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Abstract

This study, conducted as part of the PREMIUM EU project, evaluates the reli-
ability of Facebook and Instagram digital trace data for estimating migration and
mobility patterns. Traditional migration data sources suffer from delays and limited
granularity, while social media data offer real-time insights but raise concerns about
representativeness and bias.

We combine digital trace data from Meta’s advertising platform with a novel
online survey - the International Mobility Survey - targeting Polish migrants in the
UK and Germany using Facebook and Instagram platforms. The survey collects
detailed behavioral data including migration history, social media usage, and future
mobility intentions, enabling direct comparisons with platform-derived estimates.

Our methodology employs post-stratification weighting to enhance representa-
tiveness, using three approaches to address sparse data: age-sex aggregation, Gen-
eralized Additive Models, and imputation techniques. The results identify various
biases in Meta’s platform data. These findings help improve existing migration
estimation models that combine digital and traditional data sources.

Keywords: migration estimation · digital trace data · social media bias · Facebook data ·
online surveys · social media recruitment · post-stratification · mobility patterns · .
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1 Preface

This work is part of Task 2.3: Mobility estimation using Meta’s Advertising Platform data,
and Task 2.4: Conducting an online survey among users of Meta’s platforms, Facebook and
Instagram. The estimates produced in this report contribute to other tasks and work packages
within the PREMIUM EU project, and support broader analyses of mobility patterns.5

The goal of Task 2.3 is to estimate mobility flows using the Meta Advertising Platform. This
involves collecting digital trace data and assessing its quality. Analyzing this data can help track
mobility trends and evaluate the reliability of mobility estimates derived from Facebook and
Instagram.

The goal of Task 2.4 is to assess the quality of Meta’s data and measure potential biases using10

information gathered through an online survey recruited via advertisements on Facebook and
Instagram. This survey data, collected through targeted advertisement recruitment, will help
enhance the use of digital trace data for mobility estimation. Participants answered questions
aimed at evaluating the accuracy of the data and identifying various biases related to mobility
and residence.15

2 Introduction

Migration research suffers from significant challenges in capturing real-time mobility patterns.
Traditional sources such as national censuses, surveys, and Eurostat provide essential migration
data; however, their releases are often delayed and lack the level of disaggregation needed for
nowcasting. Nowcasting refers to the practice of predicting current or very near-term trends us-20

ing the most up-to-date data available, allowing for more timely insights into ongoing migration
dynamics (Ŝırbu et al., 2021; Kashyap et al., 2023). On the other hand, digital trace data from
social media platforms like Facebook and Instagram have proven to be valuable for studying
real-time migration stocks, particularly through advertisement platform estimates. However,
their reliability and representativeness remain uncertain (Kim et al., 2023). To get the best out25

of digital data sources while addressing their limitations, researchers use advanced statistical
models, often Bayesian, to combine multiple datasets and their corresponding data quality as-
sessments (e.g., Rampazzo et al. 2021; Alexander et al. 2022; Yildiz et al. 2024). This study
aims to lay the groundwork for future models by combining digital trace data and survey data
collected from the same or similar platforms. This approach will help assess the quality of30

self-reported online surveys and improve our understanding of biases on these platforms.

2.1 Social media trace data on migration stocks and their challenges

The Digital Revolution has enabled access to aggregated and anonymized marketing data, which
can be used to estimate demographic behavior (Breen & Feehan, 2024; Kashyap et al., 2023;
Rampazzo et al., 2022). These data underpin much of online marketing profiling. Although35

there has been a decline in the availability of free data from online companies (Freelon, 2018;
Davidson et al., 2023), it is still possible to download aggregated user estimates from the Meta
Advertising Platform. This platform provides information not only on Facebook users but also
on Instagram and Messenger users. In addition, the Meta Advertising Platform has been one
of the most widely used tools for analyzing user mobility in a variety of contexts-from the40

US, to the UK, to Ukraine (Alexander et al., 2020; Rampazzo et al., 2021, 2025; Leasure et
al., 2023). In particular, social media platforms allow researchers to collect Monthly Active
Users (MAU) and Daily Active Users (DAU) metrics via Meta’s Marketing API, providing
real-time access to migration trends (Araujo et al., 2017). While these variables were originally
designed for advertising purposes, they can also be used to estimate demographic behaviors-such45

as migrant populations-by utilizing the “Lived In” field, which identifies users who previously
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resided in one country and now live in another. The “Lived In” status might be determined using
self-reported information such as “current city” and “hometown”, as well as users’ friendship
networks, geolocation data, and IP addresses (Herdağdelen & Marelli, 2017; Spyratos et al.,
2019; Rampazzo et al., 2021).

Despite their potential, using MAU and DAU to estimate migration stocks has substan-5

tial limitations. These include biases from non-representative user demographics, algorithmic
changes, and data truncation. These limitations include rounding MAU estimates for groups
under 1,000 (Rampazzo et al., 2021; Yildiz et al., 2024), as well as the lack of clarity regarding
the “Lived In” variable, previously labeled as “expat”, which is opaque and has evolved over
time. Its definition and algorithmic processing remain unclear, complicating its use in migration10

studies (Rampazzo et al., 2021; Yildiz et al., 2024; Kim et al., 2023). However, as shown by
Grow et al. (2022), Meta’s advertising platform can be a valuable tool for social science research,
provided that steps are taken to assess the accuracy of key demographic variables. In their large-
scale cross-national survey (N = 137,224), self-reported and Meta-classified data on age, sex,
and location were compared, revealing a high overall agreement (86%–93%). Misclassifications15

were most frequent for location and least frequent for sex.
Since a significant bias in migration research stems from how the duration of stay is defined,

the European Commission and the United Nations have proposed standardized definitions of
international migrants to harmonize global migration data sources (European Parliament and
Council of the European Union, 2007; United Nations, 1998). Under these definitions, a person20

who lives in another country for at least 12 months is considered an international migrant, while
someone staying abroad for 3 to 12 months is classified as a short-term migrant (Mooyaart et
al., 2021; Rampazzo et al., 2021; Dańko et al., 2024). However, it remains unclear how Meta
Advertising Platform defines the duration of stay for users characterized as “migrants.” While
Facebook and Instagram users labeled as “migrants” are generally presumed to represent long-25

term migrants, the specific time frames used by the platforms are not explicitly documented.
This lack of clarity raises questions about the comparability of social media data with traditional
migration statistics – particularly migration stock data disaggregated by country of birth or
country of previous residence (Spyratos et al., 2019).

These challenges emphasize the need to carefully adjust and examine Meta data to manage30

biases and ensure accuracy, in order to be able to offer reliable insights into migration patterns.
Three key studies have addressed this in relation to Facebook: Rampazzo et al. (2021), Alexan-
der et al. (2022), and Yildiz et al. (2024), with the latter providing a detailed review of different
approaches.

Rampazzo et al. (2021) proposed a Bayesian model integrating Facebook migration data35

(MAU) with Labour Force Survey (LFS) data. Their model adjusts for biases such as duplicate
and fake accounts, applying a 4% correction – lower than Facebook’s reported 11% – as these
issues are assumed to be less pronounced in Europe (U.S. Securities and Exchange Commission,
2019, 2020). It also corrects for coverage bias by considering the share of non-Facebook users in
the origin country and accounts for a drop in migrant estimates due to Meta’s 2019 algorithm40

change, which affected different countries and genders. Additionally, language data from Meta’s
advertising platform is used to refine estimates for specific migrant groups.

Alexander et al. (2022) combined Meta’s advertising data with traditional survey data
(American Community Survey, ACS) within a Bayesian model to produce timely ’nowcasts’
of migrant stocks by state in the United States, focusing on migrants from Mexico, India, and45

Germany. They focused on non-representativeness and coverage bias.
Yildiz et al. (2024) developed a model that integrates census, Eurostat, LFS, MAU, and

DAU data into a Bayesian framework. Like Rampazzo et al. (2021), they account for coverage
bias using prior distributions based on Facebook penetration rates. Their model also accounts
for Facebook data’s lower accuracy compared to censuses and administrative sources. It dis-50

tinguishes between the accuracy of DAU and MAU, with assumed higher variability in DAU.
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Arbitrary variance parameters reflect this, with error margins of ±20% for MAU and ±28% for
DAU.

While these models have improved migration estimates, further progress can be made by
incorporating more detailed assessments of data quality, reducing arbitrary assumptions in
priors on biases, and identifying additional biases not addressed in these studies. To achieve5

this, we conduct an online survey on Meta platforms to systematically measure biases and
enhance the reliability and applicability of future models.

2.2 Social media surveys and their challenges

An alternative to downloading data from Meta’s APIs is to use their advertisement platforms
as a survey recruitment tool. It is indeed possible to run advertisements on their platforms to10

recruit users into surveys. The majority of studies using this approach use paid advertisements
either on Facebook or Instagram to recruit survey participants (Zindel, 2023). This method has
been widely used in research, including studies on COVID-19 (Perrotta et al., 2021), political
polling in low- and middle-income countries (Rosenzweig et al., 2020), recruitment of hard-to-
reach populations such as members of the LGBTQ community (Kühne & Zindel, 2020; Stern15

et al., 2022), in medical studies of substance abuse (Ramo & Prochaska, 2012) or for recruit-
ment of migrants (Pötzschke & Braun, 2017; Soehl et al., 2024), refugees (Pötzschke & Weiß,
2022) and irregular migrants (Jasper & Rodŕıguez Sánchez, 2025). Pötzschke & Braun (2017)
aimed to recruit Polish migrants via targeted advertisements and found that their respondents
were largely indeed Polish migrants, concluding that the targeting was effective. However, the20

sample was predominantly younger, well-educated, and female (Pötzschke & Braun, 2017). Re-
cently, Jasper & Rodŕıguez Sánchez (2025) used Facebook advertisements to survey Mexican
and Venezuelan migrants in selected U.S. states. The respondents were mostly female and over
40 years old, which may reflect the aging user base of Facebook. Regarding geographic targeting
accuracy, they found that 62% of respondents self-reported having lived in either Venezuela or25

Mexico. However, in the absence of specific geographic targeting, 24% of respondents reported
having lived in Cuba, highlighting potential issues with geographic precision when targeting
international migrants (Jasper & Rodŕıguez Sánchez, 2025).

In this context, while surveys that use social media as a recruitment tool are useful for
recruiting migrants, it is important to gain deeper insight into the social media usage patterns30

of migrant populations, which may affect the effectiveness of targeting and subsequently the
accuracy of estimates derived from MAU and DAU metrics.

People can be invited to take part in the survey through Meta, using either free or paid
approaches. One common unpaid method is sharing the survey link in relevant Facebook groups
or communities. If a broader reach is needed, paid ads can be used, as Meta’s advertising35

system, though built for businesses, also works well for promoting research surveys to specific
audiences. This offers the advantage of more precisely targeting the survey invitation to the
population of interest by using the platform‘s targeting features and receiving meta-data on
the campaign performance, such as the number of link clicks or views of the advertisements
(Kühne & Zindel, 2020) (see 2.3 for more details on the recruitment via Meta platforms).40

However, there are challenges associated with this form of non-probability sampling that relate
to the composition of the social media platform (coverage bias), the way the advertisements are
distributed (algorithmic bias), and the self-selection into the survey (self-selection bias).

A primary concern is the composition of the social media platform that serves as the sam-
pling frame. Selection into the use of social media platforms is not random and depends on45

demographic factors, such as age and gender (Hargittai, 2015). The specific characteristics
that distinguish social media users from non-social media users vary by platform. For example,
while age and gender are important predictors of Facebook use, income can predict LinkedIn use
(Blank & Lutz, 2017). The composition of platforms also evolves over time, for example, Face-
book’s user base is getting older, while Instagram continues to attract younger users (Schwinn50
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et al., 2024).
Another issue is geographic bias, which results from varying levels of internet penetration

and social media usage across different regions (Perrotta et al., 2021).
Next, algorithmic bias further accelerates these representational issues, as platform algorith-

mic mechanisms aim to increase engagement with ads by prioritizing certain groups based on5

their usage patterns. If users who are more active on Facebook share certain socio-demographic
characteristics, this can lead to over-representation of these groups, as ads are shown to them
more often as the algorithm aims to increase engagement with the ad (Pötzschke et al., 2023).

Another significant issue affecting representativeness is self-selection bias, as participation
in social media surveys depends on users’ willingness to actively opt in to the survey by clicking10

on the link in the advertisement (Perrotta et al., 2021; Kalimeri et al., 2020). This can also be
influenced by the design of the advertisement and the way the survey topic is displayed, as users
with a higher interest in the survey topic displayed may self-select into the survey (Neundorf &
Öztürk, 2022). Many studies have assessed the representativeness of social media surveys, with
mixed findings. More than two-thirds of studies using paid recruitment strategies concluded15

that their samples were not fully representative due to the unknown composition of social media
populations and the “black box” nature of advertising algorithms. Among the remaining studies,
partial representativeness was commonly observed, with imbalances in age, gender, education
level, and ethnicity/race (Zindel, 2023). Finally, an increasing threat to the quality of of survey
data collected via social media platforms are responses created from automated bots which20

may not be distinguishable from human survey responses with conventional response quality
measures (Rampazzo et al., 2021; Höhne et al., 2024).

2.3 Meta Advertisement Platform and its challenges

This project and the majority of existing research is using the platforms Facebook and Instagram
by Meta Inc. as a recruitment tool (Zindel, 2023). Which is why in the following we specifically25

describe the advertisement settings for Meta platforms.

Figure 1. Visualization of the campaign structure using the Meta advertising platform
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Figure 2. Part of the Meta Advertisement Platform related to the selection of the audience for an
exemplary ad set: women aged 34-49 who live in the United Kingdom (Locations) but formerly lived in
Poland (Behaviors), without the selection of the language used by the person (Languages). Please note
that the Advantage detailed targeting cannot be turned off.
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A Meta advertisement campaign is structured on three levels: campaign, ad set, and ad
(see fig 1). On the first level the researcher chooses the specific goals of the campaign such as
awareness, traffic, engagement, or leads, among others. Awareness campaigns (previously called
“reach”) aim at showing the advertisement to a maximum amount of users. Traffic campaigns
aim to distribute the advertisement towards user that are likely to click on the link in the ad and5

engagement campaigns (previously called “conversion”) include the implementation of the so
called Meta Pixel feature, which tracks user behavior outside the Meta platform and can thus be
used to optimize for survey completion by showing the ads to user that are more likely to reach
the final page of the survey. Previous research has evaluated the effectiveness of these campaign
objectives for survey recruitment. “Reach” (now called “awareness”) campaigns have been found10

not optimal for survey recruitment, while “conversion” (now called “engagement) campaigns
are most efficient. In terms of demographic representativeness (Neundorf & Öztürk, 2023),
“traffic” and “conversion” campaigns do not differ significantly from each other. However, since
a “conversion” includes the additional tracking of respondents behavior it has been discussed
to avoid this option for research ethics reasons (Pötzschke et al., 2023).15

At the ad set level, targeting options allow advertisers to define their audience based on
demographics, interests, and behaviors (see Fig. 2), while Placements determine where ads
will appear across Meta’s platforms. Advertisers can choose a Conversion location to direct
traffic to their website, app, messaging apps, or a Facebook/Instagram profile. In the case of
survey recruitment this is the external webpage hosting the questionnaire. Users can also select20

performance goals, including maximizing link clicks, landing page views, reach, conversations,
or impressions. For survey recruitment the goal to create link clicks on the survey link is the
most common1.

Some research has demonstrated that Facebook’s ad delivery system can result in skewed
outcomes along gender and racial lines, even when advertisers set neutral targeting parameters25

(Ali et al., 2019). This suggests that the platform’s algorithms may inherently favor certain
demographics, potentially affecting the representativeness of the collected survey data.

Moreover, this is not the only issue. Meta’s Advantage+ option, introduced in August 2022,
leverage machine learning to automate ad targeting and creative optimization, aiming to en-
hance advertising efficiency (Levine, 2022). A key feature of Meta’s platform is “Advantage30

detailed targeting” (formerly known as “detailed targeting expansion”), which improves cam-
paign performance by allowing the app to reach a broader group of people than those defined
in the detailed targeting selections. Clearly, the “Advantage detailed targeting” feature can
disrupt research where the audience must be selected precisely, such as estimation of biases of
social media data. Unfortunately, to our knowledge, since at least September 2024, the ability35

to disable this feature and stop the automatic audience extension has not been available (see
Fig. 2).

2.4 Improving representativeness of the social media survey

As highlighted in earlier sections, recruiting participants through social media surveys can be
affected by multiple biases, along the dimensions of coverage, algorithmic, and self-selection40

bias, that can compromise representativeness of findings (Kalimeri et al., 2020; Rampazzo et
al., 2021).

At the data collection stage it is common practice to stratify the ad sets along relevant
demographic characteristics, most often age and gender, to achieve a more balanced distribution
of the advertisement along those dimensions during the campaign and thus a more balanced45

sample (Grow et al., 2020; Pötzschke et al., 2023).

1For more detailed insights on settings, refer to Pötzschke et al. (2023); Perrotta et al. (2021); Zindel (2023);
Neundorf & Öztürk (2023) or visit the help pages at https://www.facebook.com/business/help/ and https://

adsmanager.facebook.com.
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To ensure the accurate representation of target populations, researchers must address these
biases using specific methodological adjustments including weighting the sample to match known
population distributions, using multiple recruitment channels in order to diversify the sample,
and applying statistical techniques to correct for over- or under-representation of problematic
groups (Zindel, 2023; Zagheni & Weber, 2015; Perrotta et al., 2021).5

One of the most common techniques is post-stratification, which divides the sample into mul-
tiple strata and then adjusts the estimated measures using trustable reference population char-
acteristics. This technique has been previously used in Perrotta et al. (2021) and Zhang et al.
(2020), where weighting strategies such as post-stratification and inverse probability weighting
were employed. However, as noted in these studies, obtaining accurate strata from a reference10

population can be challenging, as such data is not always available at sufficient disaggregation
levels. While these methods can improve sample representativeness, they do not fully eliminate
bias, as residual bias often remains even after adjustments (Zindel, 2023; Zagheni & Weber,
2015).

2.5 Project goals15

This project aims to evaluate potential biases in Facebook and Instagram advertising data
related to migration stocks. To tackle this, we create the Facebook/Instagram International
Mobility Survey, which gathers detailed behavioral data from respondents. The survey includes
information on how people use Facebook and Instagram, their recent migration history, and
other relevant behaviors. Some of the survey questions are designed to directly measure bias,20

while others provide data that we compare with information pulled from the Meta advertising
platform’s API. By examining the differences between the survey responses and the user esti-
mates from the Facebook Advertising Platform, we identify additional potential biases in the
platform’s estimates.

While conducting surveys on the Meta platform is not new, this approach represents a novel25

method for estimating biases. Although our focus is on some of the largest migrant groups in
Europe – specifically Polish people living in the UK and Germany – the methodology can be
applied to other migrant populations as well.

3 Data

3.1 International Mobility Survey30

The survey is organized into eight sections, each addressing specific aspects of the respondent’s
background, migration history, social media usage, and future migration intentions. The sections
are as follows: (1) Screening questions, (2) Demographics, (3) Current residence, (4) Social
media usage, (5) Migration for at least 6 weeks, (6) Long-term migration, (7) Future migration,
and (8) Open-ended feedback.35

• 1 – Screening questions: Ensures respondents meet the eligibility criteria (age 18+)
and identifies duplicate or incomplete responses.

• 2 – Demographics: Captures basic characteristics such as gender, age, country of birth,
education level, and number of children to help understand respondent profiles.

• 3 – Current residence: Gathers information on the respondent’s primary residence,40

current location, language proficiency, and duration of stay to contextualize migration
and identify potential biases.

• 4 – Social media usage: Assesses online behavior by examining language settings, VPN
usage, multiple accounts, and platform activity, highlighting biases related to social media
use.45
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• 5 – Migration for at least 6 weeks: Collects data on the respondent’s most recent
migration episode lasting six weeks or longer, including movement patterns (country of
origin, destination, duration, and date) and both short- and long-term migration motives.

• 6 – Long-term migration: Focuses on moves lasting at least 12 months, in line with
UN migration definitions. This section is administered only if the most recent migration5

was short term.

• 7 – Future migration: Measures the likelihood and motivations for potential future
moves, providing insights into emerging migration trends.

• 8 – Open-ended feedback: Offers respondents the opportunity to elaborate on their
migration experiences, contributing qualitative insights into migration trajectories and10

self-reporting biases.

See Table 1 for a detailed list of questions and answers.

Table 1. Shortened International Mobility Survey Questions. For the complete questionnaire including
non-shortened questions, answers, question logic (conditions), and description see subsection A.5 in the
appendix.

Group
Order

Question Question
Type

Answers

1 / 1 Are you 18 or older? List (radio) Yes, No

1 / 2 Have you already participated
in our survey?

List (radio) No, Yes, but I haven’t finished
it, Yes, I have completed all
fields

2 / 1 Please provide your
sex/gender.

List (radio) Male, Female, Other, Prefer
not to say

2 / 2 Please provide your year of
birth.

List (drop-
down)

(Year choices)

2 / 3 Please provide your country of
birth.

Bootstrap
dropdown

(Country choices)

2 / 4 What is the highest level
of education you have com-
pleted?

List (radio) Primary education or less,
Secondary education, Post-
secondary education, Bach-
elor’s degree or equivalent,
Master’s degree or equivalent,
Doctoral degree or equivalent,
Prefer not to say

2 / 5 How many children under 13
years old do you have?

List (radio) 0, 1, 2, 3, 4 and more, Prefer
not to say

3 / 1 In which country is your pri-
mary residence?

Bootstrap
dropdown

(Country choices)

3 / 2 Do you speak the language of
your current residence?

List (radio) No, Yes, but rather weak, Yes,
moderately or fluent, Prefer
not to say

3 / 3 Is your current country of
stay the same as your primary
country of residence?

List (radio) No, Yes, Prefer not to say

11



Group
Order

Question Question
Type

Answers

3 / 4 Where are you located at the
time of completing this sur-
vey?

List (radio) (Location choices)

3 / 5 How long have you been stay-
ing in the country you are in
right now?

Bootstrap
dropdown

Less than 1 month, 1 month
to less than 6 weeks, 6 weeks
to less than 2 months, 2 to
less than 3 months, 3 to less
than 4 months, 4 to less than
5 months, 5 to less than 6
months, 6 to less than 7
months, 7 to less than 8
months, 8 to less than 9
months, 9 to less than 10
months, 10 to less than 11
months, 11 months to less
than 1 year, 1 to less than 2
years, 2 to less than 3 years, 3
to less than 4 years, 4 to less
than 5 years, 5 to less than 6
years, 6 to less than 7 years, 7
to less than 8 years, 8 to less
than 9 years, 9 to less than 10
years, 10 years or more, Prefer
not to say

4 / 1 What language do you pri-
marily use on Facebook and
Instagram?

List (drop-
down)

(Language choices)

4 / 2 Do you often use a Virtual
Private Network (VPN) or
similar tools when using Face-
book or Instagram?

List (drop-
down)

Yes, frequently, Yes, but
rarely, No, I do not use VPNs
or similar methods, Prefer not
to say or I am not familiar
with VPNs

4 / 3 Do you use more than one
active Facebook or Instagram
account?

List (radio) Yes, No, Prefer not to say

4 / 4 How many active accounts do
you have on Facebook?

List (radio) 0, 1, 2, 3, 4 and more, Prefer
not to say

4 / 5 How many active accounts do
you have on Instagram?

List (radio) 0, 1, 2, 3, 4 and more, Prefer
not to say

4 / 6 How often do you use the
following social media plat-
forms?

Array by
column

Facebook: Daily, Several
times per week, Once a week,
Once per month, Less than
once per month, Never, Prefer
not to say, Instagram: Same
as above, Others: Same as
above

12



Group
Order

Question Question
Type

Answers

4 / 7 Where did you find informa-
tion about this survey?

List (radio) Our Facebook advertisement,
Our Instagram advertisement,
Our other advertisement,
Other (friend shared with me,
found on our websites, etc.),
I don’t remember, Prefer not
to say

5 / 1 Have you ever migrated, trav-
eled, or changed your country
of residence for a period of at
least 6 weeks?

List (radio) No, Yes, Prefer not to say

5 / 2 What was the main reason for
your most recent short-term
migration, lasting six weeks to
one year?

List (radio) Seasonal or Temporary Work,
Short-Term Education or
Training, Professional Devel-
opment Programs, Research
Collaboration, Tourism or
Leisure Travel, Family or
Social Visits, Medical Treat-
ment or Rehabilitation,
Other Short-Term Reasons,
No short term goals, Prefer
not to say

5 / 3 What was the main reason for
your most recent migration, if
it was long-term or intended
to be long-term?

List (radio) Career Advancement or
Employment Opportunities,
Pursuing Higher Educa-
tion, Family Reunification,
Research Collaboration, Po-
litical or Safety Concerns,
Retirement or Lifestyle
Change, Long-Term Medical
Treatment and Accessibility,
Other Long-Term Reasons,
No Long-Term Goals, Prefer
not to say

5 / 4 How long have you stayed in
the place you migrated to for
6 weeks or longer?

List (radio) Less than 1 month, 1 month
to less than 6 weeks, 6 weeks
to less than 2 months, 2 to
less than 3 months, 3 to less
than 4 months, 4 to less than
5 months, 5 to less than 6
months, 6 to less than 7
months, 7 to less than 8
months, 8 to less than 9
months, 9 to less than 10
months, 10 to less than 11
months, 11 months to less
than 1 year

13



Group
Order

Question Question
Type

Answers

5 / 5 Please provide the name of
the last country you stayed in
for at least 6 weeks (destina-
tion country).

List (drop-
down)

(Country choices)

5 / 6 What is the name of the coun-
try you were in before moving
to the country you selected
above?

Bootstrap
dropdown

(Country choices)

5 / 7 When did the movement men-
tioned above occur?

Date/Time (Date selection)

6 / 1 Have you ever migrated, trav-
eled, or changed your country
of residence for a period of at
least 12 months?

List (radio) No, Yes

6 / 2 What was the main long-term
reason for your most recent
migration lasting at least 12
months?

List (radio) Career Advancement or
Employment Opportunities,
Pursuing Higher Educa-
tion, Family Reunification,
Research Collaboration, Po-
litical or Safety Concerns,
Retirement or Lifestyle
Change, Long-Term Medical
Treatment and Accessibility,
Other Long-Term Reasons,
No Long-Term Goals, Prefer
not to say

6 / 3 Please provide the name of
the last country you stayed for
at least 12 months (destina-
tion country).

List (drop-
down)

(Country choices)

6 / 4 What was your country of
stay before your last migra-
tion lasting 12 months or
longer?

List (radio) (Country choices)

6 / 5 When did your last movement
to a country where you stayed
for 12 months or longer occur?

Date/Time (Date selection)
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Group
Order

Question Question
Type

Answers

6 / 6 How long did you stay (have
you stayed) there?

List (drop-
down)

Less than 1 month, 1 month
to less than 6 weeks, 6 weeks
to less than 2 months, 2 to
less than 3 months, 3 to less
than 4 months, 4 to less than
5 months, 5 to less than 6
months, 6 to less than 7
months, 7 to less than 8
months, 8 to less than 9
months, 9 to less than 10
months, 10 to less than 11
months, 11 months to less
than 1 year

7 / 1 How likely are you to move to
a different country within the
next 1 to 3 years?

List (radio) Very unlikely, Unlikely, Neu-
tral, Likely, Very likely, Prefer
not to say

7 / 2 What would be the main rea-
son for a potential future long-
term change in your usual
place of residence?

List (radio) Career, Education, Family,
Safety, Lifestyle, Other, Pre-
fer not to say

8 / 1 Could you please provide us
with further details about
your past migration?

Text
(multi-
line)

(Open-ended)

8 / 2 Thank you for participating
in...

Text
(multi-
line)

(Open-ended)

3.2 Ethical approval of International Mobility Survey

This study received full ethical approval from both the University of Oxford and the Royal
Netherlands Academy of Arts and Sciences (KNAW). The research design adheres to the highest
ethical standards, with particular emphasis on participant anonymity. Crucially, we do not
collect any personally identifiable information – including email addresses, social media account5

details, or any other direct identifiers. Additionally, we offer no participation incentives that
could compromise voluntary engagement or introduce potential identification risks.

Our recruitment process relies on Meta’s advertising platforms to direct potential partic-
ipants to an independently hosted LimeSurvey questionnaire. The questionnaire hosted on
LimeSurvey was also configured to anonymize responses, ensuring that there is no way to link10

participants to their answers. In this way, even the administrator is unable to associate response
data with participant information. While this recruitment approach enables broad demographic
reach across diverse online populations, it simultaneously imposes certain constraints on our
sampling framework. The nature of Meta’s targeting algorithms can be described as a complete
“black box” sampling mechanism. Although we can set basic targeting parameters such as age15

ranges (18+ years), we have neither visibility into nor the ability to reconstruct the precise
logic governing ad delivery. This sampling process operates entirely according to Meta’s inter-
nal optimization algorithms, which differ fundamentally from conventional research sampling
methodologies.

All survey responses are collected and stored exclusively on our secure LimeSurvey platform,20

with Meta’s systems involved solely in the initial recruitment phase. This strict separation

15



between recruitment and data collection provides an additional safeguard for respondent privacy.
In our analytical reporting, we occasionally present marginal distributions that may include
singular cases. However, it is important to emphasize that tracing results back to individual
respondents is fundamentally impossible. This assurance is based on multiple factors: our strict
avoidance of identifier collection, the inherent anonymization properties of Meta’s ad delivery5

infrastructure, the complete separation of recruitment and data collection systems, and the
aggregate nature of all reported findings.

3.3 Meta Advertisement Platform settings
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Figure 3. English version of the Shutterstock pictures used in ads. The highest number of click were
received by pictures 2 and 3 in Polish language with heart-flag symbol

The Facebook Ads Manager options consists of three layers of settings: Campaign, Ad
set, and Ad. In this project, we consider two campaigns corresponding to selected countries:10

Germany and the United Kingdom. For each campaign, we selected the buying type as Auction,

16



meaning that ad placement is determined through dynamic auction bidding rather than a fixed
cost. We set the Campaign Objective to Traffic, which maximizes the number of users clicking
on the link provided in the advertisement, meaning that the algorithm prioritizes users most
likely to click rather than, for example, purchase or simply gain awareness (Meta Business Help
Center, 2025). We did not set any Special Ad Categories, and the Advantage Campaign Budget5

was set to Off.
For each Ad Set within each campaign, we specified the Conversion Location as the Survey

page, which allowed us to attribute survey traffic to specific ads (explained below), The Perfor-
mance Goal was set to Maximize the number of link clicks, and Dynamic Creative was turned
Off, allowing us to manually set images and headlines for each ad. The Daily Budget for each10

ad set was set to €12. In the Placements section, we selected Manual Placements on all devices
to limit platforms to Facebook and Instagram (exclusion of Messenger).

Each campaign was stratified into six ad sets, varying by gender (male and female) and
age groups (18–33, 34–49, 50–65+). The Location was campaign-specific: the UK campaign
targeted the UK, while the Germany campaign targeted Germany. The Behavior was set to15

Lived in Poland (Formerly Expats - Poland). While we did not use Advantage+ Audience, the
Meta advertising algorithm automatically applied Advantage Detailed Targeting, which expands
ad delivery beyond the specified audience for eligible objectives, as described in the introduction.
See Figure 2 for an exemplary ad set configuration.

At the Ad level, we set Partnership Ad to Off, as running ads with creators, brands, and20

other businesses was not relevant for our project. We linked the Identity of our ads to the
Facebook page International Mobility Survey (https://www.facebook.com/profile.php?id=
61568432166517). We selected Manual Upload for images and videos and chose Single Image
or Video as the Format. The destination webpage was set to our survey, with a parameter
denoting the language related to the ad. For the Germany campaign, we used three languages25

(Polish, German, and English), while for the UK campaign, we used two (Polish and English).
Each Ad Set included 14 images purchased from a stock image company (Shutterstock) with

language-specific variations (see Figure 3). For Polish-language ads, we created two versions of
each image: one with a heart-Polish-flag symbol and one without, as images containing flags
might attract more respondents (Pötzschke & Braun, 2017). In total, each Germany Ad Set30

contained 14×4 ads, and each UK Ad Set contained 14×3 ads. Since each campaign had six ad
sets corresponding to different audience groups, this resulted in a total of 336 ads for Germany
and 252 ads for the UK. As the Primary Text, we used:

“Take a few minutes to complete our survey and support mobility research by Oxford
University and the Max Planck Institute for Demographic Research.”35

Additionally, we included four alternative variations:

• “Help shape the future of mobility research! Take a few minutes to complete our survey
and support Oxford University and the Max Planck Institute for Demographic Research’s
groundbreaking work.”

• “Support mobility research by Oxford University and the Max Planck Institute for De-40

mographic Research! Take a few minutes to complete our survey.”

• “Your participation in our survey is greatly appreciated. By taking a few minutes to fill
out this form, you are contributing significantly to advancing mobility research conducted
by Oxford University and the Max Planck Institute for Demographic Research.”

• “Help shape the future of mobility research! Take a few minutes to complete our survey45

and support Oxford University and the Max Planck Institute for Demographic Research’s
groundbreaking study. Your input matters – let your voice be heard!”
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We did not use Advantage+ Creative Text Generation and limited ourselves to a single Headline:

“Help Research Mobility in Europe.”
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Figure 4. Data collection over time. “Complete” denotes fully completed surveys (last survey page
reached), while “partially only” refers to surveys that are partial but include at least the year of birth
(answered question [2/2]).
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The Description was set to:

“Please participate.”

All texts were translated into the respective campaign languages. The Call to Action was set to
Learn More and the Multiple Language Option in the Languages frame was set to Off because
each ad was manually translated. Besides the language parameter, we also collected additional5

hidden parameters such as placement, ad set name, and ad name using the Tracking frame and
the following URL parameters:

HiddenSource = placement&HiddenAdSet = adset:name&HiddenAd = ad:name

The survey was launched on 18 January 2025 for a test period that ran until 21 January
2025. Data collection began on 22 January 2025 and continued until 18 February 2025, when
the credit card’s purchase limit was reached. Once the card was unlocked, the survey resumed10

on 3 March 2025 with a significantly reduced number of ads—limited to those yielding the
highest survey completion rates—and continued until 12 March 2025 (Figure 4).

During the entire UK campaign, Facebook Ads Manager recorded 11,190 clicks, 367,116
reaches, and 761,621 impressions, with a total ad spend of € 2,664.42, resulting in a cost
per click (CPC) of € 0.24. For the German campaign, we obtained 9,648 clicks, 383,07015

reaches, and 807,506 impressions, with a total expenditure of € 2,672.48, equating to a
CPC€ 0.28 CPC. The test period costed €332.67.

Interestingly, ad sets targeting women were more expensive than those targeting men (€ 0.30
per click vs. € 0.23 per click). Ads aimed at the youngest age group (18–33) had the highest
CPC (€ 0.33), followed by the 34–49 age group (€ 0.31), while the 50–65+ segment was the20

cheapest (€ 0.18 per click). Notably, there were no substantial differences between the two
data collection periods.

It is important to note that the survey, conducted via the advertisement campaign, over-
lapped with the 2025 German federal election (February 2025). This may have affected the
survey’s visibility and participant engagement due to increased political activity on social me-25

dia. As a result, there could have been lower response rates, less thoughtful answers, and a
skewed representation of certain age, political, or socioeconomic groups.

3.4 Facebook and Instagram data collection

Estimates of Meta-identified migrant users groups were collected for individual countries using
the Meta Marketing API. We extract data on platform, country location, age (13–19, 18–19,30

20–24, 25–29, 30–34, 35–39, 40–44, 45–49, 50–54, 55–59, 60–65, 65+, Total), gender (female,
male, and total population), education (Primary education or less, Post-secondary education,
Bachelor, Master, Doctorate, and Unspecified), and behaviors. In the API, country location
refers to the country where a user is currently residing / recently located based on their activity
on Facebook/Instagram. Expat-origin groups are identified through a behavior category called35

“Lived In”, which marks users who previously lived in one country and now live in another. For
the purposes of this study, only the previously lived in abroad and the Polish expat (previously
lived in Poland) groups were considered. Data collection occurred in two stages: the first, from
29 January to 28 February, covered the first wave of survey data collection; the second, on 14
March, focused on the final wave of survey data collection.40

4 Methods

4.1 Basic data imputations

Biases related to reported mobility In previous sections we identified targeting and response
issues. Here we analyze potential biases in respondents who answered “Yes” to [5/1], were
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excluded from target bias groups. As mentioned in the methods section, some information
such as platform, sex (male and female), age (18–33, 34–49, 50–65+), and country (campaign)
was collected as metadata via Meta platform parameters and recorded in LimeSurvey. This
information complemented some survey questions and was used for imputations. To address
missing platform data in the metadata, we used question [4/7] (Table 1): ’Where did you find5

information about this survey?’. For missing sex in the variable collected by question [2/1], we
used the metadata sex. For missing campaign names collected via metadata, we used question
[3/1]: ’In which country is your primary residence?’. We did not apply imputations for age
because the metadata categories were too broad.

4.2 Post-stratification10

In this study, we employ post-stratification weighting to address potential biases arising from
a non-representative survey sample. This method, widely used in survey research, adjusts
the data by assigning weights based on known population characteristics (e.g., Perrotta et al.
2021). As our reference population, we used the demographic distributions (age × sex) from
the Facebook advertising platform. To align the survey data with the population structure,15

we applied weighting adjustments based on these two key demographic variables. Although we
initially considered incorporating education as an additional stratification layer, this was not
feasible due to a high number of missing values and an insufficient sample size.

The post-stratification weights were calculated by comparing the age and sex distributions
from the Meta advertising platform (shown in Fig. 5 and detailed in Appendix Tables A1, A2,20

A3, and A4) with the corresponding distributions from our survey. Our analysis focused exclu-
sively on male and female respondents and was limited to data from Facebook and Instagram,
excluding other platforms and unspecified sources. Additionally, we only included respondents
who provided their age, meaning they had to complete question 2/2 of our questionnaire (Table
1).25

The calculated weights were then applied to adjust the estimates of survey-collected vari-
ables. Specifically, each survey response was multiplied by its corresponding post-stratification
weight when computing weighted means. This adjustment helped mitigate biases introduced
by differential response rates across age–sex groups. For instance, if younger individuals were
overrepresented in the survey compared to the reference population, their responses were as-30

signed lower weights, while responses from underrepresented groups were upweighted. For some
variables, we used more aggregated versions of the proportions (Fig. 5) due to small sample
sizes.

The small survey sample resulted in some age–sex strata having zero counts, complicating
the calculation of post-stratification weights. To address this, we implemented three methods:35

• Method I that relies on aggregation. This algorithm determines the optimal way to group
age categories while ensuring each group spans at least k years, where k can be 5, 10, 15,
20, 25, 30, and so on. The age group starting at 18 (e.g., 18–24, 18–29, 18–34, etc.) and
the final open-ended category (e.g., 65+, 60+, 55+, etc.) can also be adjusted similarly.
The algorithm optimizes age groupings based on three criteria: (1) minimizing empty40

strata, (2) maximizing the number of groups, and (3) minimizing variance in group sizes.
The best stratification is selected sequentially according to these criteria before calculating
the post-stratification weights. Importantly, the method assumes the identical symmetric
aggregation of both the survey data and the reference data (MAU and DAU). The optimal
groupings and post-stratification weights are presented in the appendix (Tables A5, A6,45

A7, and A8).
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Figure 5. Age–sex distributions (%) of Facebook (top) and Instagram (bottom) users living in Germany
(left) or the UK (right) who previously lived in Poland. Data was collected using Facebook advertising
platform API. The proportions were calculated using the mean DAU and MAU for the period from
2025–01–29 to 2025–03–17. The corresponding values for the generated plots can be found in Appendix
Tables A1, A2, A3, and A4.

• Method II that preserves the original number of strata groups. To achieve this, we
redistributed the counts using Generalized Additive Models (GAM) in a Poisson setting.
We tested multiple models that included a smooth term for numerically coded age class,
sex, education, an indicator variable representing the position of the last open interval,
and various interactions of these variables. The dependent variable was the count for5

each combination of sex, age class, and education class. For missing education data, we
created a separate “Unknown” category, which was also included in the models. The
most parsimonious model for each combination of platform (Facebook, Instagram) and
country (Germany, UK) was selected based on AIC criteria. The reclassified counts were
obtained through model predictions and aggregated along the education axis to retrieve10

the age-sex strata. A detailed description of the fitted models is available in the appendix
(Section A.1). The calculation of post-stratification weights for this method is shown in
the appendix (Tables A9, A10, A11, and A12).

• Method III follows the same procedure as Method II, with the key difference being that
the model-predicted counts are treated as imputations for the zero-counts in the original15

data. The calculation of post-stratification weights for this method is presented in the
appendix (Tables A13, A14, A15, and A16).

The final step involved calculating post-stratification weights to align the survey data with
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external reference distributions (DAU and MAU). The weights were computed as:

WDAU =
PDAU

PMethod I, II, or III
; WMAU =

PMAU

PMethod I, II, or III

where: PDAU and PMAU are the reference proportions from the DAU and MAU distributions,
respectively. PMethod I, II, or III is the proportion computed by the Method I, II, or III.

5 Preliminary results

5.1 Characteristics of the collected survey sample5

The number of respondents in a sample tends to decrease over the course of a survey as some
respondents drop out of the survey before completing it. A sharp drop in responses after a
particular question may indicate issues with survey clarity. In our study, apart from a few
initial screening questions about being 18 years or older, prior participation, sex, and birth
year, the rate of respondent attrition remained relatively stable between questions (Fig. 6).10

However, several conditional questions appear between [5/1] and [7/1], where a substantial
proportional drop is expected (See Table 1 for the reference on question numbers). Overall, the
total proportional decrease in responses from the age question [2/2] to full survey completion
was 2.5-fold (3.2-fold from the initial screening question about being 18 years old).

Systematic respondent attrition during the survey may alter the sample composition, po-15

tentially affecting the calculation of post-stratification weights. To evaluate this, we compared
the marginal demographic distributions of respondents near the beginning of the survey (age
at question [2/2], education at question [2/4]) with those who completed the survey. Fisher’s
Exact Test for Count Data indicated no significant differences in gender (P = 0.3830), age (P
= 0.4677), or education (P = 0.3682). However, the Cochran-Mantel-Haenszel test revealed20

significant shifts in the joint distributions of sex and age (P = 0.0007) and sex and education
(P = 0.01461), suggesting changes in the composition of respondents over time (question num-
ber). The highest proportional dropout was among the oldest male respondents and men with
a bachelor’s degree. Apart from these two cases, the marginal distributions remained largely
consistent at the beginning and end of the study (Fig. 8 and 7).25

Figure 8 and Figure 7 show the distribution of basic demographic characteristics among
respondents at the start of the study (question [2/2]) and at the end. One of the most noticeable
findings is the very low participation rate among men and respondents under 25 years old (Fig.
8A and 7A), as well as among Instagram users in general (Fig. 8E and 7E) and people with
low education levels (primary school or less; Fig. 8F and 7F). Since most respondents clicked30

on Polish-language ads, which led them to a Polish questionnaire, they were likely migrants
from Poland or descendants of Polish migrants (Fig. 8C and 7C). See also Fig. 9 for more
distribution of languages.
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Figure 6. Drop in answered questions by question number. Some conditional questions, such as [3/4]
and [3/5], and the entire group 6 of questions were not shown. Group 8 was also not shown, as it
contained two non-obligatory free-text questions. The bottom panels show conditional questions related
to group 5. The light blue color in the bottom-left panel denotes respondents who answered “No” to
question [5/1] (“Have you ever migrated, traveled, or changed your country of residence for a period of at
least 6 weeks?”), while the darker blue represents the number of respondents who answered subsequent
questions in group 5. The bottom-right panel shows the proportional drop. The light red color denotes
the proportional drop, including respondents who answered “No” to question [5/1], and the darker red
represents only respondents who answered questions within group 5. See Table 1 for the reference on
question numbers.

23



3

2

36

7
3

74

21
2

137

12 4

95

7 1
65

6 30

100

200

300

400

Female Male Other
Gender

C
ou

nt

Age class

18-24

25-34

35-44

45-54

55-64

65+

A: Gender vs age-class.

3

2

14

32

24

73

44
109

49 54

42 32
0

100

200

300

DE GB
Campaign

Age class

18-24

25-34

35-44

45-54

55-64

65+

B: Campaign vs age-class.

5

2

44

4 3

90

4 2

147

1

102

2 2
70

0

100

200

300

400

DE EN PL
Language

C
ou

nt

Age class

18-24

25-34

35-44

45-54

55-64

65+

C: Language vs age-class.

104

6

162

296

0

100

200

300

DE GB
Campaign

Language

DE

EN

PL

D: Campaign vs language.

363

27 20
46

7 210 1 20

100

200

300

400

Facebook Instagram Other &
 Unknown

Platform

C
ou

nt

Gender

Female

Male

Other

E: Platform vs gender.

189

17
1

4

168

23 149
15 110

100

200

300

400

Female Male Other
Gender

Education

High

Low

Medium

Unknown

F: Gender vs education.

Figure 7. Basic demographics at the start of the study (question [2/2]). Age groups were simplified
into 10-year intervals for clarity. Education levels were also grouped into three categories: Low (primary
school or less), Medium (secondary and post-secondary education), and High (bachelor’s, master’s, and
doctorate degrees). Most of the missing education data likely comes from respondents dropping out of
the study. Language refers to the language used on LimeSurvey.
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Figure 8. Basic demographics at the end of the study (only for those who completed all questions).
Age groups were simplified into 10-year intervals for clarity. Education levels were grouped into three
categories: Low (primary school or less), Medium (secondary and post-secondary education), and High
(bachelor’s, master’s, and doctorate degrees). Language refers to the language used on LimeSurvey.
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5.2 Estimation of biases
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Figure 10. Summary of the targeting and mobility biases presented in this section (5.2). Targeting
accuracy (top-left) presents results from Section 5.2.1, showing respondents with no evidence of language
use, migration, current location or residence linked to Poland (PL), Germany (DE) or the UK. Migration
statuses with targeting bias (top-right) displays responses to the migration question [5/1] (at least six
weeks of migration), as discussed in Section 5.2.2. Detailed breakdown with migration signs (bottom–left)
examines cases where negative, missing, or vague responses might still indicate unreported migration,
for example, when the country of birth differs from the country of residence. Finally, Migration types
(bottom–right) outlines the trajectory categories and biases from Section 5.2.3, with letters corresponding
to the classifications in Table15.

5.2.1 Meta targeting accuracy

Both the German and UK campaigns targeted people who had previously lived in Poland and
were then residing in one of these countries. However, the Facebook Advertisement Platform was
not particularly precise in its targeting, presumably due mainly to the fixed Advantage Detailed5

Targeting option (see 3.3), inaccuracies in user-provided information during the survey, or cases
where individuals participated in our survey without coming through our advertisements.

As an exposure group, we selected 376 individuals who answered at least questions [2/3]
and [3/1] (country of birth and country of primary residence), provided information on gender
[2/1] and age [2/2], and had a recorded platform (metadata + question [4/7]), which had to be10

either Facebook or Instagram.:
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Table 2. Total sample analyzed. N represents the raw counts, and W represents the summed weights
calculated using different post-stratification methods (I, II, and III) for MAU and DAU reference data.
The first column defines the reference subgroups: Facebook refers to Facebook users, Instagram to
Instagram users, Germany to the German campaign, and UK to the UK campaign.

MAU DAU

N WI WII WIII WI WII WIII

Total 376 363.02 347.38 331.09 363.86 351.11 335.13
Facebook 351 338.55 329.17 315.15 339.05 332.6 318.59
Instagram 25 24.47 18.22 15.94 24.81 18.51 16.54
Germany 135 127.91 130.47 120.92 128.44 131.45 122.15
UK 241 235.12 216.91 210.17 235.42 219.66 212.98

In this group, 16 (4.26%) individuals reported no connection with Poland, including birth,
residence, current location, or language. Note that, although there are only 4 such cases among
Instagram users, they represent a much larger proportional bias (16.00%) due to the much
smaller number of Instagram users in the sample.

Table 3. Bias: No signs of connection with Poland including birth, residence, current location, or
language. The table presents both raw proportions and adjusted values using post-stratification methods
(I, II, and III) for MAU and DAU reference data. The first column defines the reference subgroups:
Facebook refers to Facebook users, Instagram to Instagram users, Germany to the German campaign,
and UK to the UK campaign.

MAU DAU

N P0 (%) PI (%) PII (%) PIII (%) PI (%) PII (%) PIII (%)

Total 16 4.26 4.97 5.09 4.79 5.05 5.08 4.78
Facebook 12 3.42 3.95 4.07 4.20 4.05 4.14 4.28
Instagram 4 16.00 19.01 23.50 16.51 18.65 21.87 14.42
Germany 13 9.63 11.83 11.28 10.96 12.06 11.29 10.97
UK 3 1.24 1.24 1.37 1.25 1.23 1.36 1.23

These individuals were born in Germany (8), the United Kingdom (2), Italy (1), Romania5

(1), the Russian Federation (1), Ukraine (1), and the United States (1), and their primary
residences were in Germany (10), the United Kingdom (3), Brazil (1), Spain (1), and Italy (1).

We conducted similar tests for signs of connection with Germany for the German campaign
and for signs of connection with the UK for the UK campaign. We found that 7 (1.86%) indi-
viduals had no connection with Germany in the German campaign and 12 (3.19%) individuals10

had no connection with the UK in the UK campaign. The results are summarized in the Tables
4 and 5 below:

Table 4. No signs of connection with Germany (German campaign). Description as in Tab. 3

MAU DAU

N P0 (%) PI (%) PII (%) PIII (%) PI (%) PII (%) PIII (%)

Total 7 1.86 3.62 3.51 4.02 3.60 3.46 3.96
Facebook 7 1.99 3.88 3.70 4.23 3.86 3.65 4.17
Instagram 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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Table 5. No signs of connection with UK (UK campaign). Description as in Tab. 3

MAU DAU

N P0 (%) PI (%) PII (%) PIII (%) PI (%) PII (%) PIII (%)

Total 12 3.19 2.08 2.02 2.15 2.10 2.06 2.21
Facebook 12 3.42 2.24 2.13 2.26 2.25 2.18 2.32
Instagram 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00

The table below (Tab. 6) combines all three biases presented above:

Table 6. Summary of “no signs of connection” bias presented in Tab. 3, 4, and 5. Description as in
Tab. 3

MAU DAU

N P0 (%) PI (%) PII (%) PIII (%) PI (%) PII (%) PIII (%)

Total 35 9.31 10.67 10.62 10.97 10.75 10.60 10.95
Facebook 31 8.83 10.07 9.90 10.69 10.17 9.97 10.77
Instagram 4 16.00 19.01 23.50 16.51 18.65 21.87 14.42
Germany 20 14.81 22.10 20.62 21.98 22.26 20.54 21.84
UK 15 6.22 4.45 4.60 4.64 4.47 4.65 4.71

5.2.2 Missing responses, inconsistent reporting, and false negatives in migration
reporting

Among the 376 respondents who were not classified as a target bias (35 individuals, Tab. 6), 161
(Tab. 7) answered “Yes” to question [5/1]: “Have you ever migrated, traveled, or changed your5

country of residence for at least six weeks?”. Additionally, 66 respondents (Tab. 8) answered
“No”, while 114 (Tab. 9) either dropped out before answering (109) or selected “Prefer not to
say” (5).

Table 7. Respondents who answered “Yes” to question [5/1]: “Have you ever migrated, traveled, or
changed your country of residence for at least six weeks?” and were not classified as a target bias (see
Table 6). Proportions were calculated using population counts from Table 2 as denominators. See Table
3 for a description of columns and rows.

MAU DAU

N P0 (%) PI (%) PII (%) PIII (%) PI (%) PII (%) PIII (%)

Total 161 42.82 46.50 44.97 42.51 46.41 45.27 43.08
Facebook 144 41.03 45.11 43.92 41.16 45.09 44.23 41.71
Instagram 17 68.00 65.71 63.99 69.20 64.47 63.96 69.49
Germany 55 40.74 39.39 39.84 39.34 39.82 40.38 39.81
UK 106 43.98 50.37 48.06 44.34 50.01 48.20 44.96
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Table 8. Respondents who answered “No” to question [5/1]: “Have you ever migrated, traveled, or
changed your country of residence for at least six weeks?” and were not classified as a target bias (see
Table 6). Proportions were calculated using population counts from Table 2 as denominators. See Table
3 for description of columns and rows.

MAU DAU

N P0 (%) PI (%) PII (%) PIII (%) PI (%) PII (%) PIII (%)

Total 66 17.55 15.02 16.55 16.24 15.45 16.85 16.59
Facebook 64 18.23 15.51 17.05 16.55 15.87 17.30 16.85
Instagram 2 8.00 8.20 7.48 10.11 9.77 8.71 11.65
Germany 12 8.89 10.75 12.53 11.54 10.82 12.52 11.54
UK 54 22.41 17.34 18.96 18.95 17.98 19.44 19.49

Table 9. Respondents who dropped out before answering or selected “Prefer not to say” for question
[5/1]: “Have you ever migrated, traveled, or changed your country of residence for at least six weeks?”
and were not classified as a target bias (see Table 6). Proportions were calculated using population
counts from Table 2 as denominators. See Table 3 for description of columns and rows.

MAU DAU

N P0 (%) PI (%) PII (%) PIII (%) PI (%) PII (%) PIII (%)

Total 114 30.32 27.81 27.87 30.27 27.39 27.28 29.38
Facebook 112 31.91 29.31 29.13 31.59 28.87 28.49 30.67
Instagram 2 8.00 7.08 5.03 4.18 7.11 5.46 4.44
Germany 48 35.56 27.76 27.02 27.14 27.10 26.56 26.81
UK 66 27.39 27.84 28.38 32.07 27.54 27.70 30.85

Notably, 64 out of the 66 respondents (96.97%) who answered “No” to question [5/1] show
clear evidence of past migration (Table 10 vs. Table 8). This is based on their place of birth
differing from their primary residence. Nevertheless, we lack information about the duration
of their migration or how they interpreted “primary residence” in question [3/1], although a
definition was included in the question text: “In which country is your primary residence? This5

is where you live most of the time, have/rent a place to stay, and plan to remain for over
six months. Exclude places you’re visiting briefly (e.g., vacations or short trips).” Of these
respondents, 62 were likely individuals born in Poland but now residing in Germany or the
UK, as summarized in Tab. 11. Importantly, statistical tests showed no significant differences
between those who answered “No” and those who answered “Yes” to question [5/1] in terms of10

age distribution (� 2 = 0:48, df = 2, p = 0:786), sex (� 2 < 0:001, df = 1, p = 1:000), or the joint
age-by-sex distribution (� 2 = 1:18, df = 5, p = 0:947).
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Table 10. Respondents with evidence of prior migration despite answering “No” to question [5/1]:
“Have you ever migrated, traveled, or changed your country of residence for at least six weeks?” Cases
identified as target bias (Table 6) were excluded. Proportions were calculated using population counts
from Table 2 as denominators. See Table 3 for column/row descriptions.

MAU DAU

N P0 (%) PI (%) PII (%) PIII (%) PI (%) PII (%) PIII (%)

Total 64 17.02 14.62 16.13 15.80 15.10 16.49 16.21
Facebook 62 17.66 15.09 16.61 16.09 15.49 16.92 16.45
Instagram 2 8.00 8.20 7.48 10.11 9.77 8.71 11.65
Germany 11 8.15 9.79 11.57 10.50 9.99 11.70 10.65
UK 53 21.99 17.25 18.87 18.85 17.90 19.36 19.40

Table 11. Respondents born in Poland with current primary residence in Germany or the UK who
answered ’No’ to question [5/1] about prior migration. See Table 10 for additional description.

MAU DAU

N P0 (%) PI (%) PII (%) PIII (%) PI (%) PII (%) PIII (%)

Total 62 16.49 14.48 15.96 15.65 14.96 16.32 16.05
Facebook 60 17.09 14.93 16.43 15.93 15.34 16.74 16.28
Instagram 2 8.00 8.20 7.48 10.11 9.77 8.71 11.65
Germany 10 7.41 9.55 11.28 10.25 9.75 11.41 10.39
UK 52 21.58 17.16 18.78 18.75 17.80 19.26 19.29

We can apply the same logic to respondents who dropped out of the survey, selected “Prefer
not to say”, or who answered “Yes” to question [5/1] but did not provide further details about
their country of origin (question [5/6]), destination country (question [5/5]), or duration of stay
(question [5/4]). Table 12 summarizes all these respondents along with those who answered “No”
to [5/1], while Table 13 presents the subset of data from Table 12 specifically for respondents5

born in Poland with current primary residence in Germany or the UK. Again very high fraction
(98.53%, 202 of 206) seem to have a migration history from Poland to Germany or UK.

Table 12. Respondents with evidence of prior migration who: dropped out of the survey, selected
“Prefer not to say“, answered “No” to question [5/1], or answered “Yes” to [5/1] but provided incomplete
migration details (country of origin [5/6], destination country [5/5], or duration of stay [5/4]). Cases
identified as target bias (Table 6) were excluded. Proportions use population counts from Table 2 as
denominators. See Table 3 for column/row descriptions.

MAU DAU

N P0 (%) PI (%) PII (%) PIII (%) PI (%) PII (%) PIII (%)

Total 206 54.79 54.08 52.79 52.87 53.81 52.59 52.67
Facebook 199 56.70 56.16 54.23 53.55 55.73 53.92 53.19
Instagram 7 28.00 25.42 26.88 39.48 27.50 28.85 42.56
Germany 73 54.07 43.89 44.45 44.00 43.68 44.23 44.02
UK 133 55.19 59.63 57.81 57.98 59.33 57.60 57.63
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Table 13. Polish-born respondents residing in Germany or the UK who: dropped out of the survey,
selected “Prefer not to say”, answered “No” to question [5/1], or answered “Yes” but provided incomplete
migration details. See Table 12 for full description.

MAU DAU

N P0 (%) PI (%) PII (%) PIII (%) PI (%) PII (%) PIII (%)

Total 202 53.72 53.74 52.41 52.46 53.41 52.17 52.20
Facebook 196 55.84 55.92 53.94 53.29 55.48 53.62 52.93
Instagram 6 24.00 23.57 24.68 35.97 25.10 26.05 38.18
Germany 70 51.85 43.07 43.57 43.04 42.73 43.25 42.92
UK 132 54.77 59.54 57.72 57.88 59.23 57.50 57.52

5.2.3 Biases related to reported mobility

In previous sections we identified targeting and response issues. Here we analyze potential bi-
ases in respondents who answered “Yes” to [5/1], were excluded from target bias groups, and
provided crucial migration details (country of origin [5/6], destination country [5/5], or dura-
tion of stay [5/4]). From 161 eligible respondents (Table 7), 127 (7aggregated8.88%) supplied5

complete migration information (Table 14).

Table 14. Respondents who answered “Yes” to [5/1] and provided complete migration details (country
of origin [5/6], destination country [5/5], or duration of stay [5/4]). Cases identified as target bias (Table
6) were excluded. Proportions use population counts from Table 2 as denominators. See Table 3 for
column/row descriptions.

MAU DAU

N P0 (%) PI (%) PII (%) PIII (%) PI (%) PII (%) PIII (%)

Total 127 33.78 33.42 34.58 34.14 33.92 35.14 34.71
Facebook 113 32.19 31.82 33.75 33.64 32.46 34.36 34.28
Instagram 14 56.00 55.57 49.62 44.01 53.85 49.28 43.02
Germany 39 28.89 32.61 33.50 32.52 32.80 33.93 32.79
UK 88 36.51 33.86 35.23 35.07 34.54 35.87 35.82

Our analysis utilizes a five-category classification system (Table 15) to examine migration
patterns among 127 respondents with complete data, representing 33.8% of the total sample.
The detailed case-level results appear in Table 16, where proportions are weighted against
the initial sample (Table 2). For comparison, Table A17 in the appendix presents equivalent10

proportions using only these 127 cases as the denominator. The aggregated results from Table 16
are summarized in Table 17, with platform-specific analyses provided in Tables 19 (Facebook)
and 21 (Instagram). Corresponding proportions using the 127 respondents as denominator
appear in Tables 18, 20, and 22.

The analysis reveals that direct migrations (Type D) dominate the sample, comprising 10615

cases (P0=28.2%). As shown in Table 17, weighted estimates for Type D remain stable across
post-stratification methods (26.9-28.2% MAU). When examining proportions relative to only
the migration cases (Table 18, with detailed information in appendix Table A17), Type D
accounts for 83.5% of responses, confirming its predominance.

Germany20
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Table 15. Classification of migration types in the sample.

Type Classification criteria

D Direct migration: Highly likely direct long-term migration from
Poland to Germany/UK, with respondents currently residing there.
It shows Poland as the probable origin and Germany/UK as both the
destination and current residence.

N Potentially indirect migration: Polish-born individuals residing
in Germany/UK but may not have migrated directly from Poland.
Residence matches the destination country, though origin appears to
be elsewhere (survey language confirms a Polish connection even if the
respondent listed English as the primary language on Meta).

E Inconsistencies: Inconsistent responses to survey questions: (1)
Country of origin is the same as the destination for either long-term
or short-term migration, (2) Last long-term destination differs from
current residence, or (3) Reverse migration is shown, i.e., migration to
Poland while apparently still residing in Germany/UK.

S Likely short-term migration: Shows short-term moves from
Poland to Germany/UK without confirmation of long-term residence.
May indicate the start of residence rather than long-term migration
and thus contribute to overcounting bias.

X Problematic classification: Theoretically, Meta may not classify
these respondents as Polish migrants, as neither origin, destination,
nor reported language on Meta platforms suggests a connection with
Poland. However, we know these respondents used Polish as the survey
language. Meta may have mistakenly recognized a secondary language,
or respondents may have misreported their primary language on Meta
during our survey.
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Table 16. Migration trajectories for respondents who answered question [5/1], excluding cases with
targeting bias (Table 6) and including only those with complete migration records (Table 14). We
classify migration patterns according to Table 15, analyzing primary social media language (Lang, from
[4/1]), birth country (Bth), and residence country (Res), with stays categorized as short-term (< 12
months) or long-term (≥ 1 year). Case counts (N ) and percentage proportions (P) are calculated using
post-stratification methods I-III (Table 3), with proportions weighted against the total initial sample
(Table 2). For comparison, Table A17 in the appendix shows equivalent proportions calculated using
only these 127 respondents as the denominator.

Short stay Long stay MAU (%) DAU (%)

Type Lang Bth Res Origin Dest Origin Dest N P0 (%) PI PII PIII PI PII PIII

D DEU PL DE . . PL DE 11 2.93 4.15 5.40 4.62 4.22 5.42 4.64
D ENG PL DE . . PL DE 2 0.53 0.55 0.81 0.61 0.56 0.82 0.62
D ENG PL GB . . PL GB 32 8.51 8.69 7.95 8.05 8.80 8.19 8.33
D POL DE DE . . PL DE 1 0.27 0.07 0.07 0.08 0.07 0.07 0.08
D POL PL DE . . PL DE 17 4.52 4.40 4.26 4.27 4.47 4.37 4.34
D POL PL GB PK GB PL GB 1 0.27 0.06 0.06 0.06 0.06 0.06 0.07
D POL PL GB PL DE PL GB 1 0.27 0.06 0.07 0.07 0.06 0.07 0.07
D POL PL GB . . PL GB 37 9.84 8.16 8.82 8.83 8.30 8.84 8.87
D UNK PL DE . . PL DE 2 0.53 0.28 0.25 0.32 0.29 0.25 0.32
D UNK PL GB . . PL GB 2 0.53 0.43 0.53 0.48 0.45 0.55 0.49
E ENG DE DE . . DE PL 1 0.27 0.56 0.50 0.62 0.51 0.45 0.56
E ENG PL GB . . GB BD 1 0.27 0.06 0.06 0.06 0.05 0.05 0.06
E ENG PL GB GB GB . . 1 0.27 0.11 0.10 0.11 0.15 0.13 0.15
E ENG PL GB GB PL GB NL 1 0.27 0.68 0.53 0.70 0.68 0.56 0.74
E ENG PL GB . . PL DE 1 0.27 0.33 0.30 0.37 0.35 0.31 0.39
E ENG PL GB . . PL PL 2 0.53 0.46 0.44 0.50 0.48 0.45 0.53
E ENG PL GB PL PL . . 1 0.27 0.06 0.07 0.07 0.06 0.07 0.07
E POL PL GB GB DE . . 1 0.27 0.33 0.30 0.37 0.35 0.31 0.39
E POL PL GB . . PL IS 1 0.27 1.14 1.28 1.26 1.14 1.26 1.24
E POL PL GB PL IT . . 1 0.27 0.06 0.07 0.07 0.06 0.07 0.07
N POL PL DE . . CA DE 1 0.27 0.07 0.07 0.08 0.07 0.07 0.08
N POL PL DE . . GB DE 1 0.27 0.49 0.34 0.55 0.51 0.35 0.57
N POL PL GB NL GB NL GB 1 0.27 0.31 0.39 0.34 0.32 0.41 0.35

N,X ENG PL DE . . GB DE 1 0.27 0.11 0.09 0.12 0.11 0.09 0.12
N,X ENG PL GB . . DE GB 1 0.27 0.31 0.39 0.34 0.32 0.41 0.35
N,X ENG PL GB . . NZ GB 1 0.27 0.13 0.14 0.14 0.13 0.14 0.14
N,X ENG PL GB . . US GB 1 0.27 0.31 0.39 0.34 0.32 0.41 0.35

S POL PL DE PL DE . . 1 0.27 0.48 0.74 0.53 0.49 0.75 0.54
X ENG GB GB GB AU . . 1 0.27 0.24 0.13 0.10 0.24 0.14 0.11
X RUS RU DE . . RU DE 1 0.27 0.33 0.07 0.09 0.27 0.06 0.08

SUM 127 33.78 33.42 34.58 34.14 33.92 35.14 34.71
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Table 17. Results of Table 16 aggregated by Type of migration.

MAU (%) DAU (%)

Type N P0 (%) PI PII PIII PI PII PIII

D 106 28.19 26.86 28.21 27.38 27.28 28.64 27.83
E 11 2.93 3.80 3.64 4.13 3.84 3.68 4.19
N 3 0.80 0.87 0.80 0.96 0.91 0.83 1.00

N,X 4 1.06 0.84 1.01 0.93 0.89 1.05 0.97
S 1 0.27 0.48 0.74 0.53 0.49 0.75 0.54
X 2 0.53 0.57 0.20 0.19 0.52 0.21 0.19

SUM 127 33.78 33.42 34.58 34.14 33.92 35.14 34.71

Table 18. Equivalent to Tab. 17, but using only the 127 respondents from this table as exposures
(rather than the full sample)

MAU (%) DAU (%)

Type N P0 (%) PI PII PIII PI PII PIII

D 106 83.46 80.37 81.56 80.21 80.41 81.48 80.16
E 11 8.66 11.37 10.51 12.11 11.33 10.47 12.06
N 3 2.36 2.60 2.31 2.82 2.67 2.35 2.87

N,X 4 3.15 2.53 2.91 2.73 2.61 2.98 2.79
S 1 0.79 1.44 2.13 1.56 1.45 2.13 1.56
X 2 1.57 1.69 0.58 0.56 1.52 0.59 0.56

SUM 127 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Platform-specific analyses demonstrate distinct patterns. For Facebook respondents (N=115),
Tables 19 and 20 (derived from appendix Tables A18 and A19) show Type D maintaining 79.4-
84.1% of cases across weighting methods in the local proportion analysis. The smaller Instagram
subsample (N=14), presented in Tables 21 and 22 (from appendix Tables A20 and A21), exhibits
greater variability, with Type D estimates ranging from 37.7-45.5% MAU in global analysis and5

78.6-88.5% in local proportions.

Table 19. Equivalent to Tab. 17, but showing only Facebook respondents.

MAU (%) DAU (%)

Type N P0 (%) PI PII PIII PI PII PIII

D 95 27.07 25.52 27.34 26.86 26.04 27.84 27.40
E 10 2.85 3.95 3.73 4.22 3.97 3.75 4.25
N 3 0.85 0.93 0.84 1.01 0.97 0.87 1.05

N,X 4 1.14 0.91 1.06 0.98 0.95 1.11 1.02
S 1 0.28 0.52 0.78 0.56 0.53 0.79 0.57

SUM 113 32.19 31.82 33.75 33.64 32.46 34.36 34.28
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Table 20. Equivalent to Tab. 18, but showing only Facebook respondents.

MAU (%) DAU (%)

Type N P0 (%) PI PII PIII PI PII PIII

D 95 84.07 80.18 81.00 79.85 80.22 81.03 79.91
E 10 8.85 12.42 11.06 12.55 12.22 10.92 12.40
N 3 2.65 2.93 2.49 3.01 3.00 2.54 3.06

N,X 4 3.54 2.85 3.15 2.91 2.93 3.22 2.97
S 1 0.88 1.62 2.30 1.67 1.63 2.30 1.66

SUM 113 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Table 21. Equivalent to Tab. 17, but showing only Instagram respondents.

MAU (%) DAU (%)

Type N P0 (%) PI PII PIII PI PII PIII

D 11 44.00 45.50 43.91 37.68 44.12 42.94 36.13
E 1 4.00 1.68 1.87 2.36 2.15 2.40 2.96
X 2 8.00 8.39 3.83 3.97 7.57 3.94 3.93

SUM 14 56.00 55.57 49.62 44.01 53.85 49.28 43.02

Table 22. Equivalent to Tab. 18, but showing only Instagram respondents.

MAU (%) DAU (%)

Type N P0 (%) PI PII PIII PI PII PIII

D 11 78.57 81.87 88.51 85.61 81.94 87.13 83.99
E 1 7.14 3.03 3.78 5.36 4.00 4.87 6.88
X 2 14.29 15.10 7.72 9.03 14.06 8.00 9.13

SUM 14 100.00 100.00 100.00 100.00 100.00 100.00 100.00
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5.2.4 Biases related to usage of the social media

In this section we examine social media usage patterns, focusing on Facebook and Instagram
users identified by Meta to be residing in Germany and the UK. Data were analyzed using
unweighted percentages (P0) and three post-stratification weighting methods (PI, PII, and PIII)
based on Monthly Active User (MAU) metrics (DAU metrics are available in the appendix A.3).5

The unweighted distributions of the collected variables are summarized in Fig. 11.
Overall, 12.25% of respondents (unweighted) reported frequently using VPNs when access-

ing social media, while 53.28% never used them (Tab. 23). Weighted estimates indicated higher
VPN usage (19.10–24.09% for frequent use) and lower non-usage rates (46.84–50.20%). Face-
book users reported a bit higher frequent VPN adoption (13.08% unweighted, up to 2563%10

weighted) compared to Instagram users (4.17% unweighted, up to 5.18% weighted).
Approximately 20.11% of respondents (unweighted) reported using multiple active accounts,

with weighted estimates increasing this proportion up to 23.90% (Tab. 24). Instagram users
were more likely to have multiple accounts (29.17% unweighted) than Facebook users (19.50%
unweighted).15

Among users with multiple accounts, 37.93% (unweighted) reported having two accounts
active on Facebook, rising to 38.43% in weighted estimates (Tab. 25). UK users were more
likely to have two accounts (43.40% unweighted) than German users (26.92% unweighted). For
Instagram, 24.39% of respondents (unweighted) with multiple accounts reported having two,
with weighted estimates showing a slight increase (up to 31.34%) (Tab. 26).20

Daily Facebook usage was reported by 74.46% of respondents (unweighted), with weighted
estimates showing similar trends (up to 76.25%) (Tab. 27). Instagram usage was less frequent,
with 32.62% reporting daily use (unweighted), increasing up to 43.99% in weighted analyses
(Tab. 28).
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Figure 11. Distribution of selected variables related to social media use: use of VPN (question [4/2]),
multiple Meta accounts (question [4/3]), and Facebook and Instagram usage (question [4/6]). For distri-
butions including additional variables and accounting for post-stratification weights, see the tables below
and Appendix A.3.
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Table 23. Frequency of VPN usage among respondents. Row groups represent different aggregations
of data by social platform and country. N represents the original counts, P0 displays the unweighted
percentages, and PI, PII, and PIII show percentages adjusted using three distinct post-stratification
weighting methods. Monthly Active User (MAU) data was used to calculate post-stratification weights.
For the Daily Active User (DAU) version of this table, see Appendix, Table A22. The data is derived
from a survey question: “Do you often use a Virtual Private Network (VPN) or similar tools when using
Facebook or Instagram?”
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N 43 41 187 80
P0 [%] 12.25 11.68 53.28 22.79
PI [%] 24.27 12.43 46.95 16.35
PII [%] 21.28 12.46 47.87 18.40
PIII [%] 19.30 12.88 50.34 17.48
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N 42 39 164 76
P0 [%] 13.08 12.15 51.09 23.68
PI [%] 25.63 12.20 45.15 17.01
PII [%] 22.25 12.82 45.99 18.94
PIII [%] 20.06 13.13 48.82 17.98
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N 1 2 19 2
P0 [%] 4.17 8.33 79.17 8.33
PI [%] 5.18 15.57 72.23 7.02
PII [%] 4.19 6.11 80.89 8.80
PIII [%] 4.54 8.05 79.64 7.77
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N 14 14 60 27
P0 [%] 12.17 12.17 52.17 23.48
PI [%] 17.35 9.59 55.36 17.70
PII [%] 18.00 10.35 51.87 19.78
PIII [%] 18.16 10.03 54.69 17.11
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N 28 25 104 49
P0 [%] 13.59 12.14 50.49 23.79
PI [%] 29.95 13.57 39.82 16.65
PII [%] 24.69 14.24 42.61 18.47
PIII [%] 21.12 14.87 45.53 18.47
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PII [%] 10.12 5.58 69.10 15.20
PIII [%] 14.41 11.81 62.34 11.45
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N 0 1 14 1
P0 [%] 0.00 6.25 87.50 6.25
PI [%] 0.00 20.93 76.24 2.83
PII [%] 0.00 6.49 89.23 4.28
PIII [%] 0.00 6.33 87.59 6.08
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Table 24. Having more than one active Facebook or Instagram account. Row groups represent dif-
ferent aggregations of data by social platform and country. N represents the original counts, P0 dis-
plays the unweighted percentages, and PI, PII, and PIII show percentages adjusted using three distinct
post-stratification weighting methods. Monthly Active User (MAU) data was used to calculate post-
stratification weights. For the Daily Active User (DAU) version of this table, see Appendix, Table A23.
The data is derived from a survey question: “Do you use more than one active Facebook or Instagram
account?”
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N 88 20 6
P0 [%] 77.19 17.54 5.26
PI [%] 77.93 19.48 2.58
PII [%] 79.75 17.53 2.73
PIII [%] 78.53 18.76 2.71
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P0 [%] 73.53 20.59 5.88
PI [%] 56.82 24.76 18.42
PII [%] 60.13 26.46 13.41
PIII [%] 64.43 26.81 8.76
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PI [%] 79.58 5.70 14.71
PII [%] 72.62 12.19 15.20
PIII [%] 76.38 12.18 11.45
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N 10 6 0
P0 [%] 62.50 37.50 0.00
PI [%] 65.48 34.52 0.00
PII [%] 69.66 30.34 0.00
PIII [%] 71.04 28.96 0.00
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Table 25. Number of active Facebook accounts per user among those who declared having more than
one (Table 24. Row groups represent different aggregations of data by social platform and country.
N represents the original counts, P0 displays the unweighted percentages, and PI, PII, and PIII show
percentages adjusted using three distinct post-stratification weighting methods. Monthly Active User
(MAU) data was used to calculate post-stratification weights. For the Daily Active User (DAU) version
of this table, see Appendix, Table A24. The data is derived from a survey question: “How many active
accounts do you have on Facebook?”
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N 1 37 33 1 15
P0 [%] 1.15 42.53 37.93 1.15 17.24
PI [%] 1.37 34.17 30.90 0.39 33.18
PII [%] 0.91 36.53 34.46 0.48 27.62
PIII [%] 1.09 40.84 38.43 0.50 19.14
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N 1 4 2 0 0
P0 [%] 14.29 57.14 28.57 0.00 0.00
PI [%] 29.16 47.46 23.37 0.00 0.00
PII [%] 23.47 56.30 20.23 0.00 0.00
PIII [%] 27.63 52.48 19.89 0.00 0.00
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N 0 13 7 0 6
P0 [%] 0.00 50.00 26.92 0.00 23.08
PI [%] 0.00 68.54 20.75 0.00 10.70
PII [%] 0.00 66.32 22.51 0.00 11.17
PIII [%] 0.00 66.16 22.32 0.00 11.52
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N 0 20 23 1 9
P0 [%] 0.00 37.74 43.40 1.89 16.98
PI [%] 0.00 23.99 34.13 0.52 41.36
PII [%] 0.00 26.60 38.77 0.65 33.98
PIII [%] 0.00 31.43 45.03 0.71 22.83
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N 0 1 0 0 0
P0 [%] 0.00 100.00 0.00 0.00 0.00
PI [%] 0.00 100.00 0.00 0.00 0.00
PII [%] 0.00 100.00 0.00 0.00 0.00
PIII [%] 0.00 100.00 0.00 0.00 0.00
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N 1 3 2 0 0
P0 [%] 16.67 50.00 33.33 0.00 0.00
PI [%] 31.78 42.74 25.47 0.00 0.00
PII [%] 30.14 43.89 25.98 0.00 0.00
PIII [%] 32.97 43.29 23.74 0.00 0.00
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Table 26. Number of active Instagram accounts per user among those who declared having more than
one (Table 24. Row groups represent different aggregations of data by social platform and country.
N represents the original counts, P0 displays the unweighted percentages, and PI, PII, and PIII show
percentages adjusted using three distinct post-stratification weighting methods. Monthly Active User
(MAU) data was used to calculate post-stratification weights. For the Daily Active User (DAU) version
of this table, see Appendix, Table A25. The data is derived from a survey question: “How many active
accounts do you have on Instagram?”
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PII [%] 0.00 0.00 100.00 0.00 0.00
PIII [%] 0.00 0.00 100.00 0.00 0.00

F
ac

eb
o
ok

G
er

m
an

y

N 8 9 2 0 6
P0 [%] 32.00 36.00 8.00 0.00 24.00
PI [%] 17.02 60.97 9.69 0.00 12.32
PII [%] 19.13 53.04 14.72 0.00 13.11
PIII [%] 18.52 57.53 10.54 0.00 13.41

F
ac

eb
o
ok

U
K

N 13 16 13 1 8
P0 [%] 25.49 31.37 25.49 1.96 15.69
PI [%] 11.34 18.59 26.79 0.54 42.75
PII [%] 12.72 21.23 30.12 0.68 35.25
PIII [%] 15.65 24.87 35.00 0.75 23.73

In
st

ag
ra

m
G

er
m

an
y

N 0 0 1 0 0
P0 [%] 0.00 0.00 100.00 0.00 0.00
PI [%] 0.00 0.00 100.00 0.00 0.00
PII [%] 0.00 0.00 100.00 0.00 0.00
PIII [%] 0.00 0.00 100.00 0.00 0.00

In
st

ag
ra

m
U

K

N 0 0 4 0 0
P0 [%] 0.00 0.00 100.00 0.00 0.00
PI [%] 0.00 0.00 100.00 0.00 0.00
PII [%] 0.00 0.00 100.00 0.00 0.00
PIII [%] 0.00 0.00 100.00 0.00 0.00
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Table 27. Frequency of Facebook usage among respondents. Row groups represent different aggrega-
tions of data by social platform and country. N represents the original counts, P0 displays the unweighted
percentages, and PI, PII, and PIII show percentages adjusted using three distinct post-stratification
weighting methods. Monthly Active User (MAU) data was used to calculate post-stratification weights.
For the Daily Active User (DAU) version of this table, see Appendix, Table A26. The data is derived
from a survey question: “How often do you use the following social media platforms?”
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N 242 38 9 7 14 6 9
P0 [%] 74.46 11.69 2.77 2.15 4.31 1.85 2.77
PI [%] 76.25 12.64 2.19 1.88 2.92 2.68 1.44
PII [%] 75.43 13.31 2.58 1.82 2.85 2.55 1.46
PIII [%] 74.63 14.12 2.49 2.02 2.71 2.40 1.61

F
ac

eb
o
ok

N 227 31 8 7 11 3 9
P0 [%] 76.69 10.47 2.70 2.36 3.72 1.01 3.04
PI [%] 78.41 11.84 2.19 2.01 1.91 2.09 1.55
PII [%] 77.42 12.12 2.59 1.92 2.05 2.35 1.54
PIII [%] 76.67 12.81 2.41 2.13 2.10 2.17 1.70

In
st

ag
ra

m

N 10 6 1 0 3 3 0
P0 [%] 43.48 26.09 4.35 0.00 13.04 13.04 0.00
PI [%] 45.93 23.87 2.12 0.00 17.03 11.04 0.00
PII [%] 40.27 34.30 2.47 0.00 17.02 5.95 0.00
PIII [%] 36.04 38.96 3.86 0.00 14.37 6.78 0.00

F
ac

eb
o
ok

G
er

m
an

y

N 74 13 5 1 6 0 5
P0 [%] 71.15 12.50 4.81 0.96 5.77 0.00 4.81
PI [%] 71.29 17.08 5.85 0.30 2.71 0.00 2.76
PII [%] 71.95 15.76 6.51 0.36 2.72 0.00 2.71
PIII [%] 69.85 17.94 6.14 0.31 2.85 0.00 2.90

F
ac

eb
o
ok

U
K

N 153 18 3 6 5 3 4
P0 [%] 79.69 9.38 1.56 3.12 2.60 1.56 2.08
PI [%] 82.04 9.17 0.33 2.88 1.51 3.15 0.93
PII [%] 80.51 10.07 0.38 2.80 1.67 3.68 0.88
PIII [%] 80.41 10.00 0.37 3.13 1.69 3.36 1.04

In
st

ag
ra

m
G

er
m

an
y

N 1 2 1 0 1 2 0
P0 [%] 14.29 28.57 14.29 0.00 14.29 28.57 0.00
PI [%] 17.25 23.94 6.69 0.00 17.25 34.86 0.00
PII [%] 17.92 37.00 6.58 0.00 22.63 15.86 0.00
PIII [%] 12.93 32.03 13.33 0.00 18.28 23.43 0.00

In
st

ag
ra

m
U

K

N 9 4 0 0 2 1 0
P0 [%] 56.25 25.00 0.00 0.00 12.50 6.25 0.00
PI [%] 59.23 23.84 0.00 0.00 16.93 0.00 0.00
PII [%] 53.66 32.68 0.00 0.00 13.66 0.00 0.00
PIII [%] 45.44 41.79 0.00 0.00 12.77 0.00 0.00

43



Table 28. Frequency of Instagram usage among respondents. Row groups represent different aggrega-
tions of data by social platform and country. N represents the original counts, P0 displays the unweighted
percentages, and PI, PII, and PIII show percentages adjusted using three distinct post-stratification
weighting methods. Monthly Active User (MAU) data was used to calculate post-stratification weights.
For the Daily Active User (DAU) version of this table, see Appendix, Table A27. The data is derived
from a survey question: “How often do you use the following social media platforms?”
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N 92 55 16 19 22 69 9
P0 [%] 32.62 19.50 5.67 6.74 7.80 24.47 3.19
PI [%] 43.99 17.88 4.31 5.42 6.86 20.29 1.26
PII [%] 41.59 19.15 4.11 5.37 5.95 22.65 1.18
PIII [%] 38.32 20.02 4.80 6.07 6.81 22.56 1.42

F
ac

eb
o
ok

N 72 54 16 19 21 68 9
P0 [%] 27.80 20.85 6.18 7.34 8.11 26.25 3.47
PI [%] 40.38 19.16 4.66 5.86 7.08 21.50 1.36
PII [%] 38.66 20.03 4.37 5.72 6.15 23.81 1.25
PIII [%] 35.22 21.00 5.10 6.44 7.08 23.65 1.51

In
st

ag
ra

m

N 20 1 0 0 1 1 0
P0 [%] 86.96 4.35 0.00 0.00 4.35 4.35 0.00
PI [%] 88.34 2.12 0.00 0.00 4.07 5.47 0.00
PII [%] 87.32 5.39 0.00 0.00 2.82 4.47 0.00
PIII [%] 89.02 3.98 0.00 0.00 2.29 4.71 0.00

F
ac

eb
o
ok

G
er

m
an

y

N 28 15 7 6 9 20 3
P0 [%] 31.82 17.05 7.95 6.82 10.23 22.73 3.41
PI [%] 27.86 25.93 6.83 8.67 11.69 17.52 1.50
PII [%] 30.58 26.34 5.98 7.88 8.98 18.99 1.25
PIII [%] 28.42 26.45 6.96 8.84 9.93 17.87 1.53

F
ac

eb
o
ok

U
K

N 44 39 9 13 12 48 6
P0 [%] 25.73 22.81 5.26 7.60 7.02 28.07 3.51
PI [%] 46.49 15.86 3.60 4.49 4.84 23.44 1.29
PII [%] 43.06 16.60 3.49 4.54 4.61 26.44 1.26
PIII [%] 39.02 17.96 4.06 5.10 5.49 26.88 1.50

In
st

ag
ra

m
G

er
m

an
y

N 5 1 0 0 0 1 0
P0 [%] 71.43 14.29 0.00 0.00 0.00 14.29 0.00
PI [%] 76.06 6.69 0.00 0.00 0.00 17.25 0.00
PII [%] 73.70 14.37 0.00 0.00 0.00 11.93 0.00
PIII [%] 69.98 13.75 0.00 0.00 0.00 16.27 0.00

In
st

ag
ra

m
U

K

N 15 0 0 0 1 0 0
P0 [%] 93.75 0.00 0.00 0.00 6.25 0.00 0.00
PI [%] 94.04 0.00 0.00 0.00 5.96 0.00 0.00
PII [%] 95.48 0.00 0.00 0.00 4.52 0.00 0.00
PIII [%] 96.77 0.00 0.00 0.00 3.23 0.00 0.00
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5.3 Future plans and motivation

The survey results on short-term migration indicated that most respondents migrated tem-
porarily without a clear purpose (35.7%), for seasonal or temporary work (19%), or to visit
family and friends (14.9%). These three reasons made up nearly 70% of all short-term migra-
tion cases, pointing to a pattern where mobility is often shaped by unclear or socially driven5

motivations rather than specific plans related to work or education. For long-term migration,
the most common reasons were career advancement or employment opportunities (35.1%) and
family reunification (24.7%), followed by a broader group who reported other long-term rea-
sons (16.2%). When asked about reasons for potential future migration, retirement or lifestyle
change was mentioned most frequently (30.2%), while 17.5% reported having no particular10

plans, and 15.9% referred to employment-related motivations. Unlike short- and long-term mi-
gration, where work and family play central roles, intentions for future moves seem to reflect
more open-ended or life-stage related thinking. As for how likely respondents were to migrate
in the future, 48% said it was very unlikely and 14.8% unlikely, while 14.8% considered it likely
and 10.2% very likely. The results of these sections are summarized in Fig.12 and the following15

tables using MAU (Tab. 29, 30, 31, and 32) and DAU (A28, A29, A30, and A31) as references
for post-stratification methods.
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5.2% (N=8)
Prefer not to say
2.6% (N=4)
Long-Term Medical Treatment
and Accessibility
1.3% (N=2)
Retirement or Lifestyle Change
1.3% (N=2)

Long-Term Migration Reasons
N=154

57

33
30

30

20

9730

Retirement or Lifestyle Change
30.2% (N=57)
No Long-Term Goals
17.5% (N=33)
Career Advancement or
Employment Opportunities
15.9% (N=30)
Other Long-Term Reasons
15.9% (N=30)
Family Reunification
10.6% (N=20)
Political or Safety Concerns
4.8% (N=9)
Prefer not to say
3.7% (N=7)
Long-Term Medical Treatment
and Accessibility
1.6% (N=3)
Pursuing Higher Education
0% (N=0)

Future Migration Reasons
N=189

94

29

20

29

204Very unlikely
48% (N=94)
Unlikely
14.8% (N=29)
Neutral
10.2% (N=20)
Likely
14.8% (N=29)
Very likely
10.2% (N=20)
Prefer not to say
2% (N=4)

Future Migration Probability
N=196

Figure 12. Distribution of short-term migration reasons (question [5/2]), long-term migration reasons
(questions [5/3] and [6/2]), future long-term migration reasons (question [7/2]), and probability of mi-
gration (question [7/1]). For distributions including post-stratification weights, see the tables below and
Appendix A.4.
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Table 29. Short-term migration reasons. Row groups represent different aggregations of data by social
platform and country. N represents the original counts, P0 displays the unweighted percentages, and
PI , PII , and PIII show percentages adjusted using three distinct post-stratification weighting methods.
Monthly Active User (MAU) data was used to calculate post-stratification weights. For the Daily Active
User (DAU) version of this table, see Appendix, Table A28. The data was derived from a survey question
[5/2]: “What was the main reason for your most recent short-term migration, lasting six weeks to one
year?”
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N 25.00 1.00 15.00 6.00 1.00 32.00 9.00 8.00 60.00 11.00
P0 [%] 14.88 0.60 8.93 3.57 0.60 19.05 5.36 4.76 35.71 6.55
PI [%] 11.18 0.14 5.24 2.88 0.14 32.68 5.42 4.28 34.35 3.70
PII [%] 11.96 0.15 5.30 3.11 0.15 28.60 5.73 5.75 35.09 4.16
PIII [%] 12.36 0.17 6.31 3.49 0.17 24.40 6.61 4.44 37.57 4.48

F
ac
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o
ok

N 22.00 1.00 14.00 6.00 1.00 29.00 8.00 6.00 53.00 11.00
P0 [%] 14.57 0.66 9.27 3.97 0.66 19.21 5.30 3.97 35.10 7.28
PI [%] 10.80 0.15 5.73 3.15 0.15 34.46 5.66 3.50 32.37 4.04
PII [%] 11.46 0.16 5.68 3.33 0.16 29.00 5.60 5.20 34.95 4.46
PIII [%] 12.06 0.17 6.67 3.68 0.17 24.40 6.60 4.10 37.41 4.73

In
st

ag
ra

m

N 3.00 0.00 1.00 0.00 0.00 3.00 1.00 2.00 7.00 0.00
P0 [%] 17.65 0.00 5.88 0.00 0.00 17.65 5.88 11.76 41.18 0.00
PI [%] 15.33 0.00 0.00 0.00 0.00 13.47 2.83 12.74 55.63 0.00
PII [%] 18.92 0.00 0.00 0.00 0.00 22.91 7.60 13.46 37.12 0.00
PIII [%] 17.73 0.00 0.00 0.00 0.00 24.41 6.93 10.52 40.41 0.00
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Table 30. Long-term migration reasons. Row groups represent different aggregations of data by social
platform and country. N represents the original counts, P0 displays the unweighted percentages, and
PI , PII , and PIII show percentages adjusted using three distinct post-stratification weighting methods.
Monthly Active User (MAU) data was used to calculate post-stratification weights. For the Daily Active
User (DAU) version of this table, see Appendix, Table A29. The data was derived from a survey questions
[5/2] (for duration equal or higher 12 months) and [6/2]
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N 54.00 38.00 2.00 25.00 8.00 12.00 2.00 9.00 4.00
P0 [%] 35.06 24.68 1.30 16.23 5.19 7.79 1.30 5.84 2.60
PI [%] 30.69 12.04 0.82 17.47 2.98 26.72 1.90 6.36 1.02
PII [%] 33.65 14.13 0.78 19.18 3.15 20.70 2.18 5.21 1.02
PIII [%] 35.87 14.18 0.99 20.69 3.01 15.18 2.30 6.56 1.23

F
a
ce

b
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k

N 51.00 35.00 2.00 24.00 6.00 7.00 2.00 9.00 4.00
P0 [%] 36.43 25.00 1.43 17.14 4.29 5.00 1.43 6.43 2.86
PI [%] 31.63 11.26 0.89 18.38 2.50 25.30 2.05 6.88 1.10
PII [%] 34.22 13.05 0.83 20.18 3.19 19.58 2.32 5.54 1.08
PIII [%] 36.58 13.23 1.04 21.58 2.94 14.02 2.42 6.88 1.30

In
st
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m

N 3.00 3.00 0.00 1.00 2.00 5.00 0.00 0.00 0.00
P0 [%] 21.43 21.43 0.00 7.14 14.29 35.71 0.00 0.00 0.00
PI [%] 19.28 21.48 0.00 6.43 8.80 44.02 0.00 0.00 0.00
PII [%] 24.53 31.41 0.00 3.00 2.49 38.57 0.00 0.00 0.00
PIII [%] 21.65 33.06 0.00 2.78 4.25 38.25 0.00 0.00 0.00
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Table 31. Future Long-term migration reasons. Row groups represent different aggregations of data by
social platform and country. N represents the original counts, P0 displays the unweighted percentages,
and PI, PII, and PIII show percentages adjusted using three distinct post-stratification weighting methods.
Monthly Active User (MAU) data was used to calculate post-stratification weights. For the Daily Active
User (DAU) version of this table, see Appendix,Table A30. The data was derived from a survey question
[7/2] “What would be the main reason for a potential future long-term change in your usual place of
residence”
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Table 32. Future migration plans. Row groups represent different aggregations of data by social
platform and country. N represents the original counts, P0 displays the unweighted percentages, and
PI, PII, and PIII show percentages adjusted using three distinct post-stratification weighting methods.
Monthly Active User (MAU) data was used to calculate post-stratification weights. For the Daily Active
User (DAU) version of this table, see Appendix, Table A31. The data was derived from a survey question
[7/1] “How likely are you to move to a different country within the next 1 to 3 years?”

V
e
ry

li
k

e
ly

L
ik

e
ly

N
e
u

tr
a

l

U
n

li
k

e
ly

V
e
ry

u
n

li
k

e
ly

P
re

fe
r

n
o

t
to

sa
y

T
o
ta

l

N 20.00 29.00 20.00 29.00 94.00 4.00
P0 [%] 10.20 14.80 10.20 14.80 47.96 2.04
PI [%] 13.20 22.37 8.04 12.50 43.07 0.82
PII [%] 15.50 18.53 8.41 11.78 45.00 0.78
PIII [%] 13.61 20.47 8.04 12.45 44.56 0.87

F
a
ce

b
o
o
k

N 18.00 26.00 14.00 27.00 90.00 4.00
P0 [%] 10.06 14.53 7.82 15.08 50.28 2.23
PI [%] 13.93 21.46 5.91 12.65 45.15 0.89
PII [%] 15.81 19.06 6.05 12.02 46.23 0.83
PIII [%] 13.78 20.89 6.07 12.73 45.62 0.92

In
st

ag
ra

m

N 2.00 3.00 6.00 2.00 4.00 0.00
P0 [%] 11.76 17.65 35.29 11.76 23.53 0.00
PI [%] 5.43 32.05 30.83 10.90 20.80 0.00
PII [%] 10.74 10.48 44.47 8.10 26.22 0.00
PIII [%] 10.52 12.69 44.53 7.35 24.92 0.00
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6 Conclusions and perspectives

6.1 Sample structure and response dynamics

Initial screening based on the age requirement (being 18+) reduced the sample by about 3 times.
However, this did not lead to major compositional shifts. Even so, these differences could not
be easily accounted for by recalculating post-stratification weights for each individual question5

due to the small and rapidly decreasing sample size.
A notable challenge was the lower participation rate among certain demographic groups—particularly

men, respondents under 25, Instagram users in general, and individuals with only primary ed-
ucation or less. This underrepresentation may impact the performance of post-stratification
algorithms, as smaller groups are subject to higher sampling error.10

6.2 Targeting and sample accuracy

Ten percent of cases (and as much as 14–24% for Instagram-specific ads) were unrelated to the
target countries. These individuals may reflect either genuine Facebook targeting bias or, to a
lesser extent, users who encountered the survey outside the intended advertising environment.
Another possible explanation is Meta’s introduction of mandatory Advantage+ Targeting in15

September 2024, which limited precise control over ad audience selection for demographics
and behaviors. While this poses a challenge to accurately estimating classification bias, we
assume that the upper bound of this error is capped at approximately 10% of cases. It remains
important for future research to closely monitor targeting accuracy as new tools continue to be
added to the campaign settings.20

Furthermore, some of these individuals may not have migrated at all, yet were still captured
by Facebook’s system as relevant to the study due to algorithmic assumptions under Advan-
tage+ Targeting. This means that these groups may include other potential biases we want to
capture, such as overcounting and undercounting, though they may come from different migrant
and non-migrant populations than targeted by our campaigns.25

6.3 Data quality assessment after removing targeting bias

After excluding 35 individuals identified as affected by the targeting bias, the remaining sample
(n = 341) showed strong consistency in the evidence of past migration. For instance, 64 out of 66
respondents (97%) who answered “No” to the migration question (“Have you lived in another
country for 6 weeks or longer?”) had birthplaces different from their country of residence–30

providing clear evidence of migration (see Table 10 vs. Table 8). Only six individuals among
341 showed no clear signs of migration, though more complex patterns cannot be ruled out
among them.

Despite clear and precise wording, around 18% of respondents with evident migration back-
grounds (e.g., country of birth differs than country of residence as mentioned above) still an-35

swered “No” to the 6-weeks-or-longer migration question. This may reflect inconsistent report-
ing or satisficing, where participants give less optimal rather than fully accurate answers, often
to save mental energy (Krosnick, 1999). For example, some respondents may have focused on
the “6 weeks” part and inadvertently overlooked the “or longer” phrasing or have skipped the
accompanying explanation, which led to misreporting the past migration in the survey.40

6.4 Meta’s classification of migration performance

Meta’s classification appears highly accurate for its core demographic: Polish-born individuals
now residing in Germany or the UK. This is supported by the high prevalence of Type D
classifications and consistent use of Polish as the language of the survey and declaring Poland
as place of birth.45
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Indeed, language seems to play a crucial role in this identification. Most respondents were
directed to a Polish-language survey via Polish-language ads, suggesting a tight link between
language and national origin, despite many declaring a different main language used on Meta
platforms. One reason for this discrepancy may be the lack of a secondary language in our
questionnaire.5

In our sample, Polish usage during the survey appears strongly correlated with being born
in Poland or (perhaps being a descendant of Polish migrants in cases different than D), which
likely enhances classification accuracy. In different systems of migrants using the same language
(e.g. Germans living in Austria or vice versa), the Facebook and Instagram performance might
be less accurate, but this needs further investigation.10

6.5 Biases related to reported mobility

The cases different than Type D constitute about 16% of the declared migrants that provided
details. Most of them belong to Types N (Potentially indirect migration) and E (inconsistencies).
These cases raise some uncertainty about the migration patterns, but do not pose strong signs
of systematic overcounting in these groups. Rather they rise accuracy issues.15

More substantial concerns arise for Types S (likely short-term migration) and X (problematic
classification). A single Type S respondent may indeed represent short-term or temporary
mobility, which could lead to overcounting if such cases are mistakenly interpreted as long-term
migrants. Nonetheless, a single case suggests that overcounting is extremely rare in the studied
sample.20

Among the six Type X respondents, two reported non-Polish countries of birth and used
Polish in the survey despite listing other primary social media languages. This group is called
problematic, because theoretically Meta algorithm should not be able to recognize them as
migrants (it should not know country of birth for most respondents). This further underlines
that the primary language might not be listed correctly or Meta uses other hidden variables to25

determine migration.
Respondents often answered inconsistently to the concepts such as “current residence” versus

“temporary location” or “migration,” despite our efforts to provide clear definitions. These chal-
lenges highlight the cognitive burden involved in accurately self-reporting migration histories–
especially in a survey context delivered via social media platforms.30

6.6 Biases related to usage of the social media

The analysis reveals several important conclusions about biases related to social media usage.
First, VPN usage appears to be underestimated in unweighted data, with post-stratification
adjustments indicating that up to a quarter of users frequently use VPNs. This has significant
implications for accurately identifying users’ locations based on their digital traces. Facebook35

users were more likely to report frequent VPN use than Instagram users, suggesting platform-
specific differences in access behaviors.

Second, a considerable proportion of respondents report having multiple active social media
accounts, particularly on Instagram. This practice may introduce bias through the potential
overrepresentation of individual users in platform-derived estimates. The likelihood of maintain-40

ing multiple accounts also varies by country, with UK users more frequently reporting having
two Facebook accounts compared to their counterparts in Germany.

Finally, daily usage patterns differ by platform. Facebook is used daily by the majority of
respondents, with only minor changes after applying weights. In contrast, Instagram is less
frequently used on a daily basis, though weighted estimates show a notable increase. These45

findings underscore the importance of accounting for demographic and behavioral differences
when interpreting data derived from social media platforms.
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6.7 Reported future plans and motivation

Short-term migration is largely driven by unclear or socially motivated reasons, rather than
clear economic or educational goals, suggesting a more spontaneous or opportunistic mobility
pattern. In contrast, long-term migration tends to be motivated by career opportunities or
family reunification, reflecting more intentional decision-making. Future migration intentions5

are more flexible, with many respondents considering lifestyle changes or having no specific
plans, indicating a shift toward personal goals or life circumstances. The overall low likelihood
of future migration suggests either a sense of stability or uncertainty about the need for change.

6.8 Perspectives

Our results demonstrated that, aside from targeting biases, the Meta algorithm is capable of10

capturing Polish migrants in the UK and Germany with a high degree of accuracy, particularly
with respect to long-term migration characteristics. However, Polish migrants are relatively
unique, as they speak a distinct language that is not commonly spoken by other nations, which
significantly aids Meta’s targeting algorithm. Further studies are needed to examine migrants
who speak languages that cannot be easily attributed to a specific nationality (e.g., Germans15

living in Austria or vice versa).
While some of the biases collected will have limited utility in the planned Bayesian models

of migration stocks, others, particularly those related to social media usage patterns, will be
very useful to account for in such models.
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Jasper, T., & Rodŕıguez Sánchez, A. (2025). Estimating the irregular migrant population5

through social media surveys (MIrreM Briefing Paper). Krems: University for Continuing
Education Krems (Danube University Krems). Retrieved from https://doi.org/10.5281/
zenodo.14801999 doi: 10.5281/zenodo.14801999

Kalimeri, K., Rosina, A., Bonanomi, A., Beiró, M. G., & Cattuto, C. (2020). Traditional
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A31 Future migration plans. Row groups represent different aggregations of data by
social platform and country. N represents the original counts, P0 displays the30

unweighted percentages, and PI , PII , and PIII show percentages adjusted using
three distinct post-stratification weighting methods. Daily Active User (DAU)
data was used to calculate post-stratification weights. The data was derived from
a survey question [7/1] “How likely are you to move to a different country within
the next 1 to 3 years?” . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8635
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A Appendix

A.1 Details of calculation of post-Stratification Weights Using Method (II)
and (III)

A.1.1 Method II: Redistribution of counts using Generalized Additive Models
(GAM)5

Method II preserves the original number of strata groups by redistributing counts using Gener-
alized Additive Models (GAM) in a Poisson setting. The process involves the following steps:

• Data preparation:

– The dataset is filtered based on the platform (Facebook or Instagram) and country (Ger-
many or UK).10

– Variables such as age, sex, and education are extracted, with missing education data cate-
gorized as “Unknown”.

– The data is structured into a frequency table, where counts are aggregated for each com-
bination of sex, age class, and education class.

• Model specification:15

– Multiple GAM models are tested (see A.1.2 for details below), each incorporating:

∗ A smooth term for numerically coded age class.
∗ Sex and education as categorical variables.
∗ An indicator variable representing the position of the last open age interval.
∗ Various interactions between age, sex, and education.20

– The dependent variable is the count for each combination of sex, age class, and education
class obtained via tabulation (described in Data Preparation above).

• Model selection:

– The most parsimonious model for each platform-country combination is selected based on
the Akaike Information Criterion (AIC).25

– The selected models include smooth terms for age and different interactions between edu-
cation and sex (see below).

• Prediction and aggregation:

– The selected model is used to predict counts for each combination of age, sex, and education.
– Predicted counts are aggregated along the education axis to retrieve the age-sex strata.30

A.1.2 Most parsimonious models

The most parsimonious models selected for each platform and country combination are as
follows:

Facebook – Germany : Count ∼ edu + sex + s(age n; by = sex; k = 7; bs = ’cr’) + age e

Facebook – UK : Count ∼ edu × sex + s(age n; by = sex; k = 7; bs = ’cr’) + age e × edu

Instagram – Germany : Count ∼ edu × sex + s(age n; by = sex; k = 7; bs = ’cr’) + age e

Instagram – UK : Count ∼ edu + sex + s(age n; by = sex; k = 7; bs = ’cr’) + age e

Where the dependent variable is Count, which represents the observed number of users in each
demographic group. The predictors include edu, a categorical variable representing education35

level; sex, a categorical variable representing gender (with levels: Female and Male); edu ×
sex, an interaction term capturing the joint effects of education and gender; age n, a numerical
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representation of the categorical age variable, used in a smooth function s() to model nonlinear
age effects; and age e, an indicator variable for the last open age interval.

The smooth term s(age n; k = 7; bs = ’cr’) applies a penalized regression spline to capture
nonlinear age effects. Here, k = 7 specifies the number of basis functions, controlling the
flexibility of the spline, and bs = ’cr’ specifies a cubic regression spline, ensuring a smooth fit5

while avoiding overfitting. In some models, the optional argument by = sex allows the age
effects to vary by gender.

A.1.3 Other tested models

The following models were also tested during the selection process:

Formula 1 : Count ∼ edu × sex + s(age n; by = sex; k = 7; bs = ’cr’) + age e × edu

Formula 2 : Count ∼ edu + sex + s(age n; by = sex; k = 7; bs = ’cr’) + age e × edu

Formula 3 : Count ∼ edu × sex + s(age n; k = 7; bs = ’cr’) + age e × edu

Formula 4 : Count ∼ edu × sex + s(age n; by = sex; k = 7; bs = ’cr’) + age e

Formula 5 : Count ∼ edu + sex + s(age n; by = sex; k = 7; bs = ’cr’) + age e

Formula 6 : Count ∼ edu × sex + s(age n; k = 7; bs = ’cr’) + age e

Formula 7 : Count ∼ edu × sex + s(age n; k = 7; bs = ’cr’) + age e × sex

Formula 8 : Count ∼ edu × sex + age

Formula 9 : Count ∼ edu × sex + age × sex

Formula 10 : Count ∼ edu + sex + age × sex

A.1.4 Method III: Imputation for strata with zero counts10

For strata with zero observed counts, the model predictions are used to impute values. This
approach, referred to as Method III, ensures that no strata are excluded from the final analysis
due to missing data. The steps are as follows:

• Identification of zero counts:

– Strata with zero observed counts are identified in the frequency table.15

• Imputation using model predictions calculated via Method II:

– The GAM model predictions are used to fill in the missing counts for these strata.
– This ensures that the final dataset is complete and representative of all age-sex-education

combinations.

• Aggregation of imputed counts:20

– The imputed counts are aggregated along the education axis to retrieve the age-sex strata.
– This step ensures consistency between the observed and imputed data.
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Age-sex distributions of data collected via Facebook advertisement platform
API

DAU MAU

Age Female Male Female Male

18-24 1.97 1.30 2.19 1.91
25-29 4.90 3.35 4.92 3.80
30-34 7.03 5.36 6.84 5.37
35-39 7.95 5.58 7.28 5.66
40-44 8.56 5.42 8.16 5.31
45-49 8.48 5.22 8.12 5.10
50-54 6.95 3.99 6.78 4.07
55-59 5.06 3.12 4.91 3.09
60-64 4.13 2.44 3.99 2.65
65+ 5.69 3.50 5.83 4.04

Table A1. Age and gender percentages for Facebook Monthly Active Users (MAU) and Daily Active
Users (DAU) living in Germany who previously lived in Poland.

DAU MAU

Age Female Male Female Male

18-24 1.58 1.21 2.19 2.09
25-29 4.87 3.47 4.84 3.66
30-34 8.21 5.96 7.67 5.87
35-39 11.37 7.67 10.74 7.70
40-44 13.84 9.63 12.96 9.41
45-49 8.07 6.74 7.90 6.91
50-54 4.05 3.45 3.98 3.68
55-59 2.48 1.76 2.32 1.93
60-64 1.67 1.03 1.57 1.17
65+ 1.88 1.04 2.03 1.39

Table A2. Age and gender percentages for Facebook Monthly Active Users (MAU) and Daily Active
Users (DAU) living in the UK who previously lived in Poland.

DAU MAU

Age Female Male Female Male

18-24 4.40 3.49 3.40 3.31
25-29 9.36 6.34 7.01 5.23
30-34 11.95 6.74 9.53 6.07
35-39 10.17 5.14 9.07 5.47
40-44 9.51 4.14 9.31 4.51
45-49 8.30 2.45 8.81 3.73
50-54 5.88 1.79 6.59 2.66
55-59 3.67 0.97 4.15 1.82
60-64 1.89 0.65 2.84 1.33
65+ 2.02 1.13 3.37 1.80

Table A3. Age and gender percentages for Instagram Monthly Active Users (MAU) and Daily Active
Users (DAU) living in Germany who previously lived in Poland.
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DAU MAU

Age Female Male Female Male

18-24 3.71 3.86 2.89 3.06
25-29 9.00 5.14 6.92 4.53
30-34 11.81 6.42 10.71 6.00
35-39 14.57 6.08 13.40 6.44
40-44 15.48 5.44 14.25 7.39
45-49 7.31 3.04 7.97 4.76
50-54 2.74 1.15 3.63 2.10
55-59 1.09 0.78 1.66 0.90
60-64 0.58 0.48 0.90 0.69
65+ 1.02 0.30 1.11 0.69

Table A4. Age and gender percentages for Instagram Monthly Active Users (MAU) and Daily Active
Users (DAU) living in the UK who previously lived in Poland.
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Post-stratification methods tables

Table A5. Calculation of post-stratification proportions (P) and weights (W ) for MAU and DAU using
the aggregating method (I) for Facebook users located in Germany

MAU DAU

Age Sex N P [%] P [%] W P [%] W
18-29 Female 2 1.3072 7.1113 5.4402 6.8673 5.2535
30-34 Female 6 3.9216 6.8406 1.7444 7.0314 1.7930
35-39 Female 7 4.5752 7.2751 1.5901 7.9489 1.7374
40-44 Female 7 4.5752 8.1562 1.7827 8.5582 1.8706
45-49 Female 20 13.0719 8.1170 0.6210 8.4783 0.6486
50-54 Female 16 10.4575 6.7838 0.6487 6.9524 0.6648
55-59 Female 25 16.3399 4.9078 0.3004 5.0569 0.3095
60-64 Female 16 10.4575 3.9874 0.3813 4.1299 0.3949
65+ Female 35 22.8758 5.8296 0.2548 5.6891 0.2487

18-29 Male 2 1.3072 5.7064 4.3654 4.6563 3.5621
30-34 Male 1 0.6536 5.3680 8.2131 5.3551 8.1933
35-39 Male 2 1.3072 5.6590 4.3292 5.5821 4.2703
40-44 Male 1 0.6536 5.3125 8.1282 5.4193 8.2915
45-49 Male 2 1.3072 5.1041 3.9046 5.2222 3.9950
50-54 Male 2 1.3072 4.0700 3.1136 3.9923 3.0541
55-59 Male 2 1.3072 3.0874 2.3618 3.1223 2.3885
60-64 Male 2 1.3072 2.6461 2.0243 2.4398 1.8665
65+ Male 5 3.2680 4.0375 1.2355 3.4982 1.0704

Table A6. Calculation of post-stratification proportions (P) and weights (W ) for MAU and DAU using
the aggregating method (I) for Facebook users located in the UK

MAU DAU

Age Sex N P [%] P [%] W P [%] W
18-34 Female 16 5.9259 14.6888 2.4787 14.6582 2.4736
35-39 Female 26 9.6296 10.7445 1.1158 11.3716 1.1809
40-44 Female 29 10.7407 12.9645 1.2070 13.8387 1.2884
45-49 Female 47 17.4074 7.9000 0.4538 8.0738 0.4638
50-54 Female 48 17.7778 3.9816 0.2240 4.0488 0.2277
55-59 Female 30 11.1111 2.3230 0.2091 2.4845 0.2236
60-64 Female 20 7.4074 1.5671 0.2116 1.6745 0.2261
65+ Female 27 10.0000 2.0333 0.2033 1.8805 0.1881

18-34 Male 1 0.3704 11.6150 31.3606 10.6424 28.7344
35-39 Male 5 1.8519 7.6953 4.1555 7.6657 4.1395
40-44 Male 10 3.7037 9.4053 2.5394 9.6311 2.6004
45-49 Male 6 2.2222 6.9124 3.1106 6.7443 3.0349
50-54 Male 2 0.7407 3.6802 4.9683 3.4513 4.6592
55-59 Male 1 0.3704 1.9277 5.2047 1.7612 4.7553
60-64 Male 1 0.3704 1.1718 3.1639 1.0332 2.7897
65+ Male 1 0.3704 1.3894 3.7514 1.0402 2.8085
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Table A7. Calculation of post-stratification proportions (P) and weights (W ) for MAU and DAU using
the aggregating method (I) for Instagram users located in Germany

MAU DAU

Age Sex N P [%] P [%] W P [%] W
18-29 Female 3 23.0769 10.4033 0.4508 13.7519 0.5959
30+ Female 6 46.1538 53.6667 1.1628 53.4072 1.1572
18-29 Male 1 7.6923 8.5410 1.1103 9.8302 1.2779
30+ Male 3 23.0769 27.3890 1.1869 23.0108 0.9971

Table A8. Calculation of post-stratification proportions (P) and weights (W ) for MAU and DAU using
the aggregating method (I) for Instagram users located in the UK

MAU DAU

Age Sex N P [%] P [%] W P [%] W
18-29 Female 5 23.8095 9.8035 0.4117 12.7188 0.5342
30+ Female 13 61.9048 53.6279 0.8663 54.6032 0.8821
18-29 Male 1 4.7619 7.5933 1.5946 8.9967 1.8893
30+ Male 2 9.5238 28.9753 3.0424 23.6813 2.4865

Table A9. Calculation of post-stratification proportions (P) and weights (W ) for MAU and DAU using
the GAM modeling method (II) for Facebook users located in Germany

MAU DAU

Age Sex N Model P model [%] P [%] W P [%] W
18-24 Female 0 1.1803 0.7715 1.9720 Unused 2.1873 Unused
25-29 Female 2 2.2584 1.4761 4.8953 3.3359 4.9241 3.3164
30-34 Female 6 4.0976 2.6782 7.0314 2.5542 6.8406 2.6255
35-39 Female 7 6.8863 4.5009 7.9489 1.6164 7.2751 1.7661
40-44 Female 7 10.7191 7.0059 8.5582 1.1642 8.1562 1.2216
45-49 Female 20 15.0942 9.8655 8.4783 0.8228 8.1170 0.8594
50-54 Female 16 18.7135 12.2310 6.9524 0.5546 6.7838 0.5684
55-59 Female 25 20.1989 13.2019 5.0569 0.3718 4.9078 0.3830
60-64 Female 16 19.7986 12.9402 4.1299 0.3081 3.9874 0.3192
65+ Female 35 35.0532 22.9106 5.6891 0.2544 5.8296 0.2483
18-24 Male 0 0.9597 0.6273 1.3040 Unused 1.9112 Unused
25-29 Male 2 1.0728 0.7012 3.3523 5.4124 3.7952 4.7807
30-34 Male 1 1.1993 0.7839 5.3551 6.8482 5.3680 6.8317
35-39 Male 2 1.3407 0.8763 5.5821 6.4582 5.6590 6.3704
40-44 Male 1 1.4987 0.9795 5.4193 5.4235 5.3125 5.5325
45-49 Male 2 1.6753 1.0950 5.2222 4.6613 5.1041 4.7692
50-54 Male 2 1.8728 1.2241 3.9923 3.3250 4.0700 3.2616
55-59 Male 2 2.0935 1.3683 3.1223 2.2563 3.0874 2.2818
60-64 Male 2 2.3403 1.5296 2.4398 1.7299 2.6461 1.5951
65+ Male 5 4.9468 3.2332 3.4982 1.2488 4.0375 1.0820
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Table A10. Calculation of post-stratification proportions (P) and weights (W ) for MAU and DAU
using the GAM modeling method (II) for Facebook users located in the UK

MAU DAU

Age Sex N Model P model [%] P [%] W P [%] W
18-24 Female 1 2.2624 0.8379 1.5788 2.6079 2.1852 1.8842
25-29 Female 6 5.1747 1.9165 4.8711 2.5229 4.8353 2.5416
30-34 Female 9 11.1978 4.1474 8.2084 1.8489 7.6682 1.9792
35-39 Female 26 21.4637 7.9495 11.3716 1.3516 10.7445 1.4305
40-44 Female 29 34.1275 12.6398 13.8387 1.0257 12.9645 1.0948
45-49 Female 47 43.9198 16.2666 8.0738 0.4857 7.9000 0.4963
50-54 Female 48 43.6822 16.1786 4.0488 0.2461 3.9816 0.2503
55-59 Female 30 32.6093 12.0775 2.4845 0.1923 2.3230 0.2057
60-64 Female 20 21.4925 7.9602 1.6745 0.1969 1.5671 0.2104
65+ Female 27 27.0702 10.0260 1.8805 0.2028 2.0333 0.1876
18-24 Male 0 0.1549 0.0574 1.2120 Unused 2.0861 Unused
25-29 Male 1 0.4867 0.1803 3.4701 20.2811 3.6558 19.2512
30-34 Male 0 1.6140 0.5978 5.9602 Unused 5.8732 Unused
35-39 Male 5 4.6672 1.7286 7.6657 4.4518 7.6953 4.4347
40-44 Male 10 7.8995 2.9257 9.6311 3.2147 9.4053 3.2919
45-49 Male 6 6.1720 2.2859 6.7443 3.0239 6.9124 2.9504
50-54 Male 2 2.8688 1.0625 3.4513 3.4637 3.6802 3.2482
55-59 Male 1 1.4123 0.5231 1.7612 3.6854 1.9277 3.3672
60-64 Male 1 0.7949 0.2944 1.0332 3.9804 1.1718 3.5096
65+ Male 1 0.9298 0.3444 1.0402 4.0346 1.3894 3.0205

Table A11. Calculation of post-stratification proportions (P) and weights (W ) for MAU and DAU
using the GAM modeling method (II) for Instagram users located in Germany

MAU DAU

Age Sex N Model P model [%] P [%] W P [%] W
18-24 Female 1 1.1025 8.4808 4.3966 0.4006 3.3972 0.5184
25-29 Female 2 1.0419 8.0149 9.3553 0.8741 7.0061 1.1672
30-34 Female 0 0.9847 7.5747 11.9494 Unused 9.5313 Unused
35-39 Female 0 0.9306 7.1586 10.1746 Unused 9.0719 Unused
40-44 Female 2 0.8795 6.7654 9.5122 1.3767 9.3140 1.4060
45-49 Female 0 0.8312 6.3938 8.3048 Unused 8.8051 Unused
50-54 Female 2 0.7855 6.0426 5.8801 1.0903 6.5880 0.9731
55-59 Female 1 0.7424 5.7107 3.6697 0.7259 4.1453 0.6426
60-64 Female 0 0.7016 5.3970 1.8918 Unused 2.8443 Unused
65+ Female 1 1.0000 7.6923 2.0246 0.4377 3.3669 0.2632
18-24 Male 1 0.9964 7.6643 3.4877 0.4321 3.3119 0.4551
25-29 Male 0 0.0020 0.0152 6.3424 Unused 5.2291 Unused
30-34 Male 0 0.0171 0.1315 6.7355 Unused 6.0736 Unused
35-39 Male 3 2.9744 22.8804 5.1428 0.2391 5.4712 0.2248
40-44 Male 0 0.0101 0.0779 4.1434 Unused 4.5057 Unused
45-49 Male 0 < 0.0001 < 0.0001 2.4453 Unused 3.7327 Unused
50-54 Male 0 < 0.0001 < 0.0001 1.7877 Unused 2.6572 Unused
55-59 Male 0 < 0.0001 < 0.0001 0.9740 Unused 1.8155 Unused
60-64 Male 0 < 0.0001 < 0.0001 0.6507 Unused 1.3341 Unused
65+ Male 0 < 0.0001 < 0.0001 1.1312 Unused 1.7990 Unused
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Table A12. Calculation of post-stratification proportions (P) and weights (W ) for MAU and DAU
using the GAM modeling method (II) for Instagram users located in the UK

MAU DAU

Age Sex N Model P model [%] P [%] W P [%] W
18-24 Female 1 1.3943 6.6397 3.7140 0.4346 2.8854 0.5594
25-29 Female 4 4.2550 20.2618 9.0048 0.3414 6.9181 0.4444
30-34 Female 7 4.9096 23.3791 11.8125 0.4582 10.7134 0.5053
35-39 Female 1 2.4962 11.8868 14.5732 1.1274 13.4010 1.2260
40-44 Female 1 1.5406 7.3362 15.4812 1.9417 14.2450 2.1103
45-49 Female 2 1.1596 5.5221 7.3094 1.4424 7.9652 1.3237
50-54 Female 1 0.8949 4.2616 2.7447 0.8522 3.6318 0.6440
55-59 Female 0 0.6905 3.2881 1.0901 Unused 1.6563 Unused
60-64 Female 1 0.6592 3.1389 0.5755 0.2882 0.9047 0.1834
65+ Female 0 < 0.0001 < 0.0001 1.0166 Unused 1.1104 Unused

18-24 Male 0 0.0119 0.0568 3.8550 Unused 3.0648 Unused
25-29 Male 1 1.0250 4.8812 5.1417 0.9278 4.5286 1.0534
30-34 Male 2 1.9143 9.1159 6.4207 0.6585 6.0029 0.7043
35-39 Male 0 0.0485 0.2308 6.0761 Unused 6.4381 Unused
40-44 Male 0 0.0002 0.0010 5.4380 Unused 7.3929 Unused
45-49 Male 0 < 0.0001 < 0.0001 3.0407 Unused 4.7633 Unused
50-54 Male 0 < 0.0001 < 0.0001 1.1516 Unused 2.1047 Unused
55-59 Male 0 < 0.0001 < 0.0001 0.7815 Unused 0.9020 Unused
60-64 Male 0 < 0.0001 < 0.0001 0.4753 Unused 0.6857 Unused
65+ Male 0 < 0.0001 < 0.0001 0.2974 Unused 0.6857 Unused

Table A13. Calculation of post-stratification proportions (P) and weights (W ) for MAU and DAU
using the GAM modeling imputations method (III) for Facebook users located in Germany

MAU DAU

Age Sex N Model P model [%] P [%] W P [%] W
18-24 Female 0 1.1803 0.7608 1.9720 Unused 2.1873 Unused
25-29 Female 2 2.0000 1.2892 4.8953 3.8196 4.9241 3.7973
30-34 Female 6 6.0000 3.8675 7.0314 1.7688 6.8406 1.8181
35-39 Female 7 7.0000 4.5121 7.9489 1.6124 7.2751 1.7617
40-44 Female 7 7.0000 4.5121 8.5582 1.8077 8.1562 1.8967
45-49 Female 20 20.0000 12.8916 8.4783 0.6296 8.1170 0.6577
50-54 Female 16 16.0000 10.3133 6.9524 0.6578 6.7838 0.6741
55-59 Female 25 25.0000 16.1145 5.0569 0.3046 4.9078 0.3138
60-64 Female 16 16.0000 10.3133 4.1299 0.3866 3.9874 0.4005
65+ Female 35 35.0000 22.5603 5.6891 0.2584 5.8296 0.2522
18-24 Male 0 0.9597 0.6186 1.3040 Unused 1.9112 Unused
25-29 Male 2 2.0000 1.2892 3.3523 2.9440 3.7952 2.6004
30-34 Male 1 1.0000 0.6446 5.3551 8.3279 5.3680 8.3079
35-39 Male 2 2.0000 1.2892 5.5821 4.3897 5.6590 4.3300
40-44 Male 1 1.0000 0.6446 5.4193 8.2419 5.3125 8.4075
45-49 Male 2 2.0000 1.2892 5.2222 3.9592 5.1041 4.0509
50-54 Male 2 2.0000 1.2892 3.9923 3.1571 4.0700 3.0968
55-59 Male 2 2.0000 1.2892 3.1223 2.3949 3.0874 2.4219
60-64 Male 2 2.0000 1.2892 2.4398 2.0526 2.6461 1.8926
65+ Male 5 5.0000 3.2229 3.4982 1.2528 4.0375 1.0854
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Table A14. Calculation of post-stratification proportions (P) and weights (W ) for MAU and DAU
using the GAM modeling imputations method (III) for Facebook users located in the UK

MAU DAU

Age Sex N Model P model [%] P [%] W P [%] W
18-24 Female 1 1.0000 0.3680 1.5788 5.9388 2.1852 4.2906
25-29 Female 6 6.0000 2.2078 4.8711 2.1901 4.8353 2.2063
30-34 Female 9 9.0000 3.3116 8.2084 2.3155 7.6682 2.4787
35-39 Female 26 26.0000 9.5670 11.3716 1.1231 10.7445 1.1886
40-44 Female 29 29.0000 10.6708 13.8387 1.2150 12.9645 1.2969
45-49 Female 47 47.0000 17.2941 8.0738 0.4568 7.9000 0.4669
50-54 Female 48 48.0000 17.6621 4.0488 0.2254 3.9816 0.2292
55-59 Female 30 30.0000 11.0388 2.4845 0.2104 2.3230 0.2251
60-64 Female 20 20.0000 7.3592 1.6745 0.2129 1.5671 0.2275
65+ Female 27 27.0000 9.9349 1.8805 0.2047 2.0333 0.1893

18-24 Male 0 0.1549 0.0570 1.2120 Unused 2.0861 Unused
25-29 Male 1 1.0000 0.3680 3.4701 9.9353 3.6558 9.4307
30-34 Male 0 1.6140 0.5939 5.9602 Unused 5.8732 Unused
35-39 Male 5 5.0000 1.8398 7.6657 4.1827 7.6953 4.1666
40-44 Male 10 10.0000 3.6796 9.6311 2.5561 9.4053 2.6174
45-49 Male 6 6.0000 2.2078 6.7443 3.1309 6.9124 3.0548
50-54 Male 2 2.0000 0.7359 3.4513 5.0009 3.6802 4.6897
55-59 Male 1 1.0000 0.3680 1.7612 5.2388 1.9277 4.7865
60-64 Male 1 1.0000 0.3680 1.0332 3.1846 1.1718 2.8080
65+ Male 1 1.0000 0.3680 1.0402 3.7760 1.3894 2.8269

Table A15. Calculation of post-stratification proportions (P) and weights (W ) for MAU and DAU
using the GAM modeling imputations method (III) for Instagram users located in Germany

MAU DAU

Age Sex N Model P model [%] P [%] W P [%] W
18-24 Female 1 1.0000 6.0689 4.3966 0.5598 3.3972 0.7244
25-29 Female 2 2.0000 12.1379 9.3553 0.5772 7.0061 0.7707
30-34 Female 0 0.9847 5.9761 11.9494 Unused 9.5313 Unused
35-39 Female 0 0.9306 5.6479 10.1746 Unused 9.0719 Unused
40-44 Female 2 2.0000 12.1379 9.5122 0.7673 9.3140 0.7837
45-49 Female 0 0.8312 5.0445 8.3048 Unused 8.8051 Unused
50-54 Female 2 2.0000 12.1379 5.8801 0.5428 6.5880 0.4844
55-59 Female 1 1.0000 6.0689 3.6697 0.6830 4.1453 0.6047
60-64 Female 0 0.7016 4.2580 1.8918 Unused 2.8443 Unused
65+ Female 1 1.0000 6.0689 2.0246 0.5548 3.3669 0.3336
18-24 Male 1 1.0000 6.0689 3.4877 0.5457 3.3119 0.5747
25-29 Male 0 0.0020 0.0120 6.3424 Unused 5.2291 Unused
30-34 Male 0 0.0171 0.1037 6.7355 Unused 6.0736 Unused
35-39 Male 3 3.0000 18.2068 5.1428 0.3005 5.4712 0.2825
40-44 Male 0 0.0101 0.0614 4.1434 Unused 4.5057 Unused
45-49 Male 0 < 0.0001 < 0.0001 2.4453 Unused 3.7327 Unused
50-54 Male 0 < 0.0001 < 0.0001 1.7877 Unused 2.6572 Unused
55-59 Male 0 < 0.0001 < 0.0001 0.9740 Unused 1.8155 Unused
60-64 Male 0 < 0.0001 < 0.0001 0.6507 Unused 1.3341 Unused
65+ Male 0 < 0.0001 < 0.0001 1.1312 Unused 1.7990 Unused
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Table A16. Calculation of post-stratification proportions (P) and weights (W ) for MAU and DAU
using the GAM modeling imputations method (III) for Instagram users located in the UK

MAU DAU

Age Sex N Model P model [%] P [%] W P [%] W
18-24 Female 1 1.0000 4.5975 3.7140 0.6276 2.8854 0.8078
25-29 Female 4 4.0000 18.3899 9.0048 0.3762 6.9181 0.4897
30-34 Female 7 7.0000 32.1823 11.8125 0.3329 10.7134 0.3670
35-39 Female 1 1.0000 4.5975 14.5732 2.9149 13.4010 3.1698
40-44 Female 1 1.0000 4.5975 15.4812 3.0984 14.2450 3.3673
45-49 Female 2 2.0000 9.1949 7.3094 0.8663 7.9652 0.7949
50-54 Female 1 1.0000 4.5975 2.7447 0.7900 3.6318 0.5970
55-59 Female 0 0.6905 3.1746 1.0901 Unused 1.6563 Unused
60-64 Female 1 1.0000 4.5975 0.5755 0.1968 0.9047 0.1252
65+ Female 0 < 0.0001 < 0.0001 1.0166 Unused 1.1104 Unused

18-24 Male 0 0.0119 0.0548 3.8550 Unused 3.0648 Unused
25-29 Male 1 1.0000 4.5975 5.1417 0.9850 4.5286 1.1184
30-34 Male 2 2.0000 9.1949 6.4207 0.6528 6.0029 0.6983
35-39 Male 0 0.0485 0.2228 6.0761 Unused 6.4381 Unused
40-44 Male 0 0.0002 0.0010 5.4380 Unused 7.3929 Unused
45-49 Male 0 < 0.0001 < 0.0001 3.0407 Unused 4.7633 Unused
50-54 Male 0 < 0.0001 < 0.0001 1.1516 Unused 2.1047 Unused
55-59 Male 0 < 0.0001 < 0.0001 0.7815 Unused 0.9020 Unused
60-64 Male 0 < 0.0001 < 0.0001 0.4753 Unused 0.6857 Unused
65+ Male 0 < 0.0001 < 0.0001 0.2974 Unused 0.6857 Unused
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A.2 Supplementary tables for “Biases related to reported mobility” section

Table A17. Migration trajectories for respondents who answered question [5/1], excluding cases with
targeting bias (Table 6) and including only those with complete migration records (Table 14). We classify
migration patterns according to Table 15, analyzing primary social media language (Lang, from [4/1]),
birth country (Bth), and residence country (Res), with stays categorized as short-term (< 12 months)
or long-term (≥ 1 year). Case counts (N) and percentage proportions (P) are calculated using post-
stratification methods I-III (Table 3), with proportions calculated using only these 127 respondents as
the denominator. For proportions with total initial sample as denominator (Table 2) see, Table 16.

Short stay Long stay MAU (%) DAU (%)

Type Lang Bth Res Origin Dest Origin Dest N P0 (%) PI PII PIII PI PII PIII

D DEU PL DE . . PL DE 11 8.66 12.43 15.60 13.53 12.43 15.41 13.38
D ENG PL DE . . PL DE 2 1.57 1.65 2.34 1.79 1.65 2.33 1.78
D ENG PL GB . . PL GB 32 25.20 26.00 23.00 23.58 25.93 23.31 24.00
D POL DE DE . . PL DE 1 0.79 0.21 0.21 0.23 0.20 0.20 0.22
D POL PL DE . . PL DE 17 13.39 13.16 12.31 12.49 13.17 12.43 12.51
D POL PL GB PK GB PL GB 1 0.79 0.17 0.16 0.19 0.18 0.17 0.19
D POL PL GB PL DE PL GB 1 0.79 0.18 0.20 0.20 0.18 0.20 0.20
D POL PL GB . . PL GB 37 29.13 24.42 25.49 25.88 24.47 25.15 25.54
D UNK PL DE . . PL DE 2 1.57 0.85 0.72 0.92 0.86 0.72 0.92
D UNK PL GB . . PL GB 2 1.57 1.29 1.53 1.40 1.33 1.56 1.42
E ENG DE DE . . DE PL 1 0.79 1.67 1.44 1.82 1.51 1.29 1.63
E ENG PL GB . . GB BD 1 0.79 0.17 0.17 0.18 0.15 0.15 0.16
E ENG PL GB GB GB . . 1 0.79 0.34 0.28 0.33 0.43 0.36 0.42
E ENG PL GB GB PL GB NL 1 0.79 2.04 1.54 2.05 2.00 1.60 2.13
E ENG PL GB . . PL DE 1 0.79 0.99 0.85 1.07 1.04 0.89 1.11
E ENG PL GB . . PL PL 2 1.57 1.37 1.26 1.48 1.42 1.29 1.52
E ENG PL GB PL PL . . 1 0.79 0.18 0.20 0.20 0.18 0.20 0.20
E POL PL GB GB DE . . 1 0.79 0.99 0.85 1.07 1.04 0.89 1.11
E POL PL GB . . PL IS 1 0.79 3.42 3.71 3.70 3.35 3.59 3.58
E POL PL GB PL IT . . 1 0.79 0.18 0.20 0.20 0.18 0.20 0.20
N POL PL DE . . CA DE 1 0.79 0.21 0.21 0.23 0.20 0.20 0.22
N POL PL DE . . GB DE 1 0.79 1.47 0.97 1.60 1.52 0.99 1.63
N POL PL GB NL GB NL GB 1 0.79 0.92 1.13 0.99 0.96 1.16 1.02

N,X ENG PL DE . . GB DE 1 0.79 0.31 0.26 0.34 0.32 0.26 0.34
N,X ENG PL GB . . DE GB 1 0.79 0.92 1.13 0.99 0.96 1.16 1.02
N,X ENG PL GB . . NZ GB 1 0.79 0.37 0.40 0.40 0.38 0.40 0.40
N,X ENG PL GB . . US GB 1 0.79 0.92 1.13 0.99 0.96 1.16 1.02

S POL PL DE PL DE . . 1 0.79 1.44 2.13 1.56 1.45 2.13 1.56
X ENG GB GB GB AU . . 1 0.79 0.71 0.38 0.29 0.71 0.41 0.32
X RUS RU DE . . RU DE 1 0.79 0.98 0.20 0.27 0.81 0.18 0.24

SUM 127 100.00 100.00 100.00 100.00 100.00 100.00 100.00
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Table A18. Table equivalent to 16, but for Facebook respondents

Short stay Long stay MAU (%) DAU (%)

Type Lang Bth Res Origin Dest Origin Dest N P0 (%) PI PII PIII PI PII PIII

D DEU PL DE . . PL DE 11 3.13 4.45 5.69 4.85 4.53 5.72 4.88
D ENG PL DE . . PL DE 2 0.57 0.59 0.85 0.64 0.60 0.86 0.65
D ENG PL GB . . PL GB 25 7.12 7.02 7.15 7.48 7.25 7.39 7.76
D POL DE DE . . PL DE 1 0.28 0.08 0.08 0.08 0.07 0.07 0.08
D POL PL DE . . PL DE 15 4.27 4.24 4.01 4.08 4.28 4.07 4.13
D POL PL GB PK GB PL GB 1 0.28 0.06 0.06 0.07 0.07 0.06 0.07
D POL PL GB PL DE PL GB 1 0.28 0.07 0.07 0.07 0.07 0.08 0.07
D POL PL GB . . PL GB 35 9.97 8.24 8.61 8.75 8.39 8.74 8.89
D UNK PL DE . . PL DE 2 0.57 0.30 0.26 0.33 0.31 0.27 0.34
D UNK PL GB . . PL GB 2 0.57 0.46 0.56 0.50 0.49 0.58 0.52
E ENG DE DE . . DE PL 1 0.28 0.60 0.53 0.65 0.55 0.48 0.59
E ENG PL GB . . GB BD 1 0.28 0.06 0.06 0.06 0.06 0.06 0.06
E ENG PL GB GB PL GB NL 1 0.28 0.73 0.56 0.73 0.73 0.60 0.78
E ENG PL GB . . PL DE 1 0.28 0.36 0.31 0.39 0.38 0.33 0.41
E ENG PL GB . . PL PL 2 0.57 0.49 0.46 0.53 0.52 0.48 0.55
E ENG PL GB PL PL . . 1 0.28 0.07 0.07 0.07 0.07 0.08 0.07
E POL PL GB GB DE . . 1 0.28 0.36 0.31 0.39 0.38 0.33 0.41
E POL PL GB . . PL IS 1 0.28 1.23 1.35 1.33 1.22 1.33 1.31
E POL PL GB PL IT . . 1 0.28 0.07 0.07 0.07 0.07 0.08 0.07
N POL PL DE . . CA DE 1 0.28 0.08 0.08 0.08 0.07 0.07 0.08
N POL PL DE . . GB DE 1 0.28 0.53 0.35 0.57 0.55 0.37 0.60
N POL PL GB NL GB NL GB 1 0.28 0.33 0.41 0.36 0.35 0.43 0.37

N,X ENG PL DE . . GB DE 1 0.28 0.11 0.09 0.12 0.12 0.10 0.13
N,X ENG PL GB . . DE GB 1 0.28 0.33 0.41 0.36 0.35 0.43 0.37
N,X ENG PL GB . . NZ GB 1 0.28 0.13 0.15 0.14 0.14 0.15 0.15
N,X ENG PL GB . . US GB 1 0.28 0.33 0.41 0.36 0.35 0.43 0.37

S POL PL DE PL DE . . 1 0.28 0.52 0.78 0.56 0.53 0.79 0.57

SUM 113 32.19 31.82 33.75 33.64 32.46 34.36 34.28
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Table A19. Table equivalent to A17, but for Facebook respondents

Short stay Long stay MAU (%) DAU (%)

Type Lang Bth Res Origin Dest Origin Dest N P0 (%) PI PII PIII PI PII PIII

D DEU PL DE . . PL DE 11 9.73 14.00 16.87 14.43 13.94 16.64 14.25
D ENG PL DE . . PL DE 2 1.77 1.86 2.53 1.91 1.85 2.51 1.90
D ENG PL GB . . PL GB 25 22.12 22.06 21.18 22.23 22.33 21.52 22.63
D POL DE DE . . PL DE 1 0.88 0.24 0.23 0.24 0.23 0.22 0.23
D POL PL DE . . PL DE 15 13.27 13.33 11.87 12.13 13.17 11.84 12.06
D POL PL GB PK GB PL GB 1 0.88 0.19 0.17 0.20 0.20 0.18 0.21
D POL PL GB PL DE PL GB 1 0.88 0.21 0.22 0.21 0.21 0.22 0.21
D POL PL GB . . PL GB 35 30.97 25.89 25.50 26.03 25.83 25.43 25.93
D UNK PL DE . . PL DE 2 1.77 0.96 0.78 0.99 0.96 0.78 0.98
D UNK PL GB . . PL GB 2 1.77 1.46 1.65 1.49 1.49 1.69 1.52
E ENG DE DE . . DE PL 1 0.88 1.88 1.56 1.94 1.70 1.40 1.73
E ENG PL GB . . GB BD 1 0.88 0.19 0.18 0.19 0.17 0.16 0.17
E ENG PL GB GB PL GB NL 1 0.88 2.30 1.66 2.18 2.25 1.73 2.27
E ENG PL GB . . PL DE 1 0.88 1.12 0.92 1.15 1.17 0.96 1.19
E ENG PL GB . . PL PL 2 1.77 1.54 1.36 1.58 1.59 1.39 1.61
E ENG PL GB PL PL . . 1 0.88 0.21 0.22 0.21 0.21 0.22 0.21
E POL PL GB GB DE . . 1 0.88 1.12 0.92 1.15 1.17 0.96 1.19
E POL PL GB . . PL IS 1 0.88 3.86 4.01 3.95 3.76 3.88 3.81
E POL PL GB PL IT . . 1 0.88 0.21 0.22 0.21 0.21 0.22 0.21
N POL PL DE . . CA DE 1 0.88 0.24 0.23 0.24 0.23 0.22 0.23
N POL PL DE . . GB DE 1 0.88 1.65 1.05 1.71 1.70 1.07 1.74
N POL PL GB NL GB NL GB 1 0.88 1.04 1.22 1.06 1.07 1.25 1.09

N,X ENG PL DE . . GB DE 1 0.88 0.35 0.28 0.36 0.36 0.28 0.37
N,X ENG PL GB . . DE GB 1 0.88 1.04 1.22 1.06 1.07 1.25 1.09
N,X ENG PL GB . . NZ GB 1 0.88 0.42 0.44 0.43 0.42 0.43 0.43
N,X ENG PL GB . . US GB 1 0.88 1.04 1.22 1.06 1.07 1.25 1.09

S POL PL DE PL DE . . 1 0.88 1.62 2.30 1.67 1.63 2.30 1.66

SUM 113 100.00 100.00 100.00 100.00 100.00 100.00 100.00

Table A20. Table equivalent to 16, but for Instagram respondents.

Short stay Long stay MAU (%) DAU (%)

Type Lang Bth Res Origin Dest Origin Dest N P0 (%) PI PII PIII PI PII PIII

D ENG PL GB . . PL GB 7 28.00 31.82 22.54 19.38 29.95 22.53 19.40
D POL PL DE . . PL DE 2 8.00 6.60 8.78 7.90 7.07 9.78 8.32
D POL PL GB . . PL GB 2 8.00 7.08 12.60 10.39 7.11 10.63 8.42
E ENG PL GB GB GB . . 1 4.00 1.68 1.87 2.36 2.15 2.40 2.96
X ENG GB GB GB AU . . 1 4.00 3.54 2.52 2.09 3.55 2.73 2.22
X RUS RU DE . . RU DE 1 4.00 4.85 1.31 1.88 4.02 1.21 1.71

SUM 14 56.00 55.57 49.62 44.01 53.85 49.28 43.02
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Table A21. Table equivalent to A17, but for Instagram respondents

Short stay Long stay MAU (%) DAU (%)

Type Lang Bth Res Origin Dest Origin Dest N P0 (%) PI PII PIII PI PII PIII

D ENG PL GB . . PL GB 7 50.00 57.26 45.42 44.05 55.61 45.72 45.10
D POL PL DE . . PL DE 2 14.29 11.87 17.70 17.96 13.12 19.84 19.33
D POL PL GB . . PL GB 2 14.29 12.74 25.39 23.60 13.20 21.57 19.56
E ENG PL GB GB GB . . 1 7.14 3.03 3.78 5.36 4.00 4.87 6.88
X ENG GB GB GB AU . . 1 7.14 6.37 5.07 4.74 6.60 5.54 5.16
X RUS RU DE . . RU DE 1 7.14 8.73 2.65 4.28 7.46 2.46 3.97

SUM 14 100.00 100.00 100.00 100.00 100.00 100.00 100.00
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A.3 Supplementary DAU tables for “Biases related to usage of the social
media” section

Table A22. Frequency of VPN usage among respondents. Row groups represent different aggregations
of data by social platform and country. N represents the original counts, P0 displays the unweighted
percentages, and PI, PII, and PIII show percentages adjusted using three distinct post-stratification
weighting methods. Daily Active User (DAU) data was used to calculate post-stratification weights.
The data is derived from a survey question: “Do you often use a Virtual Private Network (VPN) or
similar tools when using Facebook or Instagram?”
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N 43 41 187 80
P0 [%] 12.25 11.68 53.28 22.79
PI [%] 23.46 12.19 47.90 16.44
PII [%] 20.83 12.35 48.40 18.42
PIII [%] 19.02 12.75 50.62 17.61
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N 42 39 164 76
P0 [%] 13.08 12.15 51.09 23.68
PI [%] 24.79 12.09 46.02 17.09
PII [%] 21.83 12.66 46.52 18.99
PIII [%] 19.83 12.96 49.09 18.12
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N 1 2 19 2
P0 [%] 4.17 8.33 79.17 8.33
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PII [%] 3.62 6.89 80.85 8.64
PIII [%] 3.82 8.98 79.04 8.16
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P0 [%] 12.17 12.17 52.17 23.48
PI [%] 17.27 9.89 55.71 17.13
PII [%] 17.79 10.61 52.27 19.33
PIII [%] 17.94 10.27 54.96 16.83
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P0 [%] 13.59 12.14 50.49 23.79
PI [%] 28.73 13.25 40.94 17.08
PII [%] 24.14 13.84 43.23 18.80
PIII [%] 20.90 14.46 45.80 18.84
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N 1 1 5 1
P0 [%] 12.50 12.50 62.50 12.50
PI [%] 14.51 7.47 63.51 14.51
PII [%] 8.79 7.09 70.81 13.31
PIII [%] 12.29 14.73 63.13 9.85
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N 0 1 14 1
P0 [%] 0.00 6.25 87.50 6.25
PI [%] 0.00 16.80 79.59 3.61
PII [%] 0.00 6.75 87.89 5.36
PIII [%] 0.00 6.39 86.21 7.40
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Table A23. Having more than one active Facebook or Instagram account. Row groups represent dif-
ferent aggregations of data by social platform and country. N represents the original counts, P0 displays
the unweighted percentages, and PI, PII, and PIII show percentages adjusted using three distinct post-
stratification weighting methods. Daily Active User (DAU) data was used to calculate post-stratification
weights. The data is derived from a survey question: “Do you use more than one active Facebook or
Instagram account?”
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N 259 70 19
P0 [%] 74.43 20.11 5.46
PI [%] 65.39 22.87 11.74
PII [%] 68.08 22.92 9.00
PIII [%] 70.13 23.55 6.32
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N 238 62 18
P0 [%] 74.84 19.50 5.66
PI [%] 65.22 22.56 12.22
PII [%] 68.09 22.70 9.21
PIII [%] 70.14 23.36 6.50
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N 16 7 1
P0 [%] 66.67 29.17 4.17
PI [%] 67.70 27.22 5.08
PII [%] 67.80 26.71 5.48
PIII [%] 69.87 27.07 3.06
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N 88 20 6
P0 [%] 77.19 17.54 5.26
PI [%] 78.44 18.92 2.64
PII [%] 80.14 17.08 2.78
PIII [%] 79.06 18.20 2.75
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P0 [%] 73.53 20.59 5.88
PI [%] 58.26 24.47 17.27
PII [%] 61.16 25.93 12.91
PIII [%] 65.11 26.27 8.62

In
st

ag
ra

m
G

er
m

an
y

N 6 1 1
P0 [%] 75.00 12.50 12.50
PI [%] 78.02 7.47 14.51
PII [%] 70.73 15.96 13.31
PIII [%] 74.48 15.67 9.85
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N 10 6 0
P0 [%] 62.50 37.50 0.00
PI [%] 62.13 37.87 0.00
PII [%] 65.75 34.25 0.00
PIII [%] 67.80 32.20 0.00
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Table A24. Number of active Facebook accounts per user among those who declared having more than
one (Table A23. Row groups represent different aggregations of data by social platform and country.
N represents the original counts, P0 displays the unweighted percentages, and PI, PII, and PIII show
percentages adjusted using three distinct post-stratification weighting methods. Daily Active User (DAU)
data was used to calculate post-stratification weights. The data is derived from a survey question: “How
many active accounts do you have on Facebook?”
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N 1 37 33 1 15
P0 [%] 1.15 42.53 37.93 1.15 17.24
PI [%] 1.66 34.89 31.13 0.41 31.91
PII [%] 1.05 37.24 34.19 0.49 27.04
PIII [%] 1.24 41.38 37.95 0.52 18.91
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N 0 33 30 1 15
P0 [%] 0.00 41.77 37.97 1.27 18.99
PI [%] 0.00 34.21 31.61 0.43 33.75
PII [%] 0.00 36.22 34.89 0.52 28.37
PIII [%] 0.00 40.75 38.85 0.54 19.85
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N 1 4 2 0 0
P0 [%] 14.29 57.14 28.57 0.00 0.00
PI [%] 30.47 46.68 22.84 0.00 0.00
PII [%] 22.22 57.74 20.03 0.00 0.00
PIII [%] 26.08 53.94 19.98 0.00 0.00
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N 0 13 7 0 6
P0 [%] 0.00 50.00 26.92 0.00 23.08
PI [%] 0.00 67.12 21.71 0.00 11.17
PII [%] 0.00 65.13 23.29 0.00 11.57
PIII [%] 0.00 64.84 23.21 0.00 11.95
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N 0 20 23 1 9
P0 [%] 0.00 37.74 43.40 1.89 16.98
PI [%] 0.00 25.12 34.34 0.55 39.99
PII [%] 0.00 27.55 38.36 0.67 33.41
PIII [%] 0.00 32.44 44.25 0.73 22.59

In
st

ag
ra

m
G

er
m

an
y

N 0 1 0 0 0
P0 [%] 0.00 100.00 0.00 0.00 0.00
PI [%] 0.00 100.00 0.00 0.00 0.00
PII [%] 0.00 100.00 0.00 0.00 0.00
PIII [%] 0.00 100.00 0.00 0.00 0.00
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N 1 3 2 0 0
P0 [%] 16.67 50.00 33.33 0.00 0.00
PI [%] 33.71 41.01 25.27 0.00 0.00
PII [%] 29.48 43.94 26.58 0.00 0.00
PIII [%] 31.80 43.84 24.36 0.00 0.00
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Table A25. Number of active Instagram accounts per user among those who declared having more than
one (Table A23. Row groups represent different aggregations of data by social platform and country.
N represents the original counts, P0 displays the unweighted percentages, and PI, PII, and PIII show
percentages adjusted using three distinct post-stratification weighting methods. Daily Active User (DAU)
data was used to calculate post-stratification weights. The data is derived from a survey question: “How
many active accounts do you have on Instagram?”

0 1 2 3 P
re

fe
r

n
ot

to
sa

y

T
ot

al

N 21 26 20 1 14
P0 [%] 25.61 31.71 24.39 1.22 17.07
PI [%] 12.34 26.42 26.89 0.44 33.91
PII [%] 13.78 27.46 29.25 0.53 28.98
PIII [%] 16.02 32.15 30.87 0.56 20.39
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N 21 25 15 1 14
P0 [%] 27.63 32.89 19.74 1.32 18.42
PI [%] 12.96 27.76 23.18 0.46 35.63
PII [%] 14.36 28.61 26.30 0.55 30.19
PIII [%] 16.62 33.36 28.27 0.59 21.16
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PII [%] 0.00 0.00 100.00 0.00 0.00
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P0 [%] 32.00 36.00 8.00 0.00 24.00
PI [%] 16.60 60.45 10.09 0.00 12.86
PII [%] 18.54 52.67 15.22 0.00 13.57
PIII [%] 17.94 57.26 10.91 0.00 13.89
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P0 [%] 25.49 31.37 25.49 1.96 15.69
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PIII [%] 16.21 25.88 33.70 0.77 23.43
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N 0 0 1 0 0
P0 [%] 0.00 0.00 100.00 0.00 0.00
PI [%] 0.00 0.00 100.00 0.00 0.00
PII [%] 0.00 0.00 100.00 0.00 0.00
PIII [%] 0.00 0.00 100.00 0.00 0.00
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N 0 0 4 0 0
P0 [%] 0.00 0.00 100.00 0.00 0.00
PI [%] 0.00 0.00 100.00 0.00 0.00
PII [%] 0.00 0.00 100.00 0.00 0.00
PIII [%] 0.00 0.00 100.00 0.00 0.00
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Table A26. Frequency of Facebook usage among respondents. Row groups represent different ag-
gregations of data by social platform and country. N represents the original counts, P0 displays the
unweighted percentages, and PI, PII, and PIII show percentages adjusted using three distinct post-
stratification weighting methods. Daily Active User (DAU) data was used to calculate post-stratification
weights. The data is derived from a survey question: “How often do you use the following social media
platforms?”
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N 242 38 9 7 14 6 9
P0 [%] 74.46 11.69 2.77 2.15 4.31 1.85 2.77
PI [%] 75.96 12.61 2.24 1.93 3.07 2.66 1.52
PII [%] 75.28 13.20 2.60 1.90 2.95 2.54 1.52
PIII [%] 74.43 14.05 2.52 2.12 2.81 2.39 1.68

F
ac

eb
o
ok

N 227 31 8 7 11 3 9
P0 [%] 76.69 10.47 2.70 2.36 3.72 1.01 3.04
PI [%] 78.23 11.76 2.20 2.07 1.98 2.13 1.63
PII [%] 77.36 11.96 2.57 2.01 2.10 2.39 1.61
PIII [%] 76.58 12.66 2.39 2.24 2.15 2.21 1.78

In
st

ag
ra

m

N 10 6 1 0 3 3 0
P0 [%] 43.48 26.09 4.35 0.00 13.04 13.04 0.00
PI [%] 44.67 24.43 2.76 0.00 18.17 9.97 0.00
PII [%] 39.41 34.65 3.09 0.00 17.68 5.17 0.00
PIII [%] 35.58 39.15 4.72 0.00 14.78 5.78 0.00

F
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eb
o
ok

G
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y

N 74 13 5 1 6 0 5
P0 [%] 71.15 12.50 4.81 0.96 5.77 0.00 4.81
PI [%] 70.81 17.36 5.85 0.31 2.76 0.00 2.91
PII [%] 71.58 15.97 6.49 0.37 2.75 0.00 2.84
PIII [%] 69.60 18.08 6.09 0.32 2.87 0.00 3.03

F
ac
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o
ok

U
K

N 153 18 3 6 5 3 4
P0 [%] 79.69 9.38 1.56 3.12 2.60 1.56 2.08
PI [%] 82.03 8.88 0.33 2.97 1.58 3.23 0.98
PII [%] 80.60 9.70 0.37 2.94 1.73 3.73 0.92
PIII [%] 80.41 9.69 0.36 3.29 1.75 3.42 1.08
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st
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N 1 2 1 0 1 2 0
P0 [%] 14.29 28.57 14.29 0.00 14.29 28.57 0.00
PI [%] 16.97 25.71 8.74 0.00 16.97 31.60 0.00
PII [%] 15.35 40.60 8.18 0.00 22.18 13.68 0.00
PIII [%] 10.93 35.06 16.34 0.00 17.67 20.01 0.00

In
st

ag
ra

m
U

K

N 9 4 0 0 2 1 0
P0 [%] 56.25 25.00 0.00 0.00 12.50 6.25 0.00
PI [%] 57.43 23.84 0.00 0.00 18.73 0.00 0.00
PII [%] 54.02 31.04 0.00 0.00 14.94 0.00 0.00
PIII [%] 45.59 40.81 0.00 0.00 13.60 0.00 0.00
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Table A27. Frequency of Instagram usage among respondents. Row groups represent different ag-
gregations of data by social platform and country. N represents the original counts, P0 displays the
unweighted percentages, and PI, PII, and PIII show percentages adjusted using three distinct post-
stratification weighting methods. Daily Active User (DAU) data was used to calculate post-stratification
weights. The data is derived from a survey question: “How often do you use the following social media
platforms?”
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N 92 55 16 19 22 69 9
P0 [%] 32.62 19.50 5.67 6.74 7.80 24.47 3.19
PI [%] 42.87 18.23 4.46 5.52 6.94 20.67 1.30
PII [%] 40.69 19.45 4.26 5.46 6.09 22.84 1.20
PIII [%] 37.62 20.25 4.96 6.15 6.93 22.66 1.44

F
ac
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o
ok

N 72 54 16 19 21 68 9
P0 [%] 27.80 20.85 6.18 7.34 8.11 26.25 3.47
PI [%] 39.17 19.51 4.83 5.98 7.17 21.94 1.41
PII [%] 37.73 20.26 4.54 5.82 6.29 24.08 1.28
PIII [%] 34.38 21.21 5.28 6.54 7.21 23.84 1.54

In
st
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m

N 20 1 0 0 1 1 0
P0 [%] 86.96 4.35 0.00 0.00 4.35 4.35 0.00
PI [%] 87.81 2.76 0.00 0.00 4.08 5.35 0.00
PII [%] 86.20 6.96 0.00 0.00 3.01 3.83 0.00
PIII [%] 88.65 5.02 0.00 0.00 2.39 3.94 0.00

F
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o
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G
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N 28 15 7 6 9 20 3
P0 [%] 31.82 17.05 7.95 6.82 10.23 22.73 3.41
PI [%] 27.70 25.81 7.05 8.74 11.51 17.69 1.50
PII [%] 30.34 26.15 6.17 7.92 9.02 19.14 1.25
PIII [%] 28.18 26.26 7.18 8.90 9.95 18.00 1.53

F
ac
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o
ok

U
K

N 44 39 9 13 12 48 6
P0 [%] 25.73 22.81 5.26 7.60 7.02 28.07 3.51
PI [%] 44.87 16.38 3.72 4.60 5.02 24.05 1.36
PII [%] 41.76 17.05 3.65 4.67 4.79 26.78 1.30
PIII [%] 37.84 18.39 4.22 5.22 5.69 27.10 1.54
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N 5 1 0 0 0 1 0
P0 [%] 71.43 14.29 0.00 0.00 0.00 14.29 0.00
PI [%] 74.29 8.74 0.00 0.00 0.00 16.97 0.00
PII [%] 71.45 18.42 0.00 0.00 0.00 10.14 0.00
PIII [%] 68.98 17.38 0.00 0.00 0.00 13.64 0.00

In
st

ag
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K

N 15 0 0 0 1 0 0
P0 [%] 93.75 0.00 0.00 0.00 6.25 0.00 0.00
PI [%] 94.04 0.00 0.00 0.00 5.96 0.00 0.00
PII [%] 95.16 0.00 0.00 0.00 4.84 0.00 0.00
PIII [%] 96.64 0.00 0.00 0.00 3.36 0.00 0.00
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A.4 Supplementary DAU tables for “Future plans and motivation” section

Table A28. Short-term migration reasons. Row groups represent different aggregations of data by social
platform and country. N represents the original counts, P0 displays the unweighted percentages, and
PI , PII , and PIII show percentages adjusted using three distinct post-stratification weighting methods.
Daily Active User (DAU) data was used to calculate post-stratification weights. The data was derived
from a survey question: “What was the main reason for your most recent short-term migration, lasting
six weeks to one year?”
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N 25.00 1.00 15.00 6.00 1.00 32.00 9.00 8.00 60.00 11.00
P0 [%] 14.88 0.60 8.93 3.57 0.60 19.05 5.36 4.76 35.71 6.55
PI [%] 11.27 0.13 5.52 3.10 0.13 31.50 5.82 4.27 34.55 3.71
PII [%] 12.02 0.14 5.49 3.30 0.14 27.71 6.14 5.59 35.35 4.11
PIII [%] 12.35 0.16 6.51 3.68 0.16 23.77 6.98 4.31 37.70 4.39

F
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N 22.00 1.00 14.00 6.00 1.00 29.00 8.00 6.00 53.00 11.00
P0 [%] 14.57 0.66 9.27 3.97 0.66 19.21 5.30 3.97 35.10 7.28
PI [%] 10.80 0.14 6.02 3.38 0.14 33.04 6.00 3.47 32.95 4.04
PII [%] 11.43 0.15 5.88 3.53 0.15 28.18 5.85 5.08 35.34 4.40
PIII [%] 11.95 0.17 6.87 3.88 0.17 23.84 6.86 3.98 37.65 4.64
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N 3.00 0.00 1.00 0.00 0.00 3.00 1.00 2.00 7.00 0.00
P0 [%] 17.65 0.00 5.88 0.00 0.00 17.65 5.88 11.76 41.18 0.00
PI [%] 16.42 0.00 0.00 0.00 0.00 14.66 3.80 13.01 52.11 0.00
PII [%] 20.48 0.00 0.00 0.00 0.00 20.97 10.15 12.85 35.55 0.00
PIII [%] 19.57 0.00 0.00 0.00 0.00 22.44 9.19 10.16 38.64 0.00
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Table A29. Long-term migration reasons. Row groups represent different aggregations of data by social
platform and country. N represents the original counts, P0 displays the unweighted percentages, and
PI , PII , and PIII show percentages adjusted using three distinct post-stratification weighting methods.
Daily Active User (DAU) data was used to calculate post-stratification weights. The data was derived
from a survey questions [5/2] (for duration equal or higher 12 months) and [6/2]
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N 54.00 38.00 2.00 25.00 8.00 12.00 2.00 9.00 4.00
P0 [%] 35.06 24.68 1.30 16.23 5.19 7.79 1.30 5.84 2.60
PI [%] 31.46 12.21 0.87 17.93 2.97 25.25 1.86 6.41 1.05
PII [%] 34.06 13.87 0.81 19.25 3.22 20.40 2.10 5.26 1.03
PIII [%] 36.18 13.82 1.02 20.71 3.05 15.18 2.21 6.58 1.25
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N 51.00 35.00 2.00 24.00 6.00 7.00 2.00 9.00 4.00
P0 [%] 36.43 25.00 1.43 17.14 4.29 5.00 1.43 6.43 2.86
PI [%] 32.36 11.40 0.94 18.82 2.60 23.82 2.01 6.92 1.13
PII [%] 34.65 13.05 0.85 20.31 3.27 18.95 2.23 5.58 1.10
PIII [%] 36.89 13.11 1.07 21.64 3.00 13.76 2.32 6.90 1.31
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N 3.00 3.00 0.00 1.00 2.00 5.00 0.00 0.00 0.00
P0 [%] 21.43 21.43 0.00 7.14 14.29 35.71 0.00 0.00 0.00
PI [%] 20.20 22.30 0.00 6.73 7.61 43.17 0.00 0.00 0.00
PII [%] 24.37 27.25 0.00 1.91 2.35 44.13 0.00 0.00 0.00
PIII [%] 21.71 28.35 0.00 1.78 4.01 44.15 0.00 0.00 0.00
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Table A30. Future Long-term migration reasons. Row groups represent different aggregations of
data by social platform and country. N represents the original counts, P0 displays the unweighted
percentages, and PI , PII , and PIII show percentages adjusted using three distinct post-stratification
weighting methods. Daily Active User (DAU) data was used to calculate post-stratification weights. The
data was derived from a survey question [7/2] “What would be the main reason for a potential future
long-term change in your usual place of residence”
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N 30.00 20.00 3.00 30.00 9.00 0.00 57.00 33.00 7.00
P0 [%] 15.87 10.58 1.59 15.87 4.76 0.00 30.16 17.46 3.70
PI [%] 22.21 8.23 2.34 18.86 9.35 0.00 24.20 11.21 3.61
PII [%] 22.15 8.57 1.93 18.37 9.52 0.00 23.33 11.26 4.86
PIII [%] 21.52 8.44 2.02 18.52 9.82 0.00 24.36 11.50 3.82

F
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o
k

N 26.00 19.00 2.00 25.00 8.00 0.00 54.00 32.00 7.00
P0 [%] 15.03 10.98 1.16 14.45 4.62 0.00 31.21 18.50 4.05
PI [%] 21.43 8.30 1.44 18.71 9.85 0.00 24.78 11.55 3.94
PII [%] 21.85 8.31 1.45 17.87 9.46 0.00 24.29 11.61 5.17
PIII [%] 21.24 8.41 1.46 18.14 9.86 0.00 25.15 11.73 4.01
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N 4.00 1.00 1.00 5.00 1.00 0.00 3.00 1.00 0.00
P0 [%] 25.00 6.25 6.25 31.25 6.25 0.00 18.75 6.25 0.00
PI [%] 30.82 7.45 12.17 20.48 3.84 0.00 17.78 7.45 0.00
PII [%] 26.88 12.69 9.51 26.34 10.54 0.00 8.25 5.80 0.00
PIII [%] 27.16 9.06 12.93 25.99 8.91 0.00 8.96 6.99 0.00
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Table A31. Future migration plans. Row groups represent different aggregations of data by social
platform and country. N represents the original counts, P0 displays the unweighted percentages, and
PI , PII , and PIII show percentages adjusted using three distinct post-stratification weighting methods.
Daily Active User (DAU) data was used to calculate post-stratification weights. The data was derived
from a survey question [7/1] “How likely are you to move to a different country within the next 1 to 3
years?”
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N 20.00 29.00 20.00 29.00 94.00 4.00
P0 [%] 10.20 14.80 10.20 14.80 47.96 2.04
PI [%] 13.23 21.65 8.34 12.71 43.23 0.83
PII [%] 15.56 18.29 8.38 12.10 44.88 0.78
PIII [%] 13.66 20.16 8.08 12.77 44.46 0.88

F
a
ce

b
o
o
k

N 18.00 26.00 14.00 27.00 90.00 4.00
P0 [%] 10.06 14.53 7.82 15.08 50.28 2.23
PI [%] 13.81 21.14 6.04 12.87 45.24 0.91
PII [%] 15.67 18.87 6.13 12.32 46.18 0.83
PIII [%] 13.68 20.62 6.15 13.05 45.58 0.92

In
st

ag
ra

m

N 2.00 3.00 6.00 2.00 4.00 0.00
P0 [%] 11.76 17.65 35.29 11.76 23.53 0.00
PI [%] 7.04 27.18 33.28 10.98 21.52 0.00
PII [%] 13.85 9.56 42.85 8.68 25.06 0.00
PIII [%] 13.33 11.69 43.37 7.76 23.85 0.00
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A.5 International Mobility Survey – Complete Form

The following pages present the complete original version of the International Mobility Survey.
A shortened version of the survey is provided in Table 1.
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