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Abstract

Online advertising is the main source of revenue for social media

companies. Facebook allows advertisers to target users with certain

characteristics, such as age, gender, country of origin, education level,

or topical interest. Before an ad is launched Facebook’s advertising

platform provides an estimate of how many users match the provided

criteria. This functionality, akin to a ‘digital census’ over Facebook

users, has so far been untapped for demographic research. We show

the feasibility of estimating stocks of migrants within and across coun-

tries and discuss the potentials and limitations of the data. The lack

of much needed information about migrants, together with the rapid

global expansion of social media use and the online advertising in-

dustry, o↵er new opportunities to study migration as well as moni-

tor progress towards achieving the goals of the United Nations 2030

Agenda for Sustainable Development.
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In the context of development, demographic data are essential to monitor

the health and well-being of populations. Measures of mortality, often sum-

marized in terms of life expectancy, are key indicators of health. Measures of

fertility and educational attainment of women are related to the well-being

of a society and to gender equality. Migration rates could be an indicator of

economic vitality or of crisis.

Demographic data are important for monitoring development. Thus the

lack of appropriate sources and indicators for measuring progress towards the

achievement of targets – like the ones set by United Nations in the context

of the “2030 Agenda for Sustainable Development” – is a significant cause of

uncertainty. As part of a larger e↵ort to tackle the issue, in 2014 the United

Nations asked an independent expert advisory group to make recommenda-

tions to bring about a data revolution in sustainable development. Data

innovation, like new digital traces from a variety of technologies, is seen as a

huge opportunity to inform policy evaluation and to improve estimates and

projections.

In this article, we contribute to the development of tools and methods

that leverage new data sources for demographic research. More specifically,

we present an innovative approach to estimate stocks of migrants using a pre-

viously untapped data source: Facebook’s advertising platform. This freely

available source allows advertisers (and researchers alike) to query informa-

tion about socio-demographic characteristics of Facebook users, aggregated

at various levels of geographic granularity. Overall, This article has three
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main goals: 1) to present a new data source that is relevant for demogra-

phers; 2) to discuss how demographers can avoid some of the problems related

to the analysis of non-representative Web and social media data; 3) to lay

out the foundations on which demographers and data scientists can build in

the future.

The focus of the paper is on migration, but the general approach that we

present could be applied also to demographic indicators related to fertility,

health and mortality. Some of the broader issues that we address, like the

need for small-area, timely and disaggregated indicators, are key for other

disciplines as well. In economics, for instance, quantities like the Gross Do-

mestic Product (GDP) are determined with a lag, and final estimates are

produced only after a series of revisions. The need for timely estimates has

led to the development of an area of research often referred to as ‘nowcasting’,

or prediction of the present. (Giannone et al., 2008) The rapid expansion of

digital traces, such as those that are byproducts of Web search engine queries,

have resulted in the development of new approaches for nowcasting (Ginsberg

et al., 2009; Choi and Varian, 2012). They also stimulated a reflection about

the problem of relying solely on non-representative sources, when in fact the

combination of traditional and new data, within a unified framework, would

yield improved estimates and predictions. (Lazer et al., 2014).

In the context of migration studies, the lack of timely data about mi-

grants limits our ability to address societal challenges. (Willekens et al.,

2016) Improving migration statistics requires timely data, at di↵erent levels
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of geographic granularity. These statistics would be important for assessing

the impact of policy interventions. For example, the e↵ect of policies on

migration and the impact of migrant flows on policies can be estimated by

leveraging ‘natural experiments’ when appropriate data are available. Data

sets about global migration are important to improve migration theories, to

reduce our uncertainty about the present state of migration in the world, and

to improve forecasts and population projections.

New statistical approaches to analyze Census data (Abel and Sander,

2014) as well as new methods that leverage innovative Web data sources,

like geo-located e-mail logins (Zagheni and Weber, 2012; State et al., 2013),

Twitter tweets (Zagheni et al., 2014; Hawelka et al., 2014) and Linkedin

profiles (State et al., 2014) have expanded our ability to estimate migration

rates and migration flows. The literature in this area has demonstrated the

feasibility of using digital breadcrumbs to study migrations, and has provided

an assessment of the relative importance of selection bias in determining the

overall uncertainty about the estimates.

Although Facebook is the largest social media platform, and a natural

choice for the study of migrations, very little work has been done with Face-

book data. The main bottleneck has been data access. The existing work

in this area is limited to projects carried out by data scientists working at

Facebook, and the results are often disseminated via blog posts.1

This article is organized as follows. First, we describe the Facebook’s

Advertising Platform. Second, we present a proof of concept related to esti-
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mating stocks of migrants using Facebook data. Third, we evaluate biases in

the data and show how accounting for these biases leads to better estimates

and predictions. Finally, we discuss the challenges and opportunities ahead

in this area of research.

Facebook’s Advertising Platform

Facebook’s main stream of revenue is online advertising. In an e↵ort to at-

tract advertisers and to improve their return-on-investment, Facebook has

developed a targeted advertising platform, called Adverts Manager, that al-

lows advertisers to give detailed specifications on the type of users to whom

their ad should be shown 2. The dimensions that can be targeted include

both information explicitly reported by Facebook users, such as their age or

gender, as well as information automatically inferred from their interaction

on Facebook and a�liate websites, such as their interests. As an illustrative

example, Facebook supports showing ads exclusively to Italian expats, aged

18 and over, living in the state of Washington. Before actually launching an

ad, which then incurs a cost to the advertiser, Facebook provides an esti-

mate of the selected audience size. In the example above, Facebook reports

a “potential reach” of 3,800 users.3 This reach estimate refers to the num-

ber of monthly active users on Facebook that match the described criteria4.

For our analysis we obtain these reach estimates in a programmatic way via

Facebook’s Marketing API5. As we did not proceed to actually launch an
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ad, these data were collected free of charge. We believe that it is important

for the demographic community to become aware of this untapped and rich

data source that can be leveraged to improve our understanding of population

processes in the US as well as in the developing world.

Previous research related to migration has used Facebook Adverts Man-

ager to reach migrants that might not otherwise be included in traditional

surveys. More specifically, hard to reach Polish migrants in European coun-

tries were sent a Facebook online advertisement that would invite them to

participate in a survey. (Pötzschke and Braun, 2016)

Facebook Adverts Manager o↵ers unparalleled opportunities for social

sciences, survey research and policy analysis. In this article we focus on the

potential for extracting, in a programmatic way and free of charge, demo-

graphic characteristics of Facebook users, where Facebook can be thought of

as a large census of more than 1.9 billion monthly active users. We believe

that combining Facebook data with traditional sources, in order to address

issues related to selection bias, is going to generate relevant and new demo-

graphic knowledge.

Evaluating migration stocks: A proof of con-

cept

For our analysis, we make use of the category “Expats (*)” that Facebook

provides. As an example, for the category “Expats (Mexico)” Facebook
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gives an estimate of 8.4 million monthly active users aged 18+ who live

in the US. Facebook’s Marketing API currently supports 52 countries or

territories of origin when targeting expats of a particular origin, such as

‘Expats (Mexico)’.6 Additionally, one can target ‘Expats (All)’ which also

includes users of other countries of origin. In May 2017, Facebook Adverts

Manager reports a total of 202 million “expats” 18 years old or older on

Facebook, on a global scale. This value is in a range consistent with the

United Nations estimate of worldwide foreign-born migrants (244 million

people in 2015). Counts of expats in Facebook can be disaggregated at

di↵erent levels of granularity, including states, cities and metropolitan areas,

for the place of residence.

Facebook does not provide a very detailed definition of ‘expats’. In the

Adverts Manager’s documentation expats are defined as “people whose orig-

inal country of residence is di↵erent from the current country”. Despite the

lack of documentation, we can infer, based on the literature produced by

researchers who work internally at Facebook (Herdağdelen et al., 2016), that

there are two factors that play a key role in the estimation of expats at

Facebook. The first one is the self-reported “current city” and “hometown”

in the list of “places you have lived” that people fill in for their Facebook

profile. The second one is the network structure of friendships (e.g., having

at least two Facebook friends in the home country and two Facebook friends

in the destination country). Herdağdelen et al. (2016), working internally

at Facebook, generated estimates of migrants based on the set of variables
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that we just described. In their publication they provided the ranking of

the top 11 immigrant communities in the US on Facebook, according to

their country of origin (Mexico, India, Philippines, Puerto Rico, El Salvador,

Dominican Republic, Guatemala, Canada, Honduras, Cuba and Colombia).

This ranking is almost exactly identical to the one provided by Facebook

Adverts Manager. The only di↵erence is that, based on Adverts Manager,

Vietnam replaces Canada in the list of top countries of origin in the US. How-

ever, the di↵erence between the two countries is minimal (0.03% of the US

population of Facebook users is estimated to come from Vietnam, whereas

0.026% is estimated to come from Canada). Although Facebook could esti-

mate “expats” in many di↵erent ways, including very complex algorithms,

we are confident that ‘hometown’, ‘current city’ and the network structure

of Facebook friendships are among the key components of their estimation

process.

Here we report two illustrative examples that serve as proof of concept for

the use of the Facebook data set for demographic research and, in particular,

for the study of migrations. Figure 1 shows the relationship between Face-

book estimates of fraction of expats in US states (among Facebook users, by

country of origin, as of 2016) and the fraction of foreign born people from the

latest available data from the American Community Survey (ACS, 2014).7

The dashed line is a 45 degree line. The figure shows that Facebook’s es-

timates are highly correlated with the ones from the ACS. For example, a

basic linear model fits the data extremely well: about 94% of the variability
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in the data is explained by a straight line through the observations. Similarly,

transforming the data in the log scale to address the skewed distribution of

the rates (see inset) shows that the relationship is very linear. Figure 1 also

highlights that there are systematic biases: as most data points lie above the

45-degree line, Facebook tends to underestimate migration stocks across US

states.

While the previous example was for the US context, Figure 2 expands

the scope to other countries and shows the relationship between stocks of

migrants from the Facebook data set (2016), and the respective estimates

from the World Bank. The data points are for the 96 countries where there

are at least 1 million monthly active Facebook users. There is a relatively

strong correlation between estimates of international stocks of migrants in

Facebook and the ones obtained by the World Bank. On a log scale, Face-

book data explain approximately 60% of the variability in the World Bank

estimates. Facebook can be thought of as a biased census, with biases that

di↵er across continents as well as across socio-economic strata of the society.

In the context of the analysis for Figure 1, the bias is expected to be quite

small and not so heterogeneous, since we are looking at fractions of migrants

across states of the same destination country, the US. In other words, we

might expect that, say, Mexicans in the US who use Facebook are not nec-

essarily representative of the underlying population of Mexicans in the US.

However, we would not expect that the level of bias for Mexicans who live in

Texas and use Facebook is substantially di↵erent from the one of Mexicans
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who use Facebook and live in, say, California. It is important to notice that

the bias is also relatively small when we compare immigration rates across

countries, as shown in Figure 2. This indicates that, despite measurement

issues and selection bias, it is potentially feasible to derive robust estimates

of demographic indicators from tabulations of Facebook users.

Understanding the bias in the data

In order to improve our understanding of the direction and size of the biases

in our data set, we disaggregated our estimates by age and sex. Figure 3

shows profiles of stocks of migrants by age and sex for Mexicans in California

and in Texas, two of the states with the largest populations of Mexicans in

the US. The plots compare estimates from the American Community Survey

with those obtained from Facebook Adverts Manager.

We observe that for men and women, and for both states, the pattern

of the bias across age groups is very similar. Assuming that the American

Community Survey provides an unbiased picture of the stocks of migrants,

we notice that Facebook data closely match, or slightly overestimate, stocks

of migrants for young age groups (people in the early 20s or younger). For

older age groups, Facebook data consistently underestimate the fraction of

migrants. The underestimation problem could be related to a number of

reasons. Facebook users are not representative of the underlying popula-

tion of Mexicans. Users in di↵erent age groups may be selected for di↵erent
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characteristics. Also, older Mexicans may spend less time on Facebook than

younger people or may report less information about their home country.

Therefore it may be harder for Facebook to estimate that their country of

origin is Mexico. In addition there are measurement issues: Facebook’s def-

inition of expats is not necessarily equivalent to foreign-born; people may

misreport their hometown, and the data from the American Community

Survey is not exactly for the same time period as the one from Facebook.

There may be many reasons behind the discrepancy between data from the

American Community Survey and data from Facebook. However, for our

purposes it is important to note that, regardless of the factors that generate

the discrepancy, there are similarities in the patterns across states. These

patterns can be leveraged to borrow strength in the production of estimates

across states. In other words evaluating the pattern of bias for Mexicans in

California is useful to improve predictions of Mexicans in Texas.

It is also important to note that there may be factors related to bias and

measurement error that are specific to the country of origin. For example,

Figure 4 shows profiles of stocks of migrants by age and sex for Filipinos and

Filipinas in California and Texas. We observe that the pattern of bias for

Filipinas is qualitatively similar to the one of Mexican women, with estimates

from Facebook closely matching the ones from ACS for young age groups,

and underestimating at older ages. However, for Filipinos we observe that

Facebook data overestimate migration at older ages. The trend is consistent

across the two US states, indicating that there may be some factors specific
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to migrants from the Philippines.

In order to evaluate the bias in the data in a more systematic way, we

estimated the parameters of the following linear regression model:

log(ACS foreign born popz
ij) = �0 + �1log(Facebook expatszij)+

+ �21(Origin 1) + · · ·+ �301(Origin 29)+

+ �311(Age group 1) + · · ·+ �381(Age group 8)+

+ ✏

z
ij

(1)

where (ACS foreign born popz
ij) is the number of people in the age-sex

group z born in country i and living in US state j. (Facebook expatszij) is the

number of expats in the age-sex group z from country i who live in US state

j. 1(Origin 1) is an indicator variable for country of origin 1. 1(Age group 1)

is an indicator variable for age group 1. In this model, each country of origin

has its own coe�cient, which serves as a ‘level’ parameter. Each age group

also has its own coe�cient that serves as a ‘shape’ parameter.

Table 1 shows the results for the regression model described in equation 1.

In addition to each country of origin having its own parameter, we observe

that young age groups have negative coe�cients, whereas older age groups

have positive coe�cients. This indicates that, on average, Facebook data

overestimate migration stocks for younger age groups and underestimate the

stocks for older age groups.
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Understanding bias can be used for predictive purposes. For example,

consider the situation in which we would like to estimate the number of

foreign born people from country i living in US state j. We can consider a

regression model where aggregate estimates of foreign born people from the

ACS are regressed against aggregate estimates of Facebook expats, without

accounting for biases that may vary by age and country of origin (we refer

to this model as the naive model). Alternatively, we can use the model

described in equation 1 (we refer to this model as the age-origin model).

In order to test the predictive capacity of the two models we split our

sample in two, a training set and a test set. The training set includes data

for 40 randomly selected US states (80% of the 50 states in the US). The

model parameters are estimated using the training data set. Then we make

predictions about the quantity of interest, the total number of people born

in country i and living in US state j, for the states in the test data set.

We measure the predictive capacity of the models by calculating the Mean

Absolute Percentage Error (MAPE) for the out of sample prediction on the

test data set. We record the average MAPE from 50 di↵erent trials in which

each time a new training set (of 40 states) and a the respective test set (with

the remaining 10 states) are generated.

We obtained that, on average, the MAPE for the naive model is equal to

56%. The MAPE for age-origin model is significantly lower, equal to 37%.

This suggests that, by disaggregating by age and country of origin, we can

learn about patterns of bias and borrow strength across states. This helps
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us improve the predictive capacity of our models. The result indicates that,

although a number of sources of bias exist, there are also systematic patterns

in the bias that can be estimated and leveraged.

The Road Ahead: Challenges and Opportuni-

ties

As Internet penetration rates in the poorest countries of the world are likely

to increase at a faster rate than the development of mature registration sys-

tems, developing statistical tools that combine traditional and new sources

of information is likely an e↵ective approach to satisfy the demand for mon-

itoring demographic rates.

We showed that in Facebook data there is signal to produce timely es-

timates of migration, and we presented a data resource that is available to

the research community, but that has not been leveraged for demographic

research yet. The data, that can be obtained via the Facebook Advertising

Platform, o↵er an unprecedented breadth of dimensions including educa-

tional attainment, job sector, life events such as birth of children, along with

many more. All these variables are regularly updated and can be downloaded

free of charge, within certain rate limits. In other words, the data set can

be thought of as a census that is continually updated. We o↵ered examples

related to the study of migration, but we expect that these data will be used

also for other types of demographic research.
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These data, when used to complement existing statistics, can contribute

to the mission of the United Nations within the framework of the so-called

‘data revolution’. However, to fully harness the value of these data, it is

important to be aware of the limitations and challenges related to working

with several types of potential biases or sources of uncertainty.

One key limitation of using Facebook advertising data is that the vari-

ables available are not necessarily documented according to standards for

scientific research. For example, it is not completely clear how Facebook

produces estimates for categories like “Expats (Mexico).” We showed that

existing scientific articles written by research scientists at Facebook give us

some information about the general approach that Facebook uses to generate

estimates. However, the lack of detailed documentation introduces measure-

ment errors that are hard to disentangle from biases related to selection and

non-representativeness of the users, or other noise and inconsistencies in the

data. In addition, as Facebook improves its algorithms to estimate quantities

like ‘expats’, we may observe discontinuities in the time series, similarly to

what we observed for the index of Google queries provided by Google Trends.

This means that models that rely on these data may have to be re-calibrated

on a regular basis.

These data issues raise serious challenges for producing robust estimates.

However, we believe that statistical demographers are well-equipped to deal

with noisy and imperfect data, and to develop methods that account for

data quality. Combining traditional and new data sources is key to make
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progress in this area. In the context of modeling migration flows, demog-

raphers have developed a number of creative techniques to deal with inad-

equate data (Rogers et al., 2003; De Beer et al., 2010; Raymer et al., 2013;

Wísniowski et al., 2016; Zagheni and Weber, 2015). Bayesian hierarchical

models have proven particularly useful for dealing with issues related to har-

monization and pooling of information across space and time.

In the context of migration stocks, research questions and issues are dif-

ferent from those related to migration flows. However, when the aim is to

develop tools for small area estimation, or to combine data, or to borrow

strength from countries with better quality data, some of the same ideas

that have been developed for the statistical analysis of migration flows can

inform the development of methods for the study of stocks. The overall

goal remains the development of statistical models to incorporate informa-

tion from a number of data sources and to evaluate biases and uncertainty

when estimating and predicting.

In this article, we focused on the use of Facebook data for estimating

migration. Although the scope is global, we concentrated on examples for

the United States as a country of destination. For the United States we have

good traditional data on stocks of migrants, that can be used to evaluate

the potentials of the data and approaches. The main advantage of comple-

menting the ACS with Facebook data is that it would enable researchers to

address the stochasticity of small area estimates, which can be quite noisy,

given the relatively small sample size and the level of disaggregation needed
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(e.g., number of migrants from country X living in county Y, by age, and sex).

In developing countries, where there is not a survey continuously run like the

ACS, the impact of combining Facebook data and traditional data within a

solid statistical framework would be bigger. In this paper, we showed that

there is signal in the data from Facebook and that leveraging this ‘digital

census’ shows promise. The next developments would build on this first step.

Facebook Adverts Manager is relevant not only to obtain estimates of

demographic characteristics of Facebook users. The tool has a broader rele-

vance for the research community, and in particular survey research. Once a

specific group of Facebook users is identified, advertisers can target it with

ads, upon paying a fee. Similarly, researchers can use Facebook as a sam-

pling frame to target specific populations with ‘ads’ intended to recruit them

for a specific survey. In the context of hard-to-reach populations and in de-

veloping countries, this feature will o↵er new and exciting opportunities for

survey researchers to get the pulse of populations. The combination of a very

large sampling framework together with the development of techniques that

leverage post-stratification to extract information from non-representative

samples (see, for instance, Wang et al., 2015) will o↵er new opportunities for

creative survey research.

The scientific community will face not only technical questions, but also

ethical ones. While digital advertising can be ‘re-purposed’ to empower re-

searchers, the same tools might also be exploited to perpetuate various forms

of discrimination or to identify vulnerable populations. For example, the tar-
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geting tool could be used to provide di↵erential information to di↵erent racial

groups. Recently, a ProPublica investigation showed that it is potentially

possible to target Facebook users who are house hunting while also excluding

anyone with an a�nity for groups like African-American, Asian-American or

Hispanic.8 Although Facebook policies prohibit the use of targeting options

to discriminate, the tool is very powerful and could be misused. Similarly,

Facebook Adverts Manager could potentially be used to identify geographic

areas with rapid influxes of vulnerable populations, like refugees. In the con-

text of war zones, this could expose populations of migrants to risks. As the

Facebook tool expands horizons for discovery, a broad discussion about prin-

ciples for research ethics, privacy protection and responsible conduct needs

to reflect the new technological landscape.
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Notes

1See, for instance, https://www.facebook.com/notes/facebook-data-science/coordinated-

migration/10151930946453859/

2This platform can be accessed for free, by anybody who has a Facebook account, at

https://www.facebook.com/ads/manager/creation/creation/.

3As of May 2017.

4https://www.facebook.com/business/help/624074880953806

5https://developers.facebook.com/docs/marketing-apis

6Here is the list of the 52 supported countries and territories of origin that we considered

for our analysis: Argentina, Australia, Austria, Bangladesh, Brazil, Cameroon, Canada,

Chile, China, Colombia, Egypt, Ethiopia, France, Germany, Greece, Hong Kong, Hungary,

India, Indonesia, Ireland, Israel, Italy, Japan, Kenya, Malaysia, Mexico, Morocco, Nepal,

New Zealand, Nigeria, Pakistan, Peru, Philippines, Poland, Portugal, Puerto Rico, Russia,

Romania, Saudi Arabia, Senegal, Serbia, Singapore, Spain, South Korea, Switzerland,

South Africa, Turkey, United Arab Emirates, United Kingdom, United States of America,

Venezuela, and Vietnam.

7The countries or territories of origin included in Figure 1 are: India, Philippines,

Spain, Turkey, France, Germany, Poland, Italy, Ireland, Hungary, Canada, China, Puerto

Rico, Indonesia, UK, Australia, Portugal, Nepal, UAE, Singapore, Austria, Greece, Japan,

Mexico, Israel, Russia, Saudi Arabia, Malaysia, Romania, South Korea, Vietnam.

8See, for instance, https://www.propublica.org/article/facebook-lets-advertisers-exclude-

users-by-race
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Figure 1: Relationship between Facebook estimates of fraction of expats in
US states (2016), by country of origin, and the respective estimates from
the American Community Survey (ACS 2014). The red dashed line is a 45
degree line. The inset shows the same observations on a log-log scale. Note:
the plot includes state-country pairs where the number of Facebook expats
is bigger than 1,000.
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Figure 2: Relationship between stocks of migrants from the Facebook data
set, for countries with at least one million Facebook users as of 2016, and the
respective estimates from the World Bank (2015). The data points indicate
the fraction of immigrants in the population, on a log scale, by country of
destination, color-coded by continent. The dashed line is the OLS regression
line through the data.
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Figure 3: Profiles of stocks of migrants by age and sex for Mexicans in
California and in Texas (2016). The solid red line indicates estimates from
the American Community Survey (2014). The dashed blue line indicates
estimates from Facebook Adverts .
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Figure 4: Profiles of stocks of migrants by age and sex for Filipinos and
Filipinas in California and Texas (2016). The solid red line indicates esti-
mates from the American Community Survey. The dashed blue line indicates
estimates from Facebook Adverts .
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Table 1: Summary of results for the regression model described in equation 1

.

log(Foreign-born Population - ACS)

log(FB Expats Population) 0.744⇤⇤⇤ (0.005)
Austria 0.420⇤⇤⇤ (0.083)
Canada 0.200⇤⇤⇤ (0.051)
China 1.132⇤⇤⇤ (0.050)
France 0.013 (0.056)
Germany 0.879⇤⇤⇤ (0.050)
Greece 1.443⇤⇤⇤ (0.064)
Hungary 0.264⇤⇤⇤ (0.078)
India 0.648⇤⇤⇤ (0.051)
Indonesia �0.223⇤⇤⇤ (0.065)
Ireland 0.193⇤⇤ (0.064)
Israel 0.077 (0.063)
Italy 0.051 (0.057)
Japan 0.538⇤⇤⇤ (0.052)
Malaysia 0.159⇤ (0.068)
Mexico 0.540⇤⇤⇤ (0.052)
Nepal �0.018 (0.062)
Philippines 0.098 (0.051)
Poland 0.526⇤⇤⇤ (0.060)
Portugal 0.479⇤⇤⇤ (0.067)
Puerto Rico 0.136⇤ (0.053)
Romania 0.174⇤⇤ (0.059)
Russia 1.069⇤⇤⇤ (0.052)
Singapore 0.367⇤⇤⇤ (0.075)
South Korea 0.811⇤⇤⇤ (0.051)
Spain 0.041 (0.060)
Turkey 0.044 (0.060)
UAE 0.376⇤⇤⇤ (0.099)
UK �0.634⇤⇤⇤ (0.055)
Vietnam 0.301⇤⇤⇤ (0.052)
Age group (20-24) �0.483⇤⇤⇤ (0.032)
Age group (25-29) �0.291⇤⇤⇤ (0.032)
Age group (30-34) �0.010 (0.031)
Age group (35-39) 0.094⇤⇤ (0.031)
Age group (40-44) 0.301⇤⇤⇤ (0.031)
Age group (45-49) 0.309⇤⇤⇤ (0.031)
Age group (50-54) 0.460⇤⇤⇤ (0.031)
Age group (55-59) 0.519⇤⇤⇤ (0.031)
Constant 1.374⇤⇤⇤ (0.052)
N 13,328
R2 0.698
Adjusted R2 0.697
Residual Std. Error 0.813 (df = 13289)
F Statistic 807.060⇤⇤⇤ (df = 38; 13289)
⇤p < .05; ⇤⇤p < .01; ⇤⇤⇤p < .001
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