-in in those places, this
information will not be available.

To the best of our knowledge, this is the first work that uses Facebook data
to explore the cultural identity of countries to measure the cultural distance between
them. In addition to the methodology to measure cultural distance between countries,
part of the methodology presented in Chapter 3, refers to characterize countries in
terms of cultural attributes. In the next section, we present papers that discuss the
state-of-the-art for identifying cultural identity.

2.2 Cultural identity

Because of globalization, it is difficult to characterize a country in terms of cultural
attributes. Usually, when cultural psychology work tries to compare countries on var-
ious dimensions, essentially they use the same approach: summarizing a large number
of variables into principal components or factors, then standardizing these scores, and
comparing them across countries [Beugelsdijk and Welzel, 2018]. The Hofstede model1

of national culture consists of six dimensions. The cultural dimensions represent in-
dependent preferences for one state of affairs over another that distinguish countries
(rather than individuals) from each other. To the best of our knowledge, this is the
first work that uses Facebook data to characterize the cultural identity of countries.

1https://www.hofstede-insights.com/models/national-culture/

https://www.hofstede-insights.com/models/national-culture/
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Other approaches adopted in studies, mainly in the field of psychology, are ques-
tionnaires and interviews. Bhugra et al. [Bhugra et al., 1999] describe the key con-
cepts of cultural identity such as religion, attitudes to the family, leisure activities,
rites of passages, food, and language. They discuss the difficulty in measuring the cul-
tural identity and the various measurements used during the interviews illustrate the
need of having a multifaceted instrument in measuring cultural identity among Asians.
Cantarero et al. [Cantarero et al., 2013] also identify food as greatly influenced by cul-
tural identity by performing a qualitative and quantitative analysis in the Comunidad
Autónoma de Aragón, Spain. The research methods include focus groups, in-depth
interviews, participant observation, and a questionnaire. Regarding the research out-
come, they found that people prefer to consume foods that are symbolically associated
with their own culture, in order to reinforce their sense of belonging. Although this
study has been carried out in Aragón, the results can be generalized to other areas.

Until now, we discuss previous works related to our methodology to measure cul-
tural distance and to identify the cultural identity of countries, presented in Chapter 3.
However, part of this thesis consists of the use an online social media data, specifically
the data provided by the Facebook Advertising Platform. In the next section, we
present previous papers that make use of this data in different applications, such as
migration.

2.3 Facebook data

The key role in the business model of these online social networks is advertis-
ing [Weber et al., 2018]. Guha et al. [Guha et al., 2010] conducted one of the first
studies that analyze methodologies for ad networks. They show how location, user de-
mographics, and interests, and sexual-preference affect Facebook Ads. The Facebook
Advertisement Platform allows advertisers to target users by demographic character-
istics including age, location, and interests as determined by their profile information
and provides the number of users who fall under the selected categories. Because of
this, the data provided by the Facebook Advertising Platform is becoming popular
especially in demographic studies [Alburez-Gutierrez et al., 2019].

Chunara et al. [Chunara et al., 2013] developed one of the first studies by using
data provided by the Facebook Advertisement Platform. They examined activity and
sedentary related interest categories from Facebook that have, in other traditional
studies of the social environment, been positively or negatively related to obesity.

Since before, the use of the marketing tool provided by Facebook, Face-
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book Ads, to access and collect data is increasing in many different fields.
It was employed in different contexts, such as in tracking health condi-
tions [Araujo et al., 2017, Mejova et al., 2018b, Rampazzo et al., 2018], pre-
dicting crimes [Fatehkia et al., 2019], gender inequalities [Garcia et al., 2018,
Fatehkia et al., 2018, Mejova et al., 2018a, Gil-Clavel and Zagheni, 2019], politi-
cal science [Ribeiro et al., 2018, Ribeiro et al., 2019, Silva et al., 2020], and to study
migration [Zagheni et al., 2017, Pötzschke and Braun, 2017, Dubois et al., 2018,
Spyratos et al., 2018, Spyratos et al., 2019, Palotti et al., 2020], relationships be-
tween immigrant communities [Herdağdelen et al., 2016] and migrant assimila-
tion [Dubois et al., 2018, Stewart et al., 2019].

Recent papers explore the Facebook data to characterize refugees and popula-
tions living in inequality situations [Rama et al., 2020, Palotti et al., 2020]. Rama et
al. [Rama et al., 2020] examine the usefulness of the Facebook Advertising Platform,
which offers a digital “census” of over two billion of its users, in measuring potential
rural-urban inequalities in Italy. Palotti et al. [Palotti et al., 2020] use Facebook data
as an additional data source for monitoring the ongoing crisis in Venezuela. They es-
timate and validate national and sub-national numbers of refugees and migrants and
break-down their socio-economic profiles.

To the best of our knowledge, we developed the first study using this data to mea-
sure the cultural distance between countries [Vieira et al., 2020] that will be presented
in Chapter 5. Stewart et al. [Stewart et al., 2019] is the most similar paper discussing
cultural diffusion. However, they analyze the cultural assimilation of immigrants while
our work compares countries at a high level by analyzing the population interests in
each country as a whole. We do not analyze separately the interests of immigrants and
natives. Nevertheless, we are aware that this analysis is important for future research
in terms of quantifying the extent to which immigrants affect the culture of natives.

Finally, it is important to point out that even with the nature of the service con-
structed as a “black box”, and a slew of biases [Cesare et al., 2018, Araujo et al., 2017],
including the algorithmic bias in extracting user attributes, all these works provide ev-
idence that Facebook Ads data can indeed be used as a source of information for the
study of computational social science.

In Chapter 4, we discuss the process of collecting Facebook data in order to have
significant data to be used as an input of the methodologies presented in Chapter 3.
The methodologies to identify the cultural identity of countries as well as to measure
the cultural distance between countries are exemplified in Chapter 5, where we present
a case study. The case study where typical Brazilian dishes are used as a proxy of
the Brazilian culture identity is used to explain the Facebook data collection and to
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validate our methodology.



Chapter 3

Methodology

In this thesis, we explore the process of measuring the cultural distance between coun-
tries and to infer the cultural identity of countries. The methodology adopted is de-
scribed in the remainder of this chapter, which is organized as follows. First, we define
the problem formally. Then, we describe the data and the normalization process.
Next, we describe our methodology to represent countries via vectors and to measure
the cultural distance between them. Finally, we detail a novel methodology to infer
the cultural identity of countries, including examples and discussing some limitations
of our approach.

3.1 Problem definition

The input of the problem is given by triples t = (c, i, a) where c corresponds to a
country, i corresponds to an interest and a corresponds to the audience. We define by
audience the number of people who lives in c and is interested in i. Interests represent
cultural aspects that may help us to culturally characterize regions, such as preferences
for clothes, music, art, and food. So, given the data that represents the interests of
people in each country, we can define our two problems as follows:

• How to measure the cultural distance between countries?

• How to identify cultural aspects that make up the identity of countries?

As a first step to model the problem, we detail the process of structuring the
data in Section 3.2. Then, the methodology to measure the cultural distance between
countries and to infer the cultural identity of countries are described in Sections 3.3
and 3.4, respectively.

11



12 Chapter 3. Methodology

3.2 Input

Given the input of the problem as triples t = (c, i, a), we can structure them as a
matrix M where each cell Mi,c represents the number of people interested in i from
the country c. In other words, each cell represents the audience A(i, c) in c who are
interested in i.

The audience in each country can vary a great deal across countries. Countries
with small populations, for example, tend to have lower values for the majority of the
interests. On the other hand, countries with large populations are more likely to have
large audiences. This bias created by the discrepancy in the size of populations makes
the analyses unfair since countries with large populations dominate the audience over
an interest.

During the process to find interests that are part of the cultural identity of a
country the main goal is: given an interest, link it to a country. Basically, for each
interest, we want to identify the country that dominates the audience considering all
the countries. Because of this, countries with large populations tend to present high
absolute audiences, even when the proportion of the population interested in them is
not high.

Thus, to remove the bias by considering the absolute number of people interested
in i from the country c, we normalize the audience in each interest by the population
in each country. We use these proportions to construct a new matrix M ′ to represent
the normalized data. More formally, given the population A(c) of a country c and the
audience A(i, c) in c who are interested in i, the normalization is given by:

M ′
i,c =

A(i, c)

A(c)
(3.1)

As shown by Equation 3.1, each cell M ′
i,c represents the proportion of the popu-

lation in c who are interested in i.

Consider the example of three interests, I1, I2, and I3, and the number of peo-
ple interested in them from five countries, C1, C2, C3, C4, and C5, represented by
the matrix M , where the rows correspond to interests and the columns represent the
countries. The absolute audience of each interest in each country is represented by a
matrix M in Table 3.1. Each one of the five positions in the row corresponds to the
audience in the corresponding country. In a first look, the interest I1 seems to be more
popular in country C1, interest I2 seems to be popular in country C4, and interest I3

more popular in country C5.

Consider now that the population in C1, C2, C3, C4, and C5 is, respectively,



3.3. Cultural distance 13

C1 C2 C3 C4 C5

M = I1 1000 10 1 100 500
I2 100 100 10 1000 10
I3 10000 200 100 50000 1000

Table 3.1: Example of the absolute audience data.

C1 C2 C3 C4 C5

M’ = I1 0.01 0.02 0.001 0.0001 0.33
I2 0.001 0.2 0.01 0.001 0.006
I3 0.1 0.4 0.1 0.05 0.66

Table 3.2: Example of the audience normalized by population.

100000, 500, 1000, 1000000 and 1500. By transforming the absolute audience to the
proportion of the audience considering the population in each country, each cell of the
matrix M will be updated according to Equation 3.1. The new matrix, M ′, with the
data normalized is shown by Table 3.2. Now, the interest I2 seems to be more popular
between the proportion of the audience who lives in the country C2. This change also
happens with interest I1 that now seems to be much more popular in country C2, 20%
of its population is interested in I2. Only the interest I3 maintains the popularity in
the proportion of the population in country C5.

After the process of structuring and normalizing the data, the representation is
given by a matrix where the rows correspond to interests and the columns represent
countries. If we consider each column of the matrix as a representation of each country,
we have a vector where each position corresponds to the proportion of its population
who are interested in each interest. We can also make use of this representation to
compare countries with each other as we will discuss in Section 3.3 and to identify the
cultural identity of countries as presented in Section 3.4.

3.3 Cultural distance

In order to answer the question How can we measure the cultural distance
between countries?, we dedicate this section to model this specific problem given
the input described in the previous section. We argue that a proper methodology for
measuring cultural distance must contain:

1. The definition of cultural distance in our context which will be presented in
Section 3.3.1.



14 Chapter 3. Methodology

2. A description of the process of data normalization to create vector representations
for each country which will be described in Section 3.3.2.

3. Experiments using several different measures of distance to compare the countries’
vectors which will be presented in Section 3.3.3.

4. Complementary and robust metrics to compare rankings. In Section 3.3.4 the
main important metrics to compare rankings are described.

3.3.1 Problem definition

Cultural distance: Cultural distance is a measure of how distant two regions are
considering cultural aspects. Usually, the cultural distance dimensions refer to values
on which societies or nations differ, such as power distance and uncertainty avoidance.
Cultural distance measures refer to the operationalization of these dimensions, often
into a single score, which can be used to estimate cultural distance1.

Cultural distance dimensions refer to national or societal values on which na-
tions or societies tend to differ. Usually, cultural distance dimensions include,
among others, power distance, uncertainty avoidance, collectivism, and assertive-
ness [Beugelsdijk and Welzel, 2018], based on the answers given to questionnaires on
cultural values. Based on cultural distance dimensions, cultural distance measures
are constructed by aggregating them into a single equation. Such measures can take
the form of compound indices that bundle distance scores for individual cultural
dimensions. One of the most commonly applied cultural distance measures is KS-
index [Tung and Verbeke, 2010].

In our context, we are interested in measuring the distance between countries
by considering the whole vector of interests that represents each country. In order to
create the vector representation, the next section discuss the input data we have and
how we create the vectorized representation.

3.3.2 Input: z-score normalization

Section 3.2 described the input we will consider for this problem. At the end of this
section, the input is represented by a matrix where the rows correspond to interests and
the columns represent countries. Each column corresponds to a vector representation
of a country and each cell in this vector corresponds to the proportion of the population
who are interested in each interest.

1https://research-api.cbs.dk/ws/portalfiles/portal/58442485/ronni_kj_
rhede.pdf

https://research-api.cbs.dk/ws/portalfiles/portal/58442485/ronni_kj_rhede.pdf
https://research-api.cbs.dk/ws/portalfiles/portal/58442485/ronni_kj_rhede.pdf
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C1 C2 C3 C4 C5

M ′
z =

I1 -0.482 -0.406 -0.551 -0.558 1.997
I2 -0.546 1.998 -0.431 -0.546 -0.474
I3 -0.699 0.577 -0.699 -0.901 1.70

Table 3.3: Example of the z-score applied to the audience normalized by population.

Although the normalized representations by the population of the country, the
difference in the popularity of interests can make the comparison of two representations
be biased toward more popular interests. If we consider each column as a vector
representing the country interests, these unbalanced distributions bias the distance
measurement between two countries by the most popular interests.

Considering the example in Table 3.2, country C1 is represented by the vector
[0.01, 0.001, 0.1] and country C2 represented by the vector [0.02, 0.2, 0.4]. The absolute
difference between each position of the vectors is given by the vector [0.01, 0.199, 0.3].
The maximum difference appears in the third position, corresponding to the interest
I3, which is the interest most popular. By this example, we see that the difference
between other interests that have a small proportion of the audience will not have the
same importance as the interests most popular in measures of distance.

To avoid the problem of unbalanced distributions due to the presence of a domi-
nant interest, the z-score normalization can be used to smooth the distribution and give
the same importance for all interests. Equation 3.2 shows the formula for calculating
the z-scores:

zscore (M ′
i,c) =

M ′
i,c −mean(M ′

i)

std(M ′
i))

(3.2)

where M ′
i is the vector that contains M ′

i,c for each country c.

Basically, the mean is subtracted from the score for each interest, normalized by
the proportions of the audience in each country, M ′

i,c, and divided by the standard
deviation of the proportions for that interest in all the countries. As a result, each
value now represents the extent measured in standard deviations to which an interest
in a certain country deviates from the mean of a typical distribution. So, after the
z-score normalization, each country is represented by a vector that can be compared
to each other.

After the z-score normalization applied to the example in Table 3.2, the countries
can be represented by the columns of the matrix M ′

z, as shown in Table 3.3. Notice
that, in this example, each country is represented by a vector of interests.

Given the vectorized representation for each country, in the next section, we



16 Chapter 3. Methodology

discuss the measures of distance that can be used to compare the distance between
countries.

3.3.3 Measures of distance

There are many different metrics to measure the distance between vectors. As one
of the most popular, we have Euclidean distance, Cosine distance, and Earth Mover’s
distance. Also, some measures of error can be used as a measure of the distance between
two vectors by comparing the difference between each position in both vectors.

In this section, we will present some of the most important measures of distance
between vectors. For all definitions, we assume that we are comparing two countries
represented via vectors, c1 and c2.

Euclidean distance:
Euclidean distance2 is a measure of the true straight line distance between two points
in Euclidean space as shown by Equation 3.3. Essentially, it measures the length of a
segment that connects two points.

Euc(c1, c2) = ||c1 − c2||2 =

√√√√ N∑
i=1

(c1i − c2i)2 (3.3)

Euclidean distance is the most common distance for machine learning algorithms.
However, there are some situations where Euclidean distance will fail to give us the
proper metric, especially when the number of dimensions increases. In those cases, we
will need to make use of different distance functions.

Cosine distance:
Cosine distance3 is a measure of the angle between two vectors as shown by Equa-
tion 3.4.

Cos(c1, c2) = 1− c1 · c2
||c1||2||c2||2

= 1−
∑N

i=1(c1i · c2i)√∑N
i=1 c

2
1i

√∑N
i=1 c

2
2i

(3.4)

In order to calculate it, we need to measure the cosine of the angle between
two vectors. Then, cosine distance returns the normalized dot product of them. A

2https://docs.scipy.org/doc/scipy-0.14.0/reference/generated/scipy.
spatial.distance.euclidean.html

3https://docs.scipy.org/doc/scipy-0.14.0/reference/generated/scipy.
spatial.distance.cosine.html

https://docs.scipy.org/doc/scipy-0.14.0/reference/generated/scipy.spatial.distance.euclidean.html
https://docs.scipy.org/doc/scipy-0.14.0/reference/generated/scipy.spatial.distance.euclidean.html
https://docs.scipy.org/doc/scipy-0.14.0/reference/generated/scipy.spatial.distance.cosine.html
https://docs.scipy.org/doc/scipy-0.14.0/reference/generated/scipy.spatial.distance.cosine.html
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normalized vector is a vector in the same direction but with norm 1. The dot product
is the operation in which two equal-length vectors are multiplied resulting in a single
scalar. Cosine distance is very useful when we are interested in the orientation but not
the magnitude of the vectors. Two vectors with the same orientation have a cosine
distance of 0. Two vectors at 90o have a distance of 1. Two vectors diametrically
opposed having a distance of -1. All independent of their magnitude. This metric is
a measurement of orientation and not magnitude. The Euclidean distance between
two vectors can be higher even when the angle between them is small because they
are pointing in the same direction.

Earth Mover’s distance:
This distance is also known as the earth mover’s distance4, since it can be seen as the
minimum amount of “work” required to transform c1 into c2, where “work” is measured
as the amount of distribution weight that must be moved, multiplied by the distance
it has to be moved as shown by Equation 3.5.

EMD(c1, c2) = inf
π∈Γ(c1,c2)

∫
R×R
|x− y|dπ(x, y) =

∫ +∞

−∞
|C1 −C2| (3.5)

where Γ(c1, c2) is the set of (probability) distributions on R×R whose marginals are
c1 and c2 on the first and second factors respectively. C1 and C2 are the respective
Cumulative Distribution Functions (CDFs) of c1 and c2.

Mean absolute error:
A direct approach to compare c1 and c2 is through the average of the errors between
each cell of c1 and the corresponding cell in c1, defined by Equation 3.6.

MAE(c1, c2) =
1

N

N∑
i=1

|c1i − c2i| (3.6)

Relative error:
Another approach is the average of the relative errors between each cell c1 and the
corresponding cell in c1, defined by Equation 3.7.

RE(c1, c2) =
1

N

N∑
i=1

|c1i − c2i|
c1i

(3.7)

4https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.
wasserstein_distance.html

https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.wasserstein_distance.html
https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.wasserstein_distance.html
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More important than measure the cultural distance between countries is to com-
pare the results given by our measure of cultural distance with other existing measures.
Basically, for each country, we can measure the cultural distance to others. The list of
countries compared can be sorted by the cultural distance and expressed by a ranking.
In the next section, we present some measures to compare rankings that can be used
in order to compare and correlate our results with others in the literature.

3.3.4 Metrics to compare rankings

After calculating the distance between countries using one of the measures presented
in Section 3.3.3, we can generate rankings sorted by the most similar countries in terms
of culture to a target country. The rankings can also be compared with other rankings
generated by other sources, such as official reports and works in literature. Ideally,
we would like to compare the cultural ranking with different types of rankings that
express not only a relation between cultural aspects but also geographic distance and
social similarities given by the number of immigrants, for example.

There are several measures proposed to compare rankings. In this section, we
will present four of them. For all definitions, we assume that we are comparing two
rankings with country names, R1 and R2. We apply these measures during our
rankings comparison in the Case Study we present in Chapter 5.

Kendall tau5:
This metric uses Kendall’s tau rank correlation coefficient [Knight, 1966], defined by
the Equation 3.8.

Kτ(R1,R2) =
C(R1,R2)−D(R1,R2)√

C(R1,R2) +D(R1,R2) + T (R1)
√
C(R1,R2) +D(R1,R2) + T (R2)

,

(3.8)
where C(R1,R2) is the number of concordant pairs, D(R1,R2) is the number

of discordant pairs, T (R1) and T (R2) are the number of ties only in R1 and R2,
respectively. Values close to 1 indicate strong agreement, values close to -1 indicate
strong disagreement.

Spearman R6:
5https://docs.scipy.org/doc/scipy-0.15.1/reference/generated/scipy.

stats.kendalltau.html
6https://docs.scipy.org/doc/scipy-0.14.0/reference/generated/scipy.

stats.spearmanr.html

https://docs.scipy.org/doc/scipy-0.15.1/reference/generated/scipy.stats.kendalltau.html
https://docs.scipy.org/doc/scipy-0.15.1/reference/generated/scipy.stats.kendalltau.html
https://docs.scipy.org/doc/scipy-0.14.0/reference/generated/scipy.stats.spearmanr.html
https://docs.scipy.org/doc/scipy-0.14.0/reference/generated/scipy.stats.spearmanr.html
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This metric calculates a Spearman rank-order correlation coeffi-
cient [Zwillinger and Kokoska, 1999], defined by the Equation 3.9.

Spearmanr(R1,R2) =
cov(R1,R2)

σR1σR2

, (3.9)

where cov(R1,R2) is the covariance of the rank variables and σR1 and σR2 are
the standard deviations of the rank variables.

The Spearman correlation between two variables is equal to the Pearson
correlation between the rank values of those two variables; while Pearson’s correlation
assesses linear relationships, Spearman’s correlation assesses monotonic relationships
(whether linear or not). Like other correlation coefficients, this one varies between
-1 and +1 with 0 implying no correlation. Correlations of -1 or +1 imply an exact
monotonic relationship.

Weighted tau7:
This metric computes a weighted version of Kendall’s tau rank correlation coeffi-
cient [Vigna, 2015].

This measure is important when we are interested in giving more importance
to the first elements in the ranking. Hence, we decided to consider the measure of
correlation that allots more weight to the top elements in the rank. The weight is
mapped from non-negative integers (zero representing the most important element,
the first in the ranking) to a non-negative weight, given by a hyperbolic weighing. The
hyperbolic weighting maps the position of each element in rank r to a weight 1

r+1
. Be-

cause of this, the first element (r = 0) has a weight equal to 1, the second, 1
2
, and so on.

Jaccard similarity8:
This metric measures the coefficient of similarity between finite sample sets, given by
Equation 3.10.

Jaccard(R?
1,R

?
2) =

|R?
1 ∩R?

2|
|R?

1 ∪R?
2|
, (3.10)

where |R?
1∩R?

2| and |R?
1∪R?

2| represent, respectively, the size of the intersection
and the size of the union of the sample sets.

Unlike the other metrics, the Jaccard similarity does not consider the order with
the elements appear in the ranking. The Jaccard coefficient is defined as the size of

7https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.
weightedtau.html

8https://scikit-learn.org/stable/modules/generated/sklearn.metrics.
jaccard_score.html

https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.weightedtau.html
https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.weightedtau.html
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.jaccard_score.html
https://scikit-learn.org/stable/modules/generated/sklearn.metrics.jaccard_score.html
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the intersection divided by the size of the union of the sample sets. Note that, in this
measure, the structure does not matter, only the fact if the element appears in the
ranking or not. In our case, all the rankings have the same elements, because of this,
if we consider the rankings as a whole, the Jaccard coefficient will be equal to 1. So,
when we use this measure, we select only the first k elements, R?

1 and R?
2, of each

ranking, R1 and R2.

The metrics to compare the rankings generated by our methodology with others
in the literature are applied to evaluate the results found in the case study we present
in Chapter 5. In this case study, we also evaluate the results when each measure of
distance presented in Section 3.3.3 is applied to measure the cultural distance between
countries to Brazil.

Finally, is important to point out that the methodology to measure cultural
distance between countries, can also be used for other purposes besides a simple metric
of distance. First, the value of cultural distance can be used as one more variable in
gravity-type models to explain the flows of people between countries. For entertainment
and marketing, for example, recommendation systems can be developed in order to
recommend destinations for tourism based on the cultural similarities with a specific
country. For economic reasons, the measure of cultural distance is important to define
the most similar markets to make business. The methodology might be useful also
for political and social applications, especially regarding diplomatic relations between
countries, trade, and social problems related to immigrants.

In addition to the methodology to measure the cultural distance between coun-
tries, in the next section, we present the methodology to identify the cultural identity
of countries. By this methodology, it is possible to characterize countries in terms of
the cultural interests shared by the population.

3.4 Cultural identity

To answer the question How to identify the cultural aspects that make up the
identity of countries?, we dedicate this section to model this specific problem given
the data we have. The methodology for characterize the cultural identity of countries
must contain:

1. The definition of the concept identity which will be presented in Section 3.4.1.
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2. A description of the process of data normalization in order to create a probability
distribution for each interest over the countries which will be described in Section
3.4.2.

3. Experiments using some different measures used to identify the cultural identity
of a country which will be presented in Section 3.4.3.

3.4.1 Problem Definition

Identity: According to the dictionary definition, identity is the reputation or char-
acteristics of a person or organization that makes the public think about them in a
particular way9. In our context, we want to represent the cultural identity of a country
in terms of interests related to cultural aspects. Informally, an interest is part of the
cultural identity of a country if, when asked about where this interest comes from, one
would answer only that country.

By our definition, identifying an interest as part of the cultural identity of a
country corresponds to an interest that is associated with only one country. If one
interest is associated with more than one country, it will not be considered as part
of the cultural identity of any country. For example, if we think about some typical
Brazilian dishes, like “Coxinha” and “Feijoada”, it is clear they are associated with
Brazil. However, if we think about “Rice”, there is no association with only one country.
Notice that an interest will not be part of the cultural identity of more than one country,
however, a country could be characterized by more than one interest. In the example,
Brazil is characterized by two interests, “Coxinha” and “Feijoada”.

The main goal by developing this new approach to characterize the cultural iden-
tity of a country is to identify interests that are associated with only one country. Due
to the fact that we are considering a one-to-one relation, by identifying the country
which is associated with the interest, we can also include the interest as part of the
cultural identity of the country.

In Chapter 5, we present a case study in order to apply our methodology in
the context of the interest around the world by typical Brazilian dishes. We identify
the interests that are part of the Brazilian cultural identity given a subset of typical
Brazilian dishes. The same methodology can be applied to identify the relationship
between other subsets of interests and countries in order to characterize the countries
in terms of their cultural identity.

9https://dictionary.cambridge.org/us/dictionary/english/identity

https://dictionary.cambridge.org/us/dictionary/english/identity
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To model this problem, there are many different ways to identify the relationship
between interests and countries. In the next sections, we will present the data and
methods that can be used in order to characterize the cultural identity of countries.

3.4.2 Input: interest probability distribution

In order to find interests that are part of the cultural identity of a country, the first
step is to define the data representation. After normalizing the data by the population
as shown in Section 3.2, each cell M ′

i,c in matrix M ′ represents the proportion of the
population in c who are interested in i. Now, we are interested in the association
between interests and countries. The main idea is to find interests that can represent
each country in terms of cultural identity. In order to find the interest that is part of
the identity of each country, we would like to be able to compare the importance of each
country for each interest. So, each interest is represented as a probability distribution
over the countries. By doing this normalization for each interest, we construct another
matrix M ′′ where each cell M ′′

i,c is calculated as shown by Equation 3.11. Due to this,
all the cells have a value between 0 (zero) and 1 (one) and the sum of values in each
row is equal to 1.

M ′′
i,c =

M ′
i,c∑

c? M
′
i,c?

(3.11)

The probability that we describe in Equation 3.11 is the probability of selecting
a random person who is interested in i, and that person is from the country c. We will
call this conditional probability: Pr(c|i).

Therefore, by the conditional probability definition, we can define Pr(c|i) as
follows:

Pr(c|i) =
Pr(c, i)

Pr(i)
,

where Pr(c, i) = M ′
i,c = A(i,c)

A(c)
is the probability that the interest will be realized by a

person from the country selected at random and Pr(i) =
∑

c? Pr(c
?, i) is the probability

that the interest will be realized in the experiment.

In other words, after normalizing the audiences over the different population
sizes, we are looking at the distribution of P (c|i). To better explain the distribution
we calculate by Equation 3.11, the experiment below describes exactly the meaning of
the interest distribution. The interest distribution of an interest i corresponds to the
ith row in matrix M ′′.

Experiment to explain the matrix M ′′:
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1. Initially, we will select k (e.g. 100) people from each country c.

2. For each pair, (c, k), there is a random variable Xi,c for the number of people
from the country c who are interested in i.

3. Considering the random variable, Xi,c, as a binomial with a probability of success
Pr(c, i) given by the proportion of people in that country c who are interested
in i, so Xi,c = k ∗ Pr(c, i). Notice that the probability of success, Pr(c, i), is
exactly the cell M ′

i,c from the matrix M ′, that corresponds to the audience data
normalized by the population in each country.

4. Thus, we have for each country c the expected value E[Xi,c], which is the expected
number of people living in the country c who are interested in i.

5. Now, of all the k ∗ m selected people, where m corresponds to the number of
countries, we will separate the people who are interested in i and select one of
these people.

6. The question we are answering with this input is: What is the probability distri-
bution for that person to be from each of the m countries?

Given the description of the data, we would like to define an automatic method
to identify interests that express the identity of each country. Given a set of interests
and a set of countries normalized by Equation 3.11, we would like to represent the
countries in terms of the interests that better represent them.

In the next section, we present methods that can be used to identify the interests
that are part of the cultural identity of a country. To exemplify each method, we
create a normalized matrix M ′′ with dimension 7 × 10, as shown by Figure 3.2. We
have seven interests, each one with a probability distribution over 10 countries, as
shown in Figure 3.1. The examples present some interest probability distributions we
would like to identify the country which could be characterized by the interest. Except
for the first interest, shown in Figure 3.1a, which has a uniform distribution over the
countries, for all the interests, the first country has a higher probability in comparison
with the others. However, the distributions are different from each other.

Notice that, even with a small probability, for all the examples we assume a
probability distribution with probabilities different from zero. Considering the Interest
8, shown in Figure 3.1h, for example, the probability of the first and second country
is respectively, 0.95 and 0.045, the remaining error, ε = 0.005 is uniformly distributed
over the 8 countries. This assumption is important, mainly for the entropy difference
measure, presented in Section 3.4.3. The entropy difference is based on a measure of
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(a) Interest 1 (b) Interest 2 (c) Interest 3

(d) Interest 4 (e) Interest 5 (f) Interest 6

(g) Interest 7 (h) Interest 8 (i) Interest 9

Figure 3.1: Examples of interests probabilities distributions.

entropy, which is dependent on the distribution over the countries and the number
of countries considered, when some probabilities are equal to zero, the measure tends
to be lower than when all the countries have at least an infinitesimal probability. By
adding a small probability uniformly distributed over the countries originally with a
probability equal to zero, we want to reduce the negative impact on the result caused
by these probabilities.

All the interest probability distributions in Figure 3.1 are used to exemplify the
measures of cultural identity presented in the next section. In the next section, we also
discuss the properties of each one of the measures, including the measure we propose,
named entropy difference.

3.4.3 Measures of identity

There are many different measures that could be applied in order to solve the problem
described in Section 3.4.1. Basically, the measures of identity are represented by an
identity function I as follows:

I : I→ C ∪ {∅}
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Figure 3.2: Matrix M ′′.

Given a set of interests, each one of them will be associated with a country, in
case they are part of the cultural identity of the country. Because of this, given a set of
interests the function will return a set of countries or an empty set when the interests
are not part of the cultural identity of any country.

In this section, we will present three possible measures, including the entropy
difference, the measure we propose to identify interests that are part of the cultural
identity of countries. We also compare the results obtained by each measure when
applied to a bunch of examples in order to demonstrate the properties of the measure
we developed. The entropy difference is also applied in the case study we present
in Chapter 5. For all definitions, we assume that each interest i is represented by a
probability distribution Pr(c|i) over the countries c.

argmax:
The argmax method associates the interest to the country that has the highest proba-
bility. In other words, this measure identify the interest as part of the cultural identity
of the country if the conditional probability Pr(c|i) is the highest in that country which
dominates the interest in i. Given a probability distribution over all the countries c
given an interest i, Pr(c|i), the interest will be the identity of the country which has
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Metric I1 I2 I3 I4 I5 I6 I7 I8 I9
Argmax 6 D D D D D D D D

Entropy difference 6 6 D 6 6 D 6 D 6

Inverse Simpson index 6 6 6 6 6 D 6 D 6

Table 3.4: Interest identified as part of the cultural identity of a country considering
each example of interest probability distributions for each measure of cultural identity.
The green markers represent interests that are part of the cultural identity of a country
while the red markers represent the interests that could not be associated with the
cultural identity of only one country.

the highest probability as shown in Equation 3.12.

I(i) = argmaxc{M ′′
i,c} (3.12)

The main issue with this definition is the fact that we are not considering the
distribution as a whole and, because of this, we do not have a threshold to say how
big the probability should be in comparison with other countries. Considering the
examples in Figure 3.1 if we apply the Equation 3.12, except for the first interest
which has a uniform probability distribution, the first country will be characterized by
all the interests, as shown in Table 3.4. But when we look at some distributions, such
as the probability distribution of Interest 7, it is clear that the first country does not
dominate the distribution which is almost uniform. In this case, even if we observe
the whole distribution, it is difficult to define a threshold to consider if the interest is
part of the cultural identity of a country or not. Because of this, we want to develop
a methodology to decide in an automatic way if there exists relationship between an
interest and a country or not.

Entropy difference:
In this section, we will present the methodology to identify interests that are part of
the cultural identity of countries. This methodology is based on an information theo-
retic approach that considers spatial analysis [Brodersen et al., 2012] to infer cultural
identity.

Interest entropy and Interest focus give us an idea of how the interests are dis-
tributed around the globe. Given thatM ′′

i,c is the normalized proportion of the audience
of a country c interested in i, the metric interest focus is given by Equation 3.13. This
measure describes the proportion of the audience that is interested in i in a specific
location. On the other hand, Equation 3.14 shows the interest entropy formula that
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corresponds to the entropy measure of an interest distributed over the countries.

Fi,c =
M ′′

i,c∑
c? M

′′
i,c?

(3.13)

Hi = −
∑
c?

Fi,c?log2Fi,c? (3.14)

These metrics provide support for evaluating the spread of various interests
around the globe. Interests that are very concentrated in a region tend to manifest a
low interest entropy and a high interest focus considering that region. It is particularly
enticing to look at the interests that have moderate interest entropy because these
interests are not entirely local, while also not completely common around the world.
These interests could originate from a specific region and spread in popularity across
other regions that share different cultural aspects, or become popular due to migration.

In order to find the relationship between interests and countries, for each interest,
we will measure the entropy of its vector normalized over the countries. The entropy
will measure exactly the uncertainty about the country in which the interest is part
of the cultural identity. For a uniform distribution as shown in Figure 3.1a, for ex-
ample, the uncertainty is maximum. If we consider extreme cases, like the Interest 6
shown in Figure 3.1f, the entropy is low due to the fact that the highest probability
that corresponds to more than 0.8 is associated with one country. The point is we
want to classify this relationship between interests and countries automatically. More
important, we do not want to define a threshold to classify the value of entropy that
will be associated with an interest that is part of the cultural identity of a country.

In order to classify these distributions in an automatic way, we will model the
problem by using the Information Theory concept of Information Leakage. Considering
the distribution regarding a specific interest i normalized over the countries, we can
define this distribution as a prior distribution, πi. We can see this distribution as
previous knowledge. We now wish to quantify the information leakage caused by a
channel C that processes the distribution πi. Notice that we refer to a deterministic
channel, where each input πi leads to a unique output value Hi which we describe as
C(πi) = π?i . Basically, the prior distribution πi is given as an input for the channel C
that generated the posterior distribution π?i . The channel will change the distribution
by modifying the probability to zero in the country considered the candidate to have
the interest as part of its cultural identity and re-normalizing the distribution. At the
end of this process, we are interested in comparing the entropy of the distribution to
measure the information leakage.
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Notice that the key point to the entropy difference identifies an interest as part of
the cultural identity of a country is how the probability of the country, p∗, influences
the prior distribution, πi. In other words, measure the information leakage caused by
a channel C which changes the probability p∗ to zero and gives as output the new
distribution π?i .

The information leakage will be given by the difference of the entropy of the prior
distributionHπi and the entropy of the posterior distributionHπ?

i
. For each interest, the

difference between the interest entropy considering and not considering the candidate
country in the vector of countries expresses changes related to the uncertainty of which
country is the interest associated with. When we consider the country, the entropy
tends to be lower if the interest is more popular there than in other countries. Because
of this, we define that an interest is part of the cultural identity of a country when the
difference Hπi −Hπ?

i
by considering the country is lower than zero.

In order to solve the inequality, we can write the entropy measure of the prior
distribution πi and the posterior distribution π?i as follows:

Hπi = −

M−1∑
k=1

p′klog(p′k) + p∗log(p∗)



Hπ?
i

= −
M−1∑
k=1

pklog(pk)

where p∗ corresponds to the probability of the interest in the candidate country. The
probabilities pk and p′k are not the same since they came from different probability
distributions.

Notice that Hπi corresponds to the entropy measure by considering the prior
distribution over all theM countries. However, Hπ?

i
corresponds to the entropy measure

by considering the posterior distribution over M − 1 countries, since the probability of
the candidate country goes to zero after going through the channel. By updating the
entropy measure of the prior distribution, Hπi can be written as follows:

Hπi = −

M−1∑
k=1

p′klog(p′k) + p∗log(p∗)


= −

M−1∑
k=1

(1− p∗)pklog[(1− p∗)pk] + p∗log(p∗)


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= −(1− p∗)
M−1∑
k=1

pklog((1− p∗)pk)− p∗log(p∗)

= −(1− p∗)
M−1∑
k=1

pk(log(pk) + log(1− p∗))− p∗log(p∗)

= (p∗ − 1)
M−1∑
k=1

(pklog(pk) + pklog(1− p∗))− p∗log(p∗)

= (p∗ − 1)

M−1∑
k=1

pklog(pk) +
M−1∑
k=1

pklog(1− p∗)

− p∗log(p∗)

= (p∗ − 1)

−Hπ?
i

+ log(1− p∗)
M−1∑
k=1

pk

− p∗log(p∗)

= (p∗ − 1)(−Hπ?
i

+ log(1− p∗))− p∗log(p∗)

= −(p∗ − 1)Hπ?
i

+ (p∗ − 1)(log(1− p∗))− p∗log(p∗)

We are interested in solving the inequality Hπi−Hπ?
i
< 0. By using the definitions

of the entropy measures Hπi and Hπ?
i
we find the relationship between the entropy

measure of the posterior distribution Hπ?
i
and the probability of the interest in the

candidate country p∗ as follows:

Hπi −Hπ?
i
< 0

= −(p∗ − 1)Hπ?
i

+ (p∗ − 1)(log(1− p∗))− p∗log(p∗)−Hπ?
i
< 0

= −p∗log(p∗)− (1− p∗)log(1− p∗) < Hπ?
i
(1 + p∗ − 1)

= −p∗log(p∗)− (1− p∗)log(1− p∗) < Hπ?
i
p∗

=
−p∗log(p∗)− (1− p∗)log(1− p∗)

p∗
< Hπ?

i

By using the entropy difference measure, we are especially interested in identifying
the threshold to consider an interest as part of the cultural identity of a country. The
entropy difference measure depends not only on the probability of the candidate country
but also depends on the distribution over the countries.

Figure 3.3 represents graphically the result found that correlates the entropy
measure of the posterior distribution Hπ?

i
and the probability of the interest in the
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Figure 3.3: Relationship between the entropy measure of the posterior distribution Hπ?
i

and the probability of the interest in the candidate country p∗. The x-axis represents
the values for the probability p∗ and the blue curve represents the correspondent value
forHπ?

i
, represented by the y-axis, following the equationHπ?

i
= −p∗log(p∗)−(1−p∗)log(1−p∗)

p∗
.

candidate country p∗. The x-axis represents the values for the probability p∗ and the
blue curve represents the correspondent value for Hπ?

i
, represented by the y-axis, given

the probability p∗. We can interpret the graph as a threshold to identify the values for
which an interest is considered part of the cultural identity of a country since points
above the curve will represent exactly them.

By considering the examples in Figure 3.1, Table 3.4 shows the interest probability
distributions for which the entropy difference measure identifies an interest as part
of the cultural identity of a country. According to the entropy difference measure,
interests 3, 6, and 8 are part of the cultural identity of the first country. For these
three interests, the first country has a high probability in comparison with the other
countries. However, for Interest 9, even the first country dominating the probability
distribution, the interest is not considered part of the cultural identity of the country.

Notice that, especially for Interest 8, it is important to guarantee that there will
not exist probability equal to zero. If we have the probability distribution concentrated
only in two countries, the entropy measure of the posterior distribution, Hπ?

i
, with only

one probably country would be equal to zero. Given the inequality, Hπi−Hπ?
i
< 0, the
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Figure 3.4: Example of identification when an interest is part of the cultural identity
of a country by varying the probability of one country, p1, and ε. We are considering a
distribution over two countries where p2 = 1− (p1 + ε). The green and the red markers
represent when the interest is or is not part of the cultural identity of one of those
countries, respectively.

entropy measure of the prior distribution should be less than zero, which is impossible
given the definition of entropy in Equation 3.14. It is important to have a probability
distribution with no probabilities equal to zero before applying the entropy difference
measure, a residual value, ε, is uniformly distributed over the countries with probability
equal to zero in order to solve the problem.

To evaluate the impact of the probability distributions on the result, a set of
distributions are created in order to identify the limits that make an interest be part
of the cultural identity of a country by looking at the interest distribution over the
countries. We are especially interested in examples such as interests 3, 5, 6, 8, and 9,
where the probability is more concentrated in one or two countries. In the experiment,
for all distributions, we vary the probability of the first country, p1, the second country,
p2, and the residual value, ε, which is uniformly distributed over the k − 2 remaining
countries. Notice that the probability of the second country is given by 1 − (p1 + ε).
In this experiment, k is equal to 10.

Figure 3.4 shows the results where the x-axis represents the probability of the
first country, p1, and the y-axis represents the residual value ε which corresponds
to the sum of the probabilities of the k − 2 countries. The green points represent
that the interest is part of the cultural identity of one of the two countries according
to the entropy difference measure. Otherwise, a red point is used to mark. Notice
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that Figure 3.4 shows exactly a threshold for which values of, p1 and ε the interest
probability distribution the entropy difference measure will be able to identify interests
that are part of the cultural identity of a country.

Inverse Simpson index:
The Simpson index [Simpson, 1949], measures the degree of concentration when in-
dividuals are classified into types. This measure represents the probability that two
entities taken at random represent the same type. However, we are particularly inter-
ested in the Inverse Simpson index, an index used to measure the Effective Number of
Parties [Laakso and Taagepera, 1979].

Conceptually, the Effective Number of Parties is simply the number of “viable”
or “important” political parties in a party system that includes parties of unequal
sizes. The number of parties usually determines the number of effective parties, or how
fragmented a party system is. Inspired by this theory, our goal is to use this measure
to have an idea of the number of “important” countries for a specific interest. The
Inverse Simpson index is computed by the formula shown in Equation 3.15.

Ni =
1∑

c? M
′′
i,c?

2 (3.15)

where M ′′
i,c?

2 corresponds to the square of each country’s proportion interested in in-
terest.

By using the Inverse Simpson index, we identify the number of countries that
are more “important” or, in other words, contribute more with the higher probabilities.
If the Inverse Simpson index for an interest probability distribution is equal to 1, we
conclude that only one country is important for that interest and then we can use
the argmax measure, defined by Equation 3.12, to identify the country. In case of an
Inverse Simpson index bigger than 1, the interest will not be consider as part of the
cultural identity of the country. Equation 3.16 summarizes this explanation.

I(i) =

argmaxc{M ′′
i,c}, Ni = 1;

∅, Ni > 1
(3.16)

We can see that for completely unbalanced distributions with a dominant
country, as for interests 6 (Figura 3.1f) and 8 (Figura 3.1h), the Inverse Simpson index
is 1. It means that the first country dominates the distribution. However, even in
unbalanced distributions with only one dominant country, like Interest 3 (Figure 3.1c),
the Inverse Simpson index is higher than one because of the small probability of the
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dominant country. It is clear that the first country dominates the distribution and,
if the first country is removed, the remaining distribution is uniform. Clearly, in a
uniform distribution, and considering our definition of identity, the interest is not
part of the cultural identity of a country. Table 3.4 shows the cases where the Inverse
Simpson index does not identify the interests as part of the cultural identity of a
country.

The measures presented in this section, especially the measure proposed, seems
to be reliable to identify interests that are part of the cultural identity of a country. In
other words, the measures are reasonable to characterize countries in terms of interests
representing cultural attributes. In the case study, presented in Chapter 5, we evaluate
the results of the measure entropy difference in order to identify the Brazilian cultural
identity in terms of typical Brazilian dishes.

As well as the methodology for measuring cultural distances, the methodology
to identify interests that are part of the cultural identity of countries is important to
the process of characterizing a country in terms of cultural aspects. The implications
of this characterization are numerous, including the effect in businesses, marketing,
migration, and diplomatic relations between countries.

In addition to the methodologies, in the next chapter, we propose the use of
online social media data to represent the audience interested in some interests for each
country. In Chapter 4 we present the Facebook Advertising Platform with examples
of how to collect the data. As an example of usage, we present the data collected
regarding typical Brazilian dishes, used in the case study in Chapter 5.





Chapter 4

Gathering Facebook Data

In chapter 3 we present our methodology to characterize the cultural identity of coun-
tries in terms of interests related to cultural attributes. We also present our method-
ology to measure the cultural distance between countries. Both methodologies include
the problem description, input description, and measures that can be applied in order
to solve the problems. In this chapter, we present our data collection strategy as a way
to enable a Case Study presented in Chapter 5 in which we use our methodology to
characterize the Brazilian cultural identity in terms of typical Brazilian dishes.

4.1 Background on Facebook Ads

With almost 2.5 billion monthly active users as of the fourth quarter of 2019, Face-
book is the most popular online social network1. In addition to the most famous
social network, Facebook is a social network with very active users. A recent sur-
vey [Smith et al., 2018] indicates that two-thirds of US adults use social networks, out
of which 42% say it would be hard to give up social media. The same report shows
that 51% of US Facebook users access their accounts several times per day.

Due to a large number of users, the advertising tools provided by Facebook and
other social networks, in general, have been widely explored by companies looking for
their target audience on social networks. One of the keys to the success of online
social network advertising platforms is the vast possibilities to reach users such as by
providing a list of personally identifiable information (name, phone number, email, etc)
or by configuring targeting options from a huge list of fine-grained attributes such as
race, income level, interests, and behaviors.

1https://www.statista.com/statistics/264810/number-of-monthly-active-\
facebook-users-worldwide/
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In this work, we are interested in characterize countries in terms of cultural iden-
tity and also measure the cultural distance between countries. In order to collect
representative data regarding cultural interests, we explore the simulation of adver-
tisements in order to collect the Facebook user’s audience regarding some interests
representing cultural aspects around the world.

4.2 Collecting Facebook Ads data

In this section, we explain how the simulation of advertisements works in order to
collect the Facebook users audience regarding some interests around the world.

The platform to create an advertisement on Facebook, namely Facebook
Ads, allows users to compute an estimated audience size for a proposed advertise-
ment [Kosinski et al., 2015]. This audience can be defined by demographic attributes
provided by Facebook, including gender, age, home location, and interests, which can
be informed by the user or inferred by Facebook based on user’s likes or status updates.
On Facebook “pages” and “interests” are two completely different things, but they can
be associated. There are millions of Facebook pages, but not all of these are associated
with an interest that can be targeted with ads.

Basically, Facebook users generate traces of their preferences over multiple do-
mains such as music, food, and, sports [Dubois et al., 2018]. In this thesis, the Case
Study presented in Chapter 5 focuses on typical Brazilian dishes as a marker of cultural
distance between countries.

As an example of attribute targeting, one may select users who live in a city
(e.g. Belo Horizonte) or country (e.g. Brazil) that are interested in one typical dish
(e.g. Feijoada, Coxinha). In this example of usage, the owner of a restaurant might
be interested in selling Coxinha at the restaurant and spread the news by showing ads
to Facebook users who are interested in this kind of food and live in a particular city.
Basically, the main usage of these tools is to advertise a product or service by selecting
the target audience. However, an important application can simulate an advertisement
to know the audience of an specific interest before investing in that field, for example.

Figure 4.1 depicts some examples of a target audience that may be constructed
using some of the attributes provided by the Facebook Advertising Platform. At first,
we defined the location as Brazil (see figure 4.1a). The potential target for this par-
ticular combination of attributes is shown by Facebook before running the ad, in this
case, 140.000.000 users. This number represents the maximum number of users an ad
with this target options might reach. The actual number of users the ad will reach
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(a) Targeting Facebook users who lives in
Brazil

(b) Targeting Facebook users interested in
Coxinha who lives in Brazil

Figure 4.1: Facebook Ads Platform.

after its publication is not necessarily that potential target, but rather depends on how
much money the advertiser decides to pay.

Notice that on the top of the location selection, we can also choose the range of
the age we would like to consider and the gender. To collect the audience considering
the whole population in Brazil, we select both gender and the minimum and maximum
limit of age between 13 and 65 or more. Next, as shown in figure 4.1b we define our
target as all Facebook users living in Brazil who are interested in Coxinha, a typical
dish in Brazil. The audience for this targeting specification is 4.200.000 (3% of the
Facebook users living in Brazil).

By considering the case study presented the Facebook Ads API2 available for
Python3 is used to collect the audience of typical Brazilian dishes on Facebook based
on their users’ registered preferences. This tool serves our purposes well because of
this the audience can also be collected within a given country, as most users have their
home location registered in the system. In Chapter 5, Figure 5.1 shows the proportion
of Facebook users living in a country in comparison with the real population.

As an example, Table 4.1 shows the audience for some typical Brazilian dishes

2https://developers.facebook.com/docs/marketing-apis/
3https://pypi.org/project/facebookads/

https://developers.facebook.com/docs/marketing-apis/
https://pypi.org/project/facebookads/
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Interest audience
Açaí 16168360

Coxinha 6305820
Mandioca 14658390

Misto-quente 631070
Pão de queijo 441630
Rabanada 2784250
Requeijão 215680
Tapioca 5910930
Torresmo 2758570
Sobá 1518770
Vagem 5047300

Chouriço 8945210
Churrasco 350213590
Cuscuz 4598380
Feijoada 3900700
Arroz 142233190
Feijão 6285700

Estrogonofe 1090980
Cachaça 5413560
Caipirinha 3532140

Table 4.1: Facebook audience for some typical Brazilian dishes.

by considering the Facebook user’s preferences around the world. The data collected
will be better described in the case study presented in Chapter 5.

Although the large amount of data available in the Facebook Advertising Plat-
form, it is important to disclose the API limitations as well as the steps taken to
preserve the privacy of users. In the next section, we present some API limitations and
discuss the privacy of Facebook user’s data.

4.3 Privacy and Limitations

First of all, it is important to point out that, despite the several privacy issues that
surround the online social network advertising platform, our methodology does not
represent a threat to users’ privacy. One may argue that our methodology may lead to
the leakage of personal information about users, however, our work uses only aggregate
information. It is only a number that represents the quantity of users that match
each particular set of attributes. In addition to this, there is no need to run any
ad in our approach, meaning that all gathered data is returned before any cost is
incurred. Therefore, we do not collect any personally identifiable information. Among
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the millions of requests we performed to the Marketing API, none of them were able
to gather and link any personal information to any particular user.

If the audience size is between 0 (zero) and 1000 (one thousand), the Facebook
Ads API will return the default value of 1000. Because of this restriction, the collection
considering specific interests inside a small population may not give information about
the exact number of Facebook users that match the criteria specified. Therefore, the
comparison in terms of interest in typical Brazilian dishes between Brazilian expats and
the rest of the population, especially in countries with a small audience on Facebook, is
not reliable. Thus, for all cases the API returned the default value, we set the audience
to 0.

Though the Facebook Advertising Platform can be explored to infer demographics
from the offline world, the mechanisms behind the tool are not publicly known, which is
a limitation of our method. As a black box, make it difficult for the researchers to check
if and to what extent the data is reliable. Furthermore, the population of Facebook is
known to be biased towards gender, age, and other aspects as previously discussed by
some authors [Araujo et al., 2017]. Therefore, it is important that conducted studies
relying on this methodology validate their data. On the other hand, these issues
open new research avenues on the statistics and demographics that might apply their
artifacts to deal with noise and imperfect data in order to improve the confidence of
the data.

The lack of control in the attributes set is another limitation of this research.
As stated before, missing attributes may occur because Facebook has no interest in
creating or keeping it. This situation may produce some inconsistencies in the final
dataset, since a very popular entity, such as a largely known newspaper may have
no interest related to it, whereas a low popular media outlet has a related attribute.
Furthermore, some attributes are summarily discontinued without explanation or
previous warning, which means that studies aiming to explore the evolution of
demographic audiences for certain entities or studies that evaluate the audience of ads
run in the past may eventually face a lack of data.

Despite the limitations, all previous works, described in Section 2.3 provide ev-
idence that Facebook Ads data can indeed be used as a source of information. In
the next chapter, by using Facebook Ads data, we present the case study of how our
methodology can be used to identify cultural aspects of the Brazilian cultural identity
and how to measure the cultural distance of other countries to Brazil.





Chapter 5

The Case of Brazilian Cuisine

In this chapter, typical Brazilian dishes are used as a proxy of the Brazilian cultural
identity by applying the methodology described in Section 3.4. From this, we also
measure the cultural distance, as presented in Section 3.3, between Brazil and the
countries with more Brazilian immigrants. To make these analyses feasible, we use the
data collected from the Facebook Advertising Platform as described in Chapter 4.

The rest of this chapter is organized as follows. First, we describe the data
collected. Then, we apply the methodology to measure the cultural distance, including
the normalization process. Next, we detail the methodology to infer the Brazilian
cultural identity. Finally, we discuss our findings regarding the results obtained by the
methodologies.

5.1 Data description

Since there is a great variety of typical local food in Brazil, we selected a set of the 20
most popular Brazilian dishes according to BBC Good Food1 and the list of Brazilian
dishes available on Wikipedia2. Due to the fact that our main goal is to compare various
countries with Brazil in terms of cultural distance, for this comparison we selected a set
containing the 29 countries most preferred by Brazilian immigrants according to the
Ministry of Foreign Affairs, Itamaraty3. All the subsequent analyses focus on these sets
of typical Brazilian dishes and countries and the data collected following the description
given in Chapter 4.

1https://www.bbcgoodfood.com/howto/guide/top-10-foods-try-brazil
2https://en.wikipedia.org/wiki/List_of_Brazilian_dishes
3http://www.brasileirosnomundo.itamaraty.gov.br/a-comunidade/

estimativas-populacionais-das-comunidades/Estimativas%20RCN%202015%20-%
20Atualizado.pdf
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Figure 5.1 shows the number of users in each location as well as the actual pop-
ulation of the countries. Some countries, like China, will evidently not provide a good
estimate for the actual population, given that the number of Chinese users on Facebook
is under 0.1% of the real population. Nevertheless, in other countries more than 50%
of the real population is part of the Facebook audience.

Figure 5.1: Real population and Facebook audience in each country (log scale).

As discussed in Section 3.2, Figure 5.1 also shows that the size of the audience in
each country can vary a great deal across countries. Thus, to make a fair comparison
between interests in these countries, we need to normalize the audience in each inter-
est by the estimated Facebook population in each country by using the Equation 3.1
presented in Chapter 3. After normalizing the data, we are able to apply the method-
ologies to measure the cultural distance and to characterize the country in terms of
interests related to cultural attributes, as described in the next sections.

5.2 Brazilian cultural distance

As a first step to calculate the cultural distance between countries, the countries should
be represented by a vector. Figure 5.2a shows the matrix containing the normalized
audience interested in Brazilian dishes for all countries. In this case, note that in all the
selected countries, the highest interest is for “Churrasco” (“Barbecue”) and, in second,
“Arroz” (“Rice”). If we consider each column as a vector representing the country
interests, these unbalanced distributions bias the distance measurement between two
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countries by these two most popular dishes. In order to give the same importance for
all dishes, we normalize and smooth these distributions by their z-scores. We apply
the Equation 3.2 shown in Chapter 3 for calculating the z-scores.

Figure 5.2b shows the heatmap after z-score normalization. As expected, we
observe that the distribution is diverse and does not seem to exhibit a few dominant
interests in all the countries.

The z-score normalization allows each country to be represented by a vector of
preferences regarding typical Brazilian dishes. The aim is to compare those individual
vectors with the benchmark Brazilian vector. The most similar countries to Brazil
will exhibit small distances. After we generate a set of measures for each country,
given by the distance between the country interest vectors and the Brazilian vector,
we rank the countries according to the cultural proximity with Brazil. The ranking
generated considering the cultural distance can be compared with other types of rank-
ings that attempt to measure the similarity between countries, for instance, the ranking
constructed with the most preferred countries by Brazilian immigrants, or Brazilian ex-
pats in each country according to Facebook, and rankings that express the geographic
distance between countries. The rankings that will be used for this comparison are
described next.

5.2.1 Baseline data

The ranking considering the cultural distance to Brazil can be constructed using dif-
ferent distance metrics of distance, and in this work we use: Euclidean, Cosine, Mean
Absolute error, Relative error and Earth mover’s distance. For each metric, a ranking
is generated and compared with the baselines below

Immigrant ranking : Figure 5.3a shows the ranking of the countries that have
more Brazilian immigrants in proportion to their real populations.

Expat (Facebook) ranking : Figure 5.3b shows the same countries presented
in Immigrant ranking sorted by the countries that have more Brazilian expats in pro-
portion to their audience according to Facebook Ads. We can see that both rankings,
Immigrant and Expat (Facebook) are well correlated, while Facebook Ads seems to
represent the proportion of Brazilians in those countries well.

Geographic distance ranking : The geographic distance can be expressed
in terms of the simple geographic distance or in terms of the weighted dis-
tance [Mayer and Zignago, 2011]. The Geographic distance ranking is sorted by the
countries that are most close to Brazil in terms of a simple geographic distance cal-
culated following the great circle formula, which uses latitudes and longitudes of the
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(a) Before z-score normalization.

(b) After z-score normalization.

Figure 5.2: Proportion of interest in each country. All the interests are normalized by
the audience in each country.
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(a) Immigrant ranking : Proportion of
Brazilian immigrants in real population.

(b) Expat (Facebook) ranking : Proportion
of Brazilian expats in Facebook audience.

(c) Geographic distance ranking : Distance
to Brazil.

(d) Geographic weighted distance ranking :
Weighted distance to Brazil.

Figure 5.3: Immigrant, Expat (Facebook) rankings, Geographic and Geographic weighted
distance ranking.

most important city in terms of population. Geographic weighted distance ranking also
shows the countries that are most close to Brazil, considering the distance between the
main agglomerations of all countries [Head and Mayer, 2002]. Since these two rankings
are strongly correlated (0.96), Figure 5.3d shows only the Geographic weighted distance
ranking.

Given the baseline rankings, we want to compare and measure the correlation
between them and in comparison with the rankings created by the cultural distance
between other countries to Brazil. In the next section we present the ranking correla-
tions by applying the metrics described in Section 3.3.4.
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5.2.2 Comparison between rankings

Given the rankings created by the cultural distance measure and the baseline rankings
presented in Section 5.2.1, Table 5.1 shows correlations and p-values between the Im-
migrant ranking, Expat (Facebook) ranking and the rankings generated with different
measures of distance. Also, the correlations between all of them and the Geographic
weighted distance ranking are shown in Table 5.2. The metrics applied to calculate the
correlations are: (i) WT: Weighted tau correlation; (ii) KT: Kendall tau correlation;
(iii) S: Spearmanr correlation and (iv) J: Jaccard similarity considering the top 10 in
each ranking.

Rankings WT(i) KT(ii) S(iii) J(iv)

Euclidean distance 0.2403 0.33 (0.01) 0.3818 (0.04) 0.3333
Cosine distance 0.3931 -0.0739 (0.57) -0.0995 (0.61) 0.25

Mean Absolute Error 0.3396 0.0788 (0.55) 0.1197 (0.54) 0.1765
Relative Error 0.0099 0.0542 (0.68) 0.103 (0.60) 0.25

Eart Mover’s distance 0.1072 0.1823 (0.17) 0.2596 (0.17) 0.25
Expat (Facebook) ranking 0.716 0.0296 (0.82) 0.0655 (0.74) 0.5385

Geographic distance ranking 0.452 -0.0296 (0.82) -0.0443 (0.82) 0.3333
Geographic W. distance ranking 0.4675 0.0246 (0.85) 0.0128 (0.95) 0.3333

Table 5.1: Comparison with the Immigrant ranking.

Rankings WT(i) KT(ii) S(iii) J(iv)

Euclidean distance 0.1896 0.2611 (0.05) 0.3586 (0.06) 0.5385
Cosine distance 0.1833 0.1133 (0.39) 0.2015 (0.29) 0.1765

Mean Absolute Error 0.2181 -0.1675 (0.20) -0.2517 (0.19) 0.25
Relative Error -0.3877 0.0246 (0.85) 0.0236 (0.90) 0.25

Eart Mover’s distance -0.2908 0.0148 (0.91) -0.001 (1.00) 0.1111
Expat (Facebook) ranking 0.4563 -0.0099 (0.94) 0.0172 (0.93) 0.4286

Geographic distance ranking 0.9678 0.6601 (0.00) 0.8108 (0.00) 1.0
Immigrant ranking 0.535 0.0246 (0.85) 0.0128 (0.95) 0.3333

Table 5.2: Comparison with the Geographic weighted distance ranking.

In addition to comparing the rankings, we are also interested in giving more
importance to the first few countries because of their representation in terms of the
fraction of Brazilian immigrants in the real population and in the Facebook audience.
Hence, we decided to consider the measure of correlation that allots more weight to
the top elements in the rank. The weight is mapped from non-negative integers (zero
representing the most important element, the first in the Immigrant ranking) to a non-
negative weight, given by a hyperbolic weighing. The hyperbolic weighting maps the
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position of each element in rank r to a weight 1
r+1

. Because of this, the first element
(r = 0) has a weight equal to 1, the second, 1

2
, and so on.

As shown in Table 5.1, considering the Weighted tau correlation, Cosine dis-
tance is the distance metric that generates the Cultural distance ranking that better
approximates to the Immigrant ranking (almost 0.4 correlated). Figure 5.4 shows the
comparison between them. Considering Kendall tau and Spearmanr, the cor-
relation between Euclidean distance ranking and Immigrant ranking is higher when
compared to other distances.

The Cosine distance ranking has a negative correlation when we consider
Kendall tau and Spearmanr. This happens because the last countries in Im-
migrant ranking are associated with a non-matching position in the Cosine ranking
list. But when the weights associated to all of the countries are listed in the decreas-
ing order of importance in the Immigrant ranking, the mismatches that occur in those
positions do not substantially impact the correlation.

The correlation between the Immigrant ranking and the Expat (Facebook) ranking,
considering the Weighted tau, is more than 0.70. This high correlation shows that
Facebook data can be a good estimator of Brazilian immigrants around the world. Also,
the correlation between the Immigrant ranking and the Geographic distance ranking
shows that migration is less correlated with the geographic distance, a correlation of
0.45. In fact, it is well known that there are other decisive factors that justify the
migration, not only the proximity in terms of geographic distance [Faist, 2000].

Figure 5.4 shows exactly the correlation between migration and cultural distance.
The Immigrant ranking corresponds to the percentage of Brazilian immigrants in some
countries and the cultural distance is given by the cosine distance between countries
to Brazil. The distance is calculated between vectors generated for each country con-
sidering the percentage of Facebook users who are interested in some typical Brazilian
food. The most similar countries to Brazil are at the top of the second list in Figure
5.4. This figure should be interpreted as a comparison between rankings where the top
10 countries in the Immigrant ranking are shown in colors.

Comparing the Immigrant ranking and the Cosine distance ranking, shown in
Figure 5.4, we see that despite the large proportion of Brazilian immigrants in countries
like Switzerland (6th in Immigrant ranking), they seem not to be strongly attached to
the Brazilian culture. The opposite is observed in countries like Portugal and Paraguay,
that are most preferred by Brazilian immigrants and are most similar in terms of
Brazilian food preferences to Brazil. Portugal is the country most similar to Brazil
in terms of the preferences for the typical Brazilian dishes. This similarity cannot
be related to the geographic distance since Portugal is not close to Brazil, but the
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Figure 5.4: Comparison between Immigrant and Cosine distance rankings.
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proportion of immigrants in Portugal is one of the highest according to the Immigrant
Ranking. The language and the general cultural similarity [Kogut and Singh, 1988]
shared between the former colony of Portugal, Brazil, explain in part the pull factors of
migration to Portugal. Considering the United States, the country with more Brazilian
immigrants in terms of absolute value, the position in the Immigrant ranking and in
the Cosine distance ranking remains the same, so the similarity in terms of Brazilian
food preferences are well correlated with the number of Brazilian immigrants in the
population. Other countries, like Paraguay and Bolivia, seem to be more similar to
Brazil in terms of food interests because of geographic proximity. In general, most of
the countries like Argentina, Venezuela, Colombia, and Chile, that are geographically
closer to Brazil are at a higher position relative to the cultural distance ranking, as
compared to their Immigrant ranking. In this case, this result shows that the interests
can be justified not only by the migration processes but also by geographic proximity,
given that the local population seems to be interested in several typical dishes from
the neighboring countries. However, generally, the migration process is one of the most
crucial factors that expose distant countries (from Brazil) to Brazilian cuisine.

In general, the methodology proposed to measure the cultural distance, gener-
ates good results when applied to the case study of Brazilian cuisine. In addition to
the methodology proposed to measure the cultural distance, in the next section, the
methodology presented in Section 3.4 is applied to this case study in order to charac-
terize Brazil in terms of its cultural identity.

5.3 Brazilian cultural identity

In the previous section, Figure 5.2b shows the proportion of Facebook users interested
in some typical Brazilian dishes after the z-score normalization. In general, for most of
the interests, Brazil is above average. “Chouriço”, “Arroz” (“Rice”, in English), “Sobá”
and “Cuscuz” are the only interests below average, indicating that these interests may
be more popular in other countries. If we consider that typical Brazilian foods are
those in which the interest z-scores in Brazil are the highest among other countries,
then 9 dishes meet this criterion: “Açaí”, “Coxinha”, “Pão de Queijo”, “Requeijão”,
“Tapioca”, “Feijoada”, “Estrogonofe”, “Cachaça” and “Caipirinha”. Notice that, in this
case, by selecting the interests which Brazil has the highest value is the same to select
the interests which the argmax measure, defined by Equation 3.12, is Brazil. In this
section, this approach will be compared to an information theoretic approach, presented
in Section 3.4, which considers entropy analyses to identify the interests that are part
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(a) Interest entropy. (b) Interest entropy considering Brazil.

(c) Comparison between (a) and (b) nor-
malized by the maximum entropy value.

(d) Entropy difference.

Figure 5.5: Comparison between the measure of interest entropy and entropy difference.

of the cultural identity of a specific country.

To understand the distribution of typical Brazilian interests around the world, we
can consider the z-score normalization matrix and also make use of the methodology
described in Section 3.4. The methodology, entropy difference, is applied to evaluate
the distribution of interests regarding typical Brazilian dishes over countries to identify
the interests that are part of the cultural identity of Brazil.

The entropy difference expresses changes related to the uncertainty of which coun-
try is the dish associated with. Notice that in this case study, Brazil is the candidate
country. Because of this, when we consider Brazil in the prior probability distribution,
the entropy is lower than the entropy of the posterior distribution, with the Brazilian
probability equals to zero, if the interest is significantly more popular in Brazil than
in other countries. Figure 5.5a and Figure 5.5b show, respectively, the value for the
interest entropy measure for the posterior and prior distributions and Figure 5.5c shows
the comparison between them. The results regarding the entropy difference measure
are presented in Figure 5.5d. Notice that the seven interests identified as part of the
Brazilian cultural identity are: “Açaí”, “Coxinha”, “Tapioca”, “Feijoada”, “Estrogonofe”,
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Figure 5.6: Relation between the entropy measure of the posterior distribution Hπ?
i

and the probability of the interest in Brazil p∗.

“Cachaça” and “Caipirinha”.

Figure 5.6 shows the same entropy difference curve in blue, shown in Figure 3.3.
However, each point in orange corresponds to the interests which represent typical
Brazilian dishes. The points above the curve correspond to interests with negative
entropy differences. The red horizontal lines represent, respectively, the maximum and
50% of the maximum entropy of a vector with 29 positions. Notice that the probability
distribution vector of the posterior distribution contains 29 positions corresponding to
the 30 countries selected, except Brazil which probability goes to zero in the posterior
probability distribution.

Finally, we compare the typical Brazilian interests according to these approaches
with the 6 typical Brazilian dishes listed by BBC Good Food. Considering the argmax
of the z-score normalization matrix and the interest entropy difference for each interest,
we identify 5 and 4 common interests, respectively. The other 2 dishes from BBC Good
Food that are not considered by our metrics as typical from Brazil, “Churrasco” and
“Pão de Queijo”, seems to be popular in other countries as shown by the metric interest
focus in Figure 5.7. We see that “Churrasco” has a uniform distribution over the
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Figure 5.7: Interest focus.

countries, and in fact, it is not only popular in Brazil. Analyzing “Pão de Queijo”,
Facebook users from both Brazil and Portugal demonstrate a significant interest in
this food. Because of this, the uncertainty increases when we do consider Brazil. This
result shows that the interest entropy difference does not depend only on the highest
z-score but also considers the whole interest focus distribution.

By using the entropy difference methodology, we create the vectors for each coun-
try, by considering now only the interests that are part of the Brazilian cultural identity.
Table 5.3 shows correlations between the Immigrant ranking, Expat (Facebook) rank-
ing and the rankings generated with different measures of distance considering only
those 7 interests, and table 5.4 shows the correlation between all of them and the Ge-
ographic weighted distance ranking. When we compare those rankings considering the
Weighted tau correlation, Cosine distance ranking has a 0.40 correlation with the
Immigrant ranking. Notice that while our methodology allows us to reduce the size
of the vectors from 20 to 7 dishes, the correlations between the rankings are kept the
same.

As well as the methodology presented to measure the cultural distance, the
methodology proposed to identify the interests that are part of the cultural identity of
a specific country generates good results when applied to the case study of Brazilian
cuisine. The results show that the entropy difference measure can be applied not only
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Rankings WT(i) KT(ii) S(iii) J(iv)

Euclidean distance 0.3786 0.0493 (0.71) 0.0562 (0.77) 0.3333
Cosine distance 0.3897 -0.0985 (0.45) -0.1374 (0.48) 0.3333

Mean Absolute Error 0.3881 -0.0837 (0.52) -0.1453 (0.45) 0.4286
Relative Error 0.3861 0.0542 (0.68) 0.0596 (0.76) 0.3333

Earth Mover’s distance 0.3881 -0.0837 (0.52) -0.1453 (0.45) 0.4286

Table 5.3: Comparison with the Immigrant ranking. Considering only the 7 interests
typical from Brazil according to entropy difference.

Rankings WT(i) KT(ii) S(iii) J(iv)

Euclidean distance 0.1998 0.1872 (0.15) 0.266 (0.16) 0.3333
Cosine distance 0.1688 -0.0394 (0.76) -0.03 (0.88) 0.3333

Mean Absolute Error 0.1755 -0.0049 (0.97) -0.0074 (0.97) 0.3333
Relative Error 0.1763 -0.0148 (0.91) 0.003 (0.99) 0.4286

Earth Mover’s distance 0.1755 -0.0049 (0.97) -0.0074 (0.97) 0.3333

Table 5.4: Comparison with the Geographic weighted distance ranking. Considering
only the 7 interests typical from Brazil according to entropy difference.

to characterize a country but also as an alternative to reduce vector representations.
In the next section, we present a general discussion about the main findings in the case
study.

5.4 Discussion

In the literature, many measures of distance such as the geographic distance, typi-
cally included in gravity-type models of migration, were found useful to characterize
similarities between countries. The goal of this study is to explore specific cultural
attributes in order to develop a measure of distance that would most accurately char-
acterize cultural affinities between countries with regard to food preferences. By using
social media data to characterize the interests of each country enables us to represent
it in terms of its cultural composition and to compare the countries by calculating
the aforementioned types of distance between them. Such an approach complements
previous research that employs various measures of distance in order to explain inter-
national migration patterns. The methodology we developed helps one understand the
study of cultural attraction from the social media perspective. In addition, the cultural
distance between countries can also be included as one additional attribute in classic
gravity-type models of migration [Cohen et al., 2008].

The cultural distance can influence migration flows since cultural aspects can
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be a factor of attraction between populations. On the other hand, immigration can
change the culture of a country. The cultural measure we developed can be included
as one additional variable in gravity-type models to explain flows of people around the
world. This case study focuses on how Facebook data can be correlated with migration
processes and how the Brazilian culture is spread around the world.

Facebook data revealed to be a reliable proxy to study international migration. In
this paper, the correlation between the proportion of Facebook users that are Brazilian
expats living abroad and the official data about the number of Brazilian immigrants
is greater than 0.7. Also, this data can estimate interests related to a foreign culture,
in this case, the Brazilian cuisine. The ranking generated considering the similarity
between countries given by food interest is almost 0.4 correlated with the ranking gen-
erated with the official proportion of Brazilian immigrants in some countries. Our
results suggest the cultural similarity between Brazil and some countries occur due to
aspects such as geographic proximity (e.g. Paraguay, Argentina), linguistic similar-
ity (e.g. Portugal, Angola), and most importantly, the number of immigrants in the
population, which increases the spread of cultural elements from the country of origin.
Regarding the Brazilian cultural identity, the results are also optimistic. The entropy
difference measure seems to be a good measure not only to characterize a country but
also as an alternative to reduce vector representations.

Finally, the next chapter presents more generic conclusions regarding the thesis.
We also offer additional comments about the applicability of the results on Gravity-type
models for migration, discuss our findings, and future work.
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Conclusion and Future Work

In this chapter, we present a final discussion about the results and offer additional
comments about their applicability on Gravity-type models for migration among other
applications. In the first section, we also discuss our findings and draw final conclusions
and then, in the last section, we mention future work.

6.1 Conclusion

In this thesis, we presented a methodology that leverages the Facebook Advertising
Platform to infer the number of people interested in some cultural aspects. Our
methodology explores the set of attributes used to define the audience to which an
advertiser wants to deliver the advertisement. We focus on identifying the cultural
identity of countries by exploring Facebook users’ preferences through the data re-
trieved from the Facebook Advertising Platform and quantifying the cultural distance
between countries.

To characterize the cultural identity and measure the cultural distance between
countries, we develop a new methodology for exploring the data provided by online so-
cial networks on advertising platforms. To decide which interest is part of the cultural
identity of each country and therefore characterizes a country and its local population,
we made use of an approach that relies on information theory and is based on a measure
of entropy. To calculate the cultural distance between countries, the z-score normaliza-
tion is used to create a vectorized representation of countries in order to compare them
with each other. While evaluating the cultural distance between countries, we explore
several measures of distance and compare them in the context of cultural affinities.

We then used our methodology to conduct a case study where typical Brazilian
dishes are used as a proxy of how the Brazilian culture is consumed across various

55
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countries in the world. In this context, we measure the cultural distance between
Brazil and the countries most preferred by Brazilian immigrants. We also apply the
methodology to identify dishes that in fact represent the cultural identity of the country.

In this study, Facebook data revealed to be a reliable proxy to study international
migration. The correlation between the proportion of Facebook users that are Brazilian
expats living abroad and the official data about the number of Brazilian immigrants is
greater than 0.7. Also, this data can estimate interests related to a foreign culture, in
this case, Brazilian cuisine. The ranking generated considering the similarity between
countries given by food interest is almost 0.4 correlated with the ranking generated
with the official proportion of Brazilian immigrants in some countries. By selecting
only the dishes identified by our methodology as being part of the cultural identity
of Brazil, the vectorized representation of countries can be reduced. The results show
that our methodology allows us to reduce the vectors while the correlations between
the rankings are kept the same.

We should emphasize that, in spite of using the Facebook Advertising Platform
as the source of data, our methodology is not limited to the Facebook social media
platforms. The methodology may be applied to other online social network platforms,
digital advertising systems or even data regarding population preferences from other
sources. Our study forms the foundation for many research directions that can be
pursued in the future to explore cultural preferences by using representative data, easy
to collect with low cost about different populations. Given these characteristics, the
data has the potential to be explored in future works.

6.2 Future Work

As future work, we intend to expand our data collection by considering other data
sources such as Google Trends, Twitter and LinkedIn. Avoiding being restricted to one
single social media will also allow us to compare the results and identify peculiarities
across different sources. This new source of data may also help us understand the dif-
ferent public of distinct social networks and study how the differences in the audiences
impact their advertising systems.

We also intend to employ our methodology to identify cultural identity from other
countries and measure the cultural distance between them. In an optimistic scenario,
we expect that our cultural distance measure may be employed as an auxiliary attribute
in the classic gravity-type model of migration to explain the flows of people around the
world.
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The cultural distance can influence migration flows since cultural aspects can be a
factor of attraction between countries. On the other hand, immigration can change the
culture of a country. Given this relation, the methodology can be replicated to generate
results, differentiating the perspective of the Brazilian expat audience relative to the
non-Brazilian expat audience. This analysis ought to be interesting as it can provide
valuable insights on the extent to which the Brazilian immigrants are responsible for
the spread of Brazilian culture around the world.
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