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Supporting Information Text12

Materials and methods13

Data. In this paper, we use a variety of data sets to produce our migration estimates for Facebook users, to weight our estimates14

to capture population-level migration, and to validate our figures against external data. In this section, we describe the data15

we use in each of these processes.16

Location assignment. Our estimates of global migration flows are based on aggregated, weighted observations of changes in17

individual countries of residence for 3 billion monthly active users on the Facebook platform∗. We currently use data on18

migration between the start of 2018 to the end of 2023. Since the United Nations definition of migration requires continued19

residence in the origin and destination for a year, this allows us to produce migration figures for all months between January20

2019 and December 2022. We determine the country of residence for each individual using an algorithm that takes into account21

signals such as the IP addresses they use, their self-reported home country, and their activity on the platform. The same22

predictive model for home country location has been used in other studies based on active users of the Facebook platform (1–3).23

Due to a one-off change in the location prediction algorithm, many users were assigned to a new location in October 2021 and24

subsequent months. As these changes reflect a shift in methodology, rather than a true change in migration patterns, we impute25

the number of migrants in October 2021 for each country pair by averaging the level of migration in September 2021 and26

November 2021. The influence of the home country prediction algorithm change is typically realized within less than a month,27

which does not have a long-term effect. This means that the change in the algorithm represented a one-time adjustment to28

certain users’ location assignments, rather than an ongoing impact on the process through which moves are imputed. Besides,29

the location prediction algorithm change resulted in a minimal proportion of users experiencing a change in their predicted30

home country because the existing algorithm already has a high degree of precision. We drop a small number of other data31

points, which include 47 country pair-by-day cells, from our dataset when changes in the home prediction algorithm affect32

individual country pairs before aggregating our data to the country pair-by-month level†. We additionally drop a small number33

of country pair-by-month cells due to data irregularities‡. We also omit certain country pairs due to sensitive geographies or34

countries with disputed borders where we are not sure our estimates would be capturing migrants as opposed to large volumes35

of other cross border movement.36

Population data. As part of the migration estimation process, we use population counts when calculating the weights in each37

country, as described in SI Weighting section. We use annual population estimates for 2019-2022 from the World Bank§, which38

compiles data from the United Nations Population Division, national statistical publications, Eurostat, the United Nations39

Statistical Division’s Population and Vital Statistics Report, and the Secretariat of the Pacific Community. We also use the40

population data as part of our validation exercises to normalize the immigration counts by the population of the receiving41

country.42

Validation data. We use a variety of alternative migration estimates to validate our data, which are described in more detail in SI43

Validation. In all the analyses below, we focus on using data on reported immigration, since this is generally thought to be44

more accurate than data on emigration (4, 5).45

In the Validation section and in SI Validation, we make extensive use of migration data from the National Statistical Office46

(NSO) of New Zealand, which provides monthly migration statistics on its website (6). This data has been widely explored in47

prior research and is thought to be of comparatively high quality (7). In this context, individuals are counted as migrants if48

they are “an overseas resident who arrives in New Zealand and cumulatively spends 12 out of the next 16 months in New49

Zealand." This contrasts with the recommendation of the United Nations, which requires migrants to live in their destination50

for the majority of 12 consecutive months to be considered residents. To account for this difference, we adjust the parameters51

in our model (see SI Algorithm) to match those used by the New Zealand government when benchmarking our data against52

theirs. This modification only applies to the benchmarking step; when measuring migration to New Zealand in the body of the53

paper, we use the United Nations’ definition of migration.54

In SI Validation, we also make use of data from Sweden, which publishes migration statistics based on the national55

population register¶. Migrants from abroad who intend to reside in Sweden are required to register in order to obtain a personal56

identification number that is widely used by the government. During the registration process, the previous country of residence57

is recorded, alongside other details, which allows for the enumeration of annual immigration flow data by country of origin‖.58

In the Validation section and in SI Validation, we also employ data from Eurostat∗∗, the statistical office of the European59

Union, which collates data on immigration statistics from various NSOs. Each member nation has developed different systems60

for collecting and defining migration. Some member countries, such as Sweden and Denmark, base their figures on population61

registers, while others, such as Ireland and Portugal, employ estimates based on labor market surveys. Consequently, both62

∗See Meta Reports Third Quarter 2022 Results
†This represents around 0.0001% of the total country pair-by-day cells in our sample (47 cells / ((181 * 180) country pairs * 1460 days)).
‡We omit, in total, 101 country pair by month cells, which comprises 0.006% of total cells (101 / (48 months * (181 * 180) country pairs)). These cells are: Uganda to Syria between May 2019 and

September 2019, Syria to Uganda between May 2020 and February 2021, Myanmar to Cambodia between November 2020 and December 2022, Senegal to Guinea-Bissau between January 2019 and
July 2020, Timor-Leste to Indonesia between September 2019 and December 2022 and Afghanistan, Argentina, Chad, Turkey, and Uganda to Sudan between January 2019 and February 2019.

§See here for the data source
¶See Immigrations and emigrations data from Statistics Sweden
‖See this report by M. Forsberg for further information.

∗∗This data is available on the Eurostat website as series migr_im5prv.
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data quality and the exact definition of migration vary across countries. In recent decades the European Union has introduced63

legal frameworks to harmonize the definitions used by countries in their required reports to Eurostat, though the definitions64

and methodologies are not yet perfectly compatible††. The data covers reported immigration flows to the 27 current members65

of the EU, along with Iceland, Norway, North Macedonia, Montenegro, Switzerland, and the United Kingdom. Most countries66

are present in each year, but data are missing in some countries, such as the United Kingdom, which is only present in 2019.67

For most countries, the immigration data is broken down by the country of origin (which can be a non-Eurostat nation). Some68

countries only report pairwise data to Eurostat for a subset of origin countries. When validating the total rate of migration to69

or from a country, we also include migrants whose exact origin is not specified‡‡.70

We also validate our estimates using data from Germany§§ in a secondary validation exercise discussed later. The international71

migration flows to Germany are collected by the registration offices in Germany and are available at a monthly level, which72

makes them an appealing source of validation for our high-frequency estimates of migration. However, the time frame used by73

the German government to define migration events is much shorter than that recommended by the United Nations. We discuss74

these differences in more detail in SI Validation.75

Finally, we compare our data against global estimates of migration that are imputed using changes in migrant stocks. This76

data is only available at a five-year granularity so in our comparisons, we compare our estimated level of migration in 201977

against the annual average in the 2015-2020 period (8).78

Algorithm for detecting migration events. To determine if users migrate internationally, we search within each individual79

sequence of home country locations to determine if their home country changes for at least 12 months. This definition aligns80

closely with that used by the United Nations Statistics Division, which defines a person’s usual residence as “the place at which81

the person has lived continuously for most of the last 12 months (that is, for at least six months and one day), not including82

temporary absences for holidays or work assignments, or intends to live for at least six months” (UN Statistics Division, 2008,83

p102).84

We assume that all changes of 12 months or longer in the user’s home country correspond to changes in their country of85

residence (i.e., migration events), rather than extended absences for holidays or work assignments, as it is not possible to86

determine the purpose of any user’s change in their home country from signals on Facebook.87

Our algorithm for detecting migrant events for each individual is based on Chi et al. (9). The method first detects each88

user’s segments in time when they live in the same location (allowing for small periods in other places due to travel). The89

country of each segment is a person’s country of residence over that period of time. The method then designates them as a90

migrant if two adjacent segments are in different countries. Assume we detect two segments for a person: a segment in country91

A from Apr. 1, 2019 to May 1, 2020 and a segment in country B from May 2, 2020 to Dec. 1, 2024. Then this person is a92

migrant who migrated in May 2020 from country A to country B. This person is a resident of country A from Apr. 1, 2019 to93

May 1, 2020, and a resident of country B from May 2, 2020 to Dec. 1, 2024.94

To detect segments, we define the maximum gap between consecutive days ε. A segment of time in a given country will be95

considered continuous if there are no periods of more than ε days in that period in which the user is seen only outside the96

country. Detected segments might have different lengths and might have different proportions of days when a person lives in97

the country of residence. To ensure that the detected segments meet the length of residency and that a person lives there for98

most of their time, two additional parameters are used by the algorithm for 1) the minimum length of the segment minDays99

and 2) the proportion of days in each segment propDays (Fig. S1). We set each of these parameters to match the definition of100

long-term migration recommended by the United Nations. We set the segment length to at least 12 months and the proportion101

of days in each segment to 50%. As the United Nations does not provide a recommendation of the maximum gap between102

consecutive days in the destination country (referred to as the radius), we set this parameter to 60 days (see SI Alternative103

radii for details). In some cases, gaps between the last day of a segment and the start of the subsequent segment are visible. We104

drop individuals from the estimation if there is a gap of longer than 60 days due to uncertainty about the migrant’s residence105

during this time. See Chi et al. (9) for a full explanation of the segment-based algorithm to detect migration events.106

We explore variations in the parameter values for the algorithm elsewhere in the paper. For instance, when validating107

our data against the migration data provided by the New Zealand NSO, we set minDays to be 16 months (487 days), and108

propDays to be 75% (12 months), to match the definition used in their administrative data. We also present results after109

setting minDays to be 6 months (182 days), and propDays to be 50% (3 months), which allows us to measure more recent110

migration trends (see SI Alternative minimum segment lengths).111

Alternative radii. We considered several factors to inform our decision to set the radius ε to be 60 days in our segment-based112

algorithm. As the value of ε increases, it allows users to spend more consecutive days outside of their country of residence113

during a segment. When ε is large, we can better account for users who temporarily travel outside their country of residence,114

but segments are then more likely to overlap, if, for instance, a user alternates stints in two countries. A smaller radius lessens115

the number of overlapping segments but imposes stricter requirements on the length of trips that users can take abroad during116

their residence in a given area.117

††A full list of methodologies can be found in Section 18 of the description of Eurostat series “migr_immi”, at this link.
‡‡For more information, see here. Article 3(1)(A)(iii) describes the mandate to collect this data, and Article 9(1) discusses allowable sources and methodologies. Table 18 of this link describes the processes

used by each country to produce their immigration estimates.
§§See here for data source and here for data details.
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To justify our choice of ε, we consider three metrics. Our first metric is based on analysing the dominance of the modal118

country within each segment. Concretely, we measure the percentage of segments in which the modal country within the119

segment accounts for more than 90% of days in the segment. We also consider an alternative metric which measures the120

number of segments in which the most common country and second-most common country are almost as frequent as one121

another, differing by fewer than 20% of the total number of days in the segment.122

Our third metric combines the number of transitions and the longitudinal entropy, following the procedure outlined in
Gabadinho, Ritschard, Studer, and Müller (10). Specifically, we calculate for any sequence of s:

C(s) =
√
`d(s)− 1
`s − 1

h(s)
hmax

where hmax is the theoretical maximum entropy given the cardinality of our set of countries. hs is the entropy of a sequence s.123

`d(s)− 1 is the number of transitions in a sequence s. `(s)− 1 is the maximum number of transitions in a sequence s. The124

complexity index attains its minimum value of 0 when there are no transitions in a sequence and its maximum value when125

each state in a sequence is different. In other words, if a sequence consists of a single state that is repeated throughout, the126

complexity index will be 0, whereas if each state in the sequence is unique and different from all the others, the complexity127

index will be at its maximum.128

As shown in Fig. S2, we find that, when we set a lower value of epsilon, migrants’ location histories exhibit lower complexity,129

and there are fewer cases where users split their time nearly equally between two countries during a segment. At the same130

time, we find that the overall number of detected migrants falls substantially when we set ε to lower values, particularly when131

we set it equal to 30 days. In this case, we drop over 6% of our total number of migrants, as we ignore segments that might132

include short visits to family, tourist excursions, or business trips. When ε is small, the detected segments need to have a133

very continuous record in a country because the gap between two days when a person lives in the country must be smaller or134

equal to ε. In the extreme, when ε = 1, a person must live in the same country every day to form a valid location segment.135

Consequently, using a smaller ε in the algorithm will lead to fewer migration events detected. When ε is large two potential136

issues might arise: (1) the proportion of days (propDays) a user is identified in the segment can become smaller as the larger ε137

allows for more gaps between the days a person is located in their country of residence and (2) neighboring segments are more138

likely to overlap, which will be dropped in our algorithm. The remaining segments after dropping the overlaps might be shorter139

than 12 months, and hence will no longer be valid for detecting migration events based on the UN definition. These two issues140

result in fewer migrant events detected when using larger ε, and hence we choose to set ε to equal 60 days to balance these141

considerations.142

Alternative minimum segment lengths. Estimates of international migration are typically available only with a considerable time143

lag for publication. Our estimates rely on digital trace data that is gathered in near real-time. As we adopt the United Nations’144

recommended definition of migration, which requires migrants to reside in their destination for the majority of a year, we need145

to wait until the completion of 12 months to detect migration events for the past year. In this section, we explore an alternative146

definition of migration which could allow us to measure global migration with a shorter time lag, potentially opening up new147

opportunities for research and policy.148

To create timelier estimates, we consider a different definition for residence, in which a migrant still needs to be a resident of149

their origin region for more than six months in a 12-month period, but the required duration in their destination is shorter–only150

3 months in a 6-month span. This change allows us to capture migration with only a 6-month lag, at the cost of capturing151

some migration that does not match the United Nations’ definition. As shown in Fig. S3, using this shorter definition, we152

detect slightly more migrants than we do when applying the United Nations’ definition due to our inclusion of shorter-term153

migrants, which is consistent with the findings of Nowok and Willekens (11).154

In Fig. S4, we correlate our estimated migration levels in 2019 using this method against data from Sweden and Eurostat.155

We can see that, although we tend to slightly overestimate migration with this new definition, we still see a strong relationship156

between the reported migration statistics, with a Pearson correlation of 0.90 with the Swedish data and 0.86 with the Eurostat157

data. We do not benchmark the short-term results against New Zealand’s data because its definition of migration implies even158

longer minimum stays than the United Nations definition.159

Comparison with frequency-based method. The frequency-based approach, in which one’s residence is considered to be the location160

where a user spends the majority of days in a given calendar year, is a common method to detect migration (12–14). In this161

methodology, an individual is considered a migrant if their modal location changes between calendar years. Prior work has162

found that the segment-based method has a better performance than the frequency-based method based on human-labelled163

data (9), but these two methods have not been previously compared in the context of the digital trace data that we use in this164

paper. In this section, we benchmark our preferred segment-based method against a frequency-based method and highlight165

how the two methods map onto the United Nations’ preferred definition of migration.166

Although the modal country is measured annually with the frequency-based methodology, this approach does not ensure167

that a migrant lives primarily in a country for an entire year. Correspondingly, the frequency-based definition classifies a168

number of short-term moves as migration events. In Table S1, we show that 18.7% of moves under the frequency-based method169

have a duration of fewer than 300 days, which are not classified as migration events in the segment-based definition of migration170

or the UN definition. The frequency-based approach also diverges from the United Nations’ definition of migration and from171

the segment-based approach as it does not impose any constraints on the minimum number of days that an individual must be172
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present in their destination during the residence period. As a result, we find that the frequency-based definition detects many173

migration events for individuals who frequently move between locations, even though these short-term moves are not captured174

by the segment-based approach or by the United Nations’ definition of migration.175

In Table S1 we demonstrate that using the segment-based definition, 97.8% of the individuals spend 90% or more of their176

residence period in the country assigned to them. In the frequency-based approach, individuals only spend 70.5% of their time177

in their assigned country of residence. We also find that the frequency-based method leads to a far higher number of cases in178

which individuals split their time evenly between two countries, but are still recorded as migrants. As a result of these factors,179

we find that the frequency-based method assigns users more complex and less continuous migration histories.180

The frequency-based approach also has another additional drawback relative to the segment-based approach, namely, it181

does not neatly capture the date on which a migrant moved. For example, for a person whose modal home country changed182

from one country in 2019 to another in 2020, it is unclear if the person migrated in 2019 or 2020. This issue makes it harder to183

directly compare the migration estimates from the frequency-based technique with those provided by administrative sources.184

Nevertheless, we can still get a sense of how our migration estimates using this method compare to administrative data by185

comparing them to both of the neighboring years. For instance, we can compare our frequency-based migration estimates186

for 2018-2019 and 2019-2020 against the Eurostat migration estimates from 2019 at the country-pair level, finding Pearson187

correlations of 0.79 and 0.86, respectively. These results compare unfavourably with those from our segment-based method in188

2019, which had a correlation of 0.93 with the Eurostat estimates, see SI Validation for full details on our validation exercises.189

In summary, we find the segment-based approach performs better than traditional frequency-based methods for detecting190

international migration events in four aspects: (1) individuals spend a higher proportion of their time living in their detected191

county of residence, (2) individuals have fewer transitions across countries, (3) the precise timing of migration events are known,192

and (4) comparisons with validation data are facilitated by the use of more-similar definitions of migration.193

Weighting. We observe migration decisions only for individuals who actively use Facebook. In order to provide estimates for194

the total population level of migration, including migration among non-users, we adjust our initial estimates using a variety195

of weighting mechanisms. An ideal weighting mechanism would allow us to account for a variety of (potentially unobserved)196

factors that affect both Facebook usage rates and migration propensity. In this section, we discuss a range of weighting methods197

used in migration estimation. To benchmark these methods, we use each one to weight the level of migration we observe among198

Facebook users, and benchmark these series against administrative records documenting the number of individuals arriving in199

Sweden during each year between 2019 and 2022. Sweden’s migration data is derived from the country’s mandatory population200

register and is considered to be of high quality, as it is available at the country-pair level and captures essentially all long-term201

stays in the country, regardless of visa type (15).202

Raw estimates. We first benchmark our initial estimates against the Swedish administrative data, calculating both the Pearson203

correlation between the two series and the sum of the absolute errors. As shown in the third column of Table S2, the raw204

estimates are highly correlated with the Swedish data (r = 0.84, 0.93, 0.95, 0.96 from 2019 to 2022)¶¶. Though the two205

series are highly correlated, we can also see that the sum of the distance between the initial estimates and reported migration206

statistics is relatively high. In Table S3, we show that this is largely because we underestimate the level of immigration from207

almost all countries since we do not account for the migrants to Sweden that do not use Facebook.208

Selection rate. In the main results discussed in the paper, we use a hybrid approach that harnesses several features of the joint209

relationship between socioeconomic status, migration, and Facebook usage. In Fig. S5, we show that when we weight our raw210

data using the inverse penetration rates, we obtain relatively accurate estimates for high-income countries, but we tend to211

dramatically overestimate the rate of migration from lower-income countries. These results indicated that there is variation in212

the degree of selection into migration and Facebook usage across countries, with less-developed countries tending to have a less213

representative sample on the platform. This finding aligns with a large literature in economics highlighting the barriers that214

poor individuals face both in migrating and in accessing communications technology (16, 17). In developed countries, these215

constraints bind fewer people, and the degree of selection into migration and Facebook usage is likely to be less severe.216

With this intuition in mind, we can describe the construction of the weights used in our main specification. In high-income217

origin countries, we would like our weights to resemble the inverse of the penetration rate in origin country o ( FBUserso,t

Populationo,t
),218

given that Facebook users in such countries are broadly representative of the broader population in their migration propensity219

(following the analysis in the first panel of Fig. S5). In lower income origin countries, we have observed that Facebook users220

tend to be more likely to migrate than the population at large, so we would like our weights to assume that the degree of221

non-random selection into our sample increases as we consider origin countries with lower incomes. Correspondingly, we would222

like to place relatively less importance on the penetration rate when weighting the data for these countries. To parameterize223

this relationship, we define the denominator of our weights as a linear combination of the penetration rate in origin country224

o and a fitted constant rt (whose construction we will describe shortly), which captures the degree to which selection into225

our sample is more severe in low-income countries. The contribution of each term to the overall weights is determined by the226

per-capita income of each country, scaled such that the highest-income country has a value of 1. Concretely, we can define the227

weight placed on each migrant from origin o in year t as:228

¶¶We do not include the correlation plot here because it could be used to infer the penetration rate of Facebook users in each country, which is not public information.
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Wo,t = 1
Incomeo × FBUserso,t

Populationo,t
+ (1− Incomeo)× rt

[1]229

Here, Incomeo is calculated using the 2019 Gross National Income per capita (GNIpc)∗∗∗ of country o, using the following230

formula:231

Incomeo = GNIpco
max (GNIpco)

[2]232

To apply these weights in practice, we need to tune a single parameter for each year, rt, which controls the degree to which233

selection into the sample varies with development in year t. To choose the parameter used in the paper, we test a variety of234

possible values for rt and benchmark the resulting weighted migration figures against figures from New Zealand’s NSO at the235

country pair level. For each year, we test candidate values of rt between 0 and 3 using the New Zealand data in steps of 0.01236

and select the parameter that minimizes the sum of the absolute errors across all origin countries. We find that the optimal237

value of rt is 0.46 in 2019, 0.41 in 2020, 0.46 in 2021, and 0.35 in 2022. We then use these values of rt to weight our data for all238

other country pairs in that year. Moreover, while the migration patterns of New Zealand may not be representative for most239

countries, we observe that a small variation in the r measure results in a minor change in the absolute errors, which further240

strengthens the validity for calibrating r using New Zealand data. In Fig. S6, we illustrate how the sum of the absolute errors241

in the Swedish data varies with rt in each year. The optima we find here are quite similar to the optima estimated with the242

New Zealand data, hinting at the generalizability of the parameters we estimate. We show in columns 11 and 12 of Table S2243

that this weighting method results in the lowest total error rate on the Swedish data for 2019, 2021 and 2022, and on the244

Eurostat data for all the years in our sample.245

In principle, this method could be expanded to allow for rt to differ according to the level of development of the destination246

country. This could capture the fact that the degree of selection on socioeconomic characteristics into migration could vary247

according to the wealth of the destination, even holding fixed one’s origin country. Our ability to investigate the sensitivity of248

rt to these destination characteristics is limited by the scarcity of high-quality immigration data for less-developed countries.249

With that said, in Table S4, we highlight the strong performance of this methodology using a second validation set from250

Eurostat. Though this is not a globally representative dataset, the figures in Table S4 show that the selection rate methodology251

outlined here performs well across a variety of destination countries whose GDP per capita varies by more than a factor of 10252

(from a high of $113,196 in Luxembourg to $9,518 in Bulgaria)†††. We present more analyses in SI Validation below.253

Inverse penetration rate weights. The simplest weighting approach is to weight our initial migration estimate from origin country o254

to destination d in year t by the inverse of the Facebook penetration rate in the origin country in that year: Wo,t = Populationo,t

FBUserso,t
.255

Under this approach, we assume that no factors affect both an individual’s migration decision and their rate of Facebook usage.256

In columns five and six of Table S2, we demonstrate the implausibility of this assumption, showing that applying the inverse257

penetration rate weights increases the absolute level of error in our estimates and decreases the correlation of our figures with258

the Swedish data.259

In Column 5 of Table S3, we present the estimates of the total level of migration to Sweden after applying the inverse260

penetration rate weights. We see that we now overstate the aggregate level of migration to Sweden, which suggests that261

individuals we observe on Facebook are more likely than an average person in their country to migrate to Sweden. We show in262

Fig. S5 that the degree of selection is non-uniform with respect to the income of one’s origin country. Among wealthy sending263

countries, it seems that there is little selection into the sample on the basis of migration likelihood, with the inverse penetration264

weights causing our estimated flows to closely match the administrative data. However, in less developed countries, we see that265

Facebook usage appears to be non-random, with the inverse propensity weights causing us to overstate migration several-fold.266

For this reason, we will now turn our attention to weighting methods that can account for these differential rates of selection.267

Raking ratio estimation. In addition to a user’s location, we are also able to identify users’ age, sex and region within their country.268

We can use these demographic characteristics to further adjust for the non-random nature of Facebook usage and migration.269

In particular, we can use these additional details to calculate user weights that account for uneven Facebook usage within a270

country. We use an iterative proportional fitting method (also known as raking) to create weights for each age by sex by region271

group in our sample, such that the (weighted) prevalence of each group in our data matches the true distribution. To do this,272

we use WorldPop estimates of the population of each demographic group in each GADM-1 region‡‡‡. The raking process was273

carried out using the survey package in R (18).274

We are only able to calculate weights for subgroups that are observed in both Facebook users and possible global data275

sets on factors that might impact the variation in Facebook usage patterns. Consequently, we are restricted to considering a276

relatively narrow set of characteristics in our weighting model, where we are unable to directly target other potentially relevant277

socioeconomic characteristics. We see in columns 7 and 8 of Table S2 that the raking methodology we employ does not improve278

the correlation of our data with the Swedish administrative figures. Instead, our correlation decreases and the sum of the279

absolute errors increases, particularly in low-income countries.280

∗∗∗See here for data source
†††The Eurostat figures are reported individually by each country and vary somewhat in their collection methods and definitions, so some degree of caution is needed in interpreting these results.
‡‡‡GADM-1 regions are a global set of top-level administrative divisions. In the United States, these correspond to states. See here for the data source.
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Coef�cient. The methods discussed above are appealing because the weights used can be calculated directly from country-level281

demographic data, which is available globally. However, as we have seen, these methods tend to perform poorly because there282

is likely to be selection into our sample based on characteristics that are not observed across all countries in both Facebook283

and administrative datasets. In this section, we demonstrate how we can use additional migration data to help us estimate the284

parameters of a simple model of selection into our sample.285

We use a second set of administrative data from the NSO of New Zealand to estimate this ratio, regressing the government's286

estimates of the number of arrivals from each country on our raw estimates. We use data from New Zealand since its migration287

�gures are also thought to be of exceptionally high quality ( 7). We then use the estimated coe�cient we �nd as our weighting288

factor, which is common across all country pairs. In this model, we assume that we observe a fraction of the true number of289

migrants between each pair of countries, where this fraction is constant across country pairs and over time.290

We present the results on the Swedish arrival data in columns 9 and 10 of Table S2. Since we are solely multiplying all of291

our estimates by a common factor, the correlation is unchanged, although this methodology slightly improves the overall error292

rate. This implies that the overall rate of selection into migration is relatively similar across the two destinations when we293

consider all origin countries. That said, the rate of selection into migration seems to vary according to the characteristics of the294

sending county (see Fig. S5), which we cannot capture using this single-parameter approach (16).295

Differential privacy. We use techniques from the literature on di�erential privacy to protect information about individuals in296

the aggregated data we make public. Dwork and Roth (2014) ( 19) proposed the de�nition of di�erential privacy and provided297

typical mechanisms to achieve di�erential privacy. A randomized algorithm M is (�; � )-DP if for any pair of data points, X and298

Y di�ering at most one row (e.g., an individual in a dataset), and any event E (i.e. all potential output of M ),299

Pr[M (X ) 2 E ] � e� Pr[M (Y ) 2 E ] + �300

Balle and Wang (2018) (20), and Dong, Roth, and Su (2020) (21) recently proposed the approach to inject random noise from301

the Gaussian distribution to the output, to achieve (�; � )-DP. A randomized algorithm M (x) = f (x) + Z with Z � N (0; � 2) is302

(�; � )-DP if and only if303

�( �
2� � ��

� ) � e� �( � �
2� � ��

� ) � �304

where � is L2 sensitivity, which is de�ned as the L2 norm (
q P k

i =1 v2
i ) of the maximum possible di�erence in all the output305

aggregates caused by adding or removing one individual. We adopt such an approach as it is easy to implement and the noise306

magnitude is relatively small. Since an individual can only migrate once per year under the de�nition we use in this paper, the307

impact of adding or deleting an individual from our data can only a�ect the value in any speci�c cell by at most +1 or -1.308

Under the assumption that we will collect and release yearly data for a total of 10 years, and we will share the data of the total309

number of migrants, the number of migrants by age, and the number of migrants by sex, the L2 sensitivity will be
p

30.310

We use � = 10, � = 10� 9 , � =
p

30, which implies that we should inject random noise drawn from a Gaussian distribution311

with parameters (0, � = 3.56). Accordingly, in 95% of the cases, we will add or subtract fewer than 7 people to each312

country-by-country-by-month cell. If the number of migrants between a pair of countries becomes negative after adding this313

noise, we censor the data at 0.314

Validation315

New Zealand. In Fig. S7, we compare our estimated rates of migration into New Zealand with the �gures reported by the316

country's NSO. On the X axis, we present the o�cial estimate of the migration rate into the country from each origin. We317

benchmark this against our estimated level of migration, which is weighted using the selection weighting approach described in318

SI Weighting ŸŸŸ. We �nd that our data matches the New Zealand government �gures extremely well, with a Pearson correlation319

above 0.98 each year. These �gures remain robust in 2020, 2021 and 2022, despite the onset of the COVID-19 pandemic, which320

dramatically changed the pattern of migration into New Zealand.321

Nevertheless, we do highlight in Fig. S7 several sending countries for which our estimates of migration to New Zealand322

are less aligned with the o�cial �gures, namely Tonga (TO), Samoa (WS), and Vanuatu (VU). These three countries are all323

categorized by three factors: strong cultural and regional ties to New Zealand, relatively low levels of Facebook usage, and324

preferential visa programs that make migration to New Zealand accessible to a wider swath of society than it would be without325

government intervention. For instance, New Zealand administered Samoa before the country's independence and signed a326

treaty in 1962 allowing for preferential immigration of Samoans under the Samoan Quota (SQ), which led to widespread327

emigration from the country, which now has 50% of its population living abroad. Similar programs exist in New Zealand for328

Tongans (under the Paci�c Access Category) and Vanuatuans (under a variety of temporary worker programs) ( 22). These329

programs highlight a limitation of our selection weight approach�though we are generally able to approximate the rate at330

which economic selection into Facebook usage and migration coincides, we perform less well for country pairs where policies331

facilitate or hinder migration for certain groups. Since we �t only a single parameter in the selection weight model to explain332

migration under facilitated conditions and more traditional conditions (and there are many more cases of the latter), our model333

performs less well for these unusual cases.334

ŸŸŸThe data from New Zealand is based on a slightly different de�nition of migration than is used elsewhere in the paper. In general, we follow the United Nations de�nition, in which migrants are de�ned to
be individuals who move to a new region for 12 months, having resided elsewhere for 12 months. In the case of New Zealand, migrants are de�ned as those who arrive in the country and live there for 12
of the next 16 months (perhaps discontinuously) and who lived in a different country for 12 of the previous 16 months. In all of the analyses presented in this section in which we compare our estimates
to the �gures from the New Zealand government, we use a set of Facebook estimates that are produced using parameters that match the New Zealand government's de�nition of migration. We use our
baseline de�nition for migration when comparing our data against the �gures produced by other NSOs.
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In Fig. S8, we further analyze trends in monthly migration to New Zealand from the top �ve sending countries. We335

demonstrate that our data capture the same monthly migration patterns as the administrative data, including seasonal336

variations and the impact of COVID-19 on in�ows.337

Sweden. In Fig. S9, we present analogous validation exercises, comparing our migration estimates to the administrative �gures338

from Sweden. We �nd high Pearson correlations between the two sources of data, ranging from 0.87 in 2019 to 0.97 in 2022.339

Our estimates also closely align with the Swedish government �gures in their magnitudes, indicating we are able to match the340

absolute as well as relative scale of the migration �ow for most sending countries.341

As in the case of the New Zealand validation exercises, several outliers stand out in this exercise. In 2019, for instance, our342

estimates are substantially lower than the Swedish government's �gures for �ows from Afghanistan and Syria, two countries343

which saw large out�ows of asylum seekers during this period. Here, as in New Zealand, policy decisions made by the receiving344

government, paired with relatively low rates of Facebook usage in the sending countries (especially in Afghanistan and Eritrea)345

contributed to an unusual pattern of selection in our sample, one in which migration and Facebook usage are less tightly346

linked than for most migration corridors. We can see further evidence for this interpretation when we compare the 2019347

and 2020 data. In 2020, the Swedish government changed its policy on residence permits, eliminating the presumption of348

eligibility that most Syrians were able to take advantage of in prior years ¶¶¶ . The following year, we no longer underestimate349

Syrian migration so substantially, perhaps re�ecting that the pattern of selection into migration and Facebook usage based on350

unobserved characteristics shifted as a result of this policy change.351

In 2022, we estimate that 25.6K people migrated from Ukraine to Sweden, far above the 800 migrants that the Swedish352

government reported to Eurostat. We believe that this distinction is driven by the fact that the Swedish government had not353

included most Ukrainians resettled under the Temporary Protection Directive in the population register used to calculate354

migration �gures 17 . In 2022, the Swedish government separately reported that it had granted Temporary Protected Status355

to 47 thousand people after the Russian invasion of Ukraine18 , which supports a substantially higher estimate of migration356

from Ukraine. We do not add these recipients of Temporary Protected Status to our validation �gures due to discrepancies in357

the migration concept considered. Concretely, not all those who are granted Temporary Protected Status meet the standard358

de�nition of migrants, as individuals counted in this enumeration may return home or move to a third country before spending359

a year in Sweden.360

Germany. To further assess the quality of our data at the monthly level, we compare our data against data from the German361

government on entries at the monthly level. The German government issues these �gures at a monthly level, which makes this362

an appealing source of high-frequency validation data. With that said, the de�nition of migration used in constructing this363

data di�ers from our own in several key ways, leading to a di�erence in the level of the two series. Concretely, the German364

data measures the number of arrivals from abroad who declare their intention to remain in Germany for more than three365

months, rather than the twelve months required by the United Nations de�nition of migration 19 . The German data also does366

not require that the migrant be present in their previous location for a year.367

In Fig. S10, we plot the level of migration in the German administrative data against our estimate of the total level of368

migration to Germany. The two series have very similar patterns in terms of the temporal variation in the rate of migration,369

though the overall levels di�er due to the looser de�nition of migration used in the German data. We also observe a slight lag370

in our data, which seems to lag the administrative �gures by about one month, a pattern that does not appear in the New371

Zealand validation exercises presented in Fig. 4. This discrepancy could re�ect a di�erence in administrative procedures or372

de�nitions across countries or a factor that a�ects the speed at which one's Facebook home prediction updates. This distinction373

is likely to be more muted at higher levels of temporal aggregation.374

United States. U.S. Customs and Border Protection (CBP) shares the number of migrants encountered at the border each375

month 20 . In recent years, such encounters have accounted for a large share of migration to the United States from several376

countries, re�ecting in part the spike in asylum claims initiated at the southern border, which normally involve migrants coming377

into contact with CBP agents. Many migrants whose presence is handled under the agency's Title 8 authority are allowed to378

stay in the country while their claims are pending, which often takes several years due to long backlogs in the immigration379

court system2122 .380

Comparing our estimates to the estimated number of individuals processed under Title 8 is di�cult for a number of reasons.381

Importantly, the two measures de�ne migrants' origins di�erently�we de�ne migrants' origin using the country in which382

they last lived for 12 months, while CBP uses the migrant's citizenship. The �gures presented by CBP also do not include383

non-asylum migration, such as students and people for work, which is present in our data. As a consequence, in certain cases384

our estimates of migrant �ows diverge from those reported by CBP. For instance, these di�erences are strong in the case of385

¶¶¶ For more information on this policy, see here.
17 For more information on this topic, see here. Some exceptions apply, such as migrants who are the partner of an EEA citizen.
18 See Eurostat for these �gures.
19 Additionally, this de�nition is based on the intended duration of one's stay, not the true duration, as in our implementation.
20 More information about this dataset can be found here.
21 Data compiled by Syracuse University's indicated that the average wait time for a hearing in 2020 was 1552 days, over 4 years. Further statistics on processing times are available here.
22 CBP also provides information on Title 42 encounters, which refers to provisions under which the government could process asylum claims in an accelerated fashion due for public health reasons. Most

migrants processed under this provision do not remain in the United States for a year; as such, we do not compare encounters conducted under Title 42 authority to our data. This provision was widely
used to turn back asylum seekers after the onset of the COVID-19 pandemic, before authorization for the provision was revoked in May 2023.
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migrants from Haiti, where CBP reports a considerably larger �ow than we measure in our data. In part, we believe that386

this re�ects the fact that many Haitian citizens arriving in the United States actually left their home country after the 2010387

earthquake and lived during the interim in Latin America 23 . Using our de�nition of migration, these Haitian citizens arriving388

in the United States are counted as migrants from the last country in which they spent one year.389

Conversely, our estimates of migration from Mexico to the United States are higher than the number of encounters reported390

by CBP. In part, this re�ects the high level of non-asylum migration from Mexico to the US, but our higher levels may also391

re�ect the fact that many migrants from third countries spend a substantial amount of time in Mexico before arriving in the392

United States. In some cases, these delays can be substantial, as in 2019 when Mexico paused its issuance of exit permits for393

third-country migrants bound for the United States 24 . Migrants who remain in Mexico for more than a year as a part of their394

journey to the United States are classi�ed as migrants from Mexico under our de�nition, but migrants from their country of395

citizenship under the de�nition used by CBP.396

Eurostat. In Fig. S11, we present analogous validation exercises using the 2019 Eurostat estimates for a wide array of countries.397

Although Eurostat publishes the estimates in a standardized format, the collection procedures underlying this data vary by398

country. Some nations, such as Sweden, derive their estimates from high-quality population register data, while others use399

sample surveys, healthcare records, or a number of other techniques25 . Despite this heterogeneity in the underlying quality of400

the data, we �nd that our data is in general highly correlated with the �gures from Eurostat, with a correlation above 0.9 in 15401

of the 21 countries reporting migration �gures in 2019. We see similarly strong performances in Figures S12, S13, and S14,402

which repeat these validation exercises in 2020, 2021, and 2022.403

With that said, we do �nd several large outliers in the data which could be informative to highlight. In the case of Bulgaria,404

we estimate that �ows into the country from the United Kingdom and Germany greatly exceed the government estimates.405

We �nd a similar pattern in Romania, which sees higher in�ows from Germany, the United Kingdom, and Italy than the406

government �gures suggest. Although we do not have de�nitive evidence, it seems plausible that these �ows represent Bulgarian407

and Romanian nationals returning to their native country after working or studying abroad. Both Bulgaria and Romania saw408

large-scale emigration to the higher-wage countries of Western Europe after labor mobility barriers were lifted in 2014, and409

have since seen individuals return in the wake of improving economic conditions locally and following the legal uncertainty for410

EU nationals imposed after Brexit. O�cial statistics may undercount such return migrants if they do not respond as other411

migrants do to questions about their migration status ( 23). We �nd a similar pattern in North Macedonia, where our estimates412

of the �ow into the country from Germany are substantially larger than the level reported in the Eurostat data, which might413

re�ect dual citizens or temporary workers returning from working in the country. The large �ow we �nd to North Macedonia414

from Germany, which has both a strong labor market and a large stock of Macedonians, is consistent with this interpretation.415

In some countries, we �nd that our estimates have a strong correlation with the �gures from Eurostat, but the overall level416

of migration we detect di�ers substantially from the administrative �gures. We �nd this most dramatic in the case of Slovakia,417

where our �gures have a Pearson correlation of 0.33-0.97 across years, though our estimates �nd a substantially higher level of418

immigration than the government reports. We �nd that this discrepancy is likely caused by the method used by the Slovak419

government to report their �gures to Eurostat�they include only individuals who have been granted a permanent residency420

permit 26 . The majority of migrants enter on temporary permits, which are renewable for several years. Such permits enable421

these temporary permit holders to meet the United Nations' de�nition of migration, which only requires migrants to reside in422

their destination country for one year 27 . These temporary residence permits are far more common than the permanent variety,423

with the OECD estimating that 20,000 temporary permits valid for more than one year were issued in 2019, relative to the424

7,000 total migrants reported in the Eurostat �gures that year 28 . For this reason, we think the estimates we report better425

capture the United Nations' de�nition of migration than the �gures Slovakia provides to Eurostat.426

In the case of Croatia, we �nd smaller levels of migration from Bosnia and Herzegovina (BA) and Serbia (RS) than are427

suggested by the administrative data. It is possible that our estimates here are complicated by people who hold dual citizenship428

across the countries, and who move between them relatively frequently, a problem raised by Dario Pavi¢ et al. ( 24). It is429

possible that the people the o�cial statistics record as moving to Croatia from these origin countries did not reside in their430

country of origin (or, perhaps, Croatia) for more than 12 months and thus do not meet our criteria for migration.431

OECD. The Organisation for Economic Co-operation and Development (OECD) releases the International Migration Outlook,432

a comprehensive report that provides the number of permanent migrants to each OECD country, as well as in-depth analyses433

of current migration trends and policies 29 . The de�nition of permanent migrants in this report is irrespective of the actual434

duration of stay. Instead, it is based on the type of permit the individual uses to enter the destination country, except in cases435

of migration within free-circulation areas where no permit is required. This de�nition also includes individuals who transition436

from a temporary permit to a permanent one. Other de�nition di�erences exist; some countries, such as Australia, Ireland and437

the United States report their migration statistics using �scal years instead of calendar years.438

23 See this article for a description of the process of migration that led such migrants to the United States.
24 See here and here for more information on this policy shift.
25 More information about the procedures used can be found here and here.
26 More information about the Slovak government's de�nition of migration can be found here.
27 Information about temporary residency permits in Slovakia can be found here.
28 For more information about the temporary permits, see here.
29 See International Migration Outlook 2022 by OECD for the details
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More fundamentally, the OECD's de�nition of migration di�ers from our own in two key ways. First, their de�nition does439

not account for returned residents. Second, it does not include �temporary� migrants who live in a country for more than one440

year, such as students and workers. These factors can explain why our estimates are higher than OECD; the OECD estimates441

that 6.1 million people migrated to OECD countries in 2019, while our estimate stands at 12.1 million (Fig. S15). For example,442

the NSO of New Zealand reported that the nation received 165,741 immigrants in 2019 (6), while the OECD reported that443

there were only 38.3K immigrants to New Zealand in that year 30 . Overall, our estimates exhibit a strong positive correlation444

with the OECD's �gures (Pearson correlations of 0.87 in 2019, 0.82 in 2020, 0.81 in 2021, and 0.92 in 2022) despite the di�ering445

migration concepts employed in the two datasets.446

Global indirect estimates. To incorporate a more global perspective for our validation we compare our estimates against indirect447

estimates of global migration. In recent years, the United Nations and World Bank have both published data on migrant stocks,448

broken down primarily by their country of birth in �ve-year intervals. Several methods have been developed to indirectly449

estimate the migration �ows to match the changes in migrant stocks over the �ve-year intervals ( 8, 25). These methodologies450

estimate migrant transitions, that is, individuals who resided in country i at the start of the �ve-year time period and in451

country j at the end of the time period, regardless of any other moves made in the interim. This transition-based de�nition of452

migration undercounts the total number of moves during the �ve-year time period as return moves within the interval are not453

captured in the changes in the migrant population data.454

The use of indirect migration estimates as a validation source also presents some challenges. Most notably, the stock �gures455

on which the estimates are based are only available every �ve years, so we are forced to compare our migration estimates456

for a single year (2019) to the average annual rate of migration over the 2015-2020 period in the indirect estimates. The457

de�nition of migration also di�ers across the two concepts, as the indirect estimates employ a transition-based, rather than a458

movement-based, de�nition of migration. For this reason, we �nd that our correlations with this source of validation data are459

lower than our correlations against alternative validation sets (see Fig. S16). Nevertheless, we �nd our estimates correlate460

best with indirect estimates from the Pseudo-Bayesian approach within the demographic accounting closed system (26), which461

themselves have been shown to provide the closest match to reported migration �gures of the six methods considered (8).462

Alternative validations of migration. In Tables S5, S6, S7, and S8, we present validations using the data sources above on a463

number of alternative migration measures. In these exercises, we transform both our data and the administrative data before464

correlating the two series. For each metric, we present the number of observations included in the comparison31 . When465

calculating the aggregations, we compute totals solely over the set of country pairs included in both data sets. For instance,466

though we can observe outbound migration between almost all country pairs, not all countries who participate in the Eurostat467

dataset report their outbound migration to non-Eurostat countries. As a result, when we calculate the aggregate level of468

migration from these countries in the Facebook data, we exclude migration that involves a country pair not observed in469

Eurostat.470

In general, our data is strongly correlated with the administrative data across the di�erent measures that we examine. There471

is a generally lower level of correlation across data sources after we apply the log transformation. This is largely due to the472

e�ects of our di�erential privacy protections, which add relatively large amounts of noise to country pairs with small estimated473

migration �ows. This noise has a larger impact on the overall correlation following the log transformation.474

Estimates for China475

In most of this paper, our migration estimates cover the sample of 181 countries de�ned in Table S9. These countries account476

for around 79% of the world's population. China accounts for the bulk of the remainder of the population, but the low level of477

Facebook usage in the country makes it di�cult to estimate migration involving the nation with our standard methodology.478

With that said, there are a substantial number of Facebook users in China, despite the low penetration rate. In this section, we479

use an alternate methodology to estimate the level of migration to and from China at the population level.480

To do this, we make use of data from Eurostat, which reports migration from China to 21 countries in 2019. We �t a simple
linear model without an intercept:

MigEurostat China ;d; 2019 = � MigFB China ;d; 2019

Here, MigEurostat China ;d; 2019 is Eurostat's �gure for migration from China to country d in 2019 and MigFB China ;d; 2019 is the481

number of users in our sample who migrate to country d from China in that year. We �nd that � = 11 :36 is the best �t and482

use this factor to rescale all of our raw estimates of migration to and from China. In Fig. S17, we show that the resulting483

estimates of migration from China have a very high correlation with the estimates from Eurostat 32 .484

Using this rescaling technique, we estimate that 2.04 million people migrated from China to another country in 2019 33 . We485

show in Fig. S18 that migration fell dramatically following the onset of COVID-19 before recovering during 2021.486

30 See Table 1.1 in the International Migration Outlook 2023 by OECD
31 This varies across rows for several reasons. In the row correlating the log of each series, we must exclude country pairs in which either of the series records no migrants, as the log of 0 is unde�ned. For

the total outbound, total inbound, and net migration rows, we aggregate the country pair level to the country level.
32 Migration from China to countries outside of Europe might be driven by a different pattern of selection. Unfortunately, we do not know of any validation data that would allow us to benchmark the

performance of our technique in the developing world.
33 As we do not know the nationality of Facebook users, it is important to note that our estimated number of migrants from China should not be assumed to represent Chinese nationals who have relocated

to another country.
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National income levels and migration trends487

The global scale of our dataset allows us to explore how international migration patterns vary with the development level488

of the origin and the destination. We �nd that migrants tend to move to relatively wealthy countries: countries classi�ed489

as high-income by the World Bank attract 67% of the global migrants. Correspondingly, only 6% of global migrants choose490

low-income countries as their destinations.491

High-income countries are also over-represented as sources of migrants. High-income countries comprise just 19% of the492

world population but represent 33% of global migrants. This pattern is driven by the combination of several factors. Globally,493

migrants from high-income countries are more able to �nance migration and tend to enjoy a more favorable treatment in their494

destination countries. We explore this pattern in Fig. S19. In Europe a majority of migrants come from high-income countries,495

probably tied to the freedom of movement in the European Union. South Asia also sees large-scale in�ows from high-income496

countries, which is driven by individuals originally from the region returning from labor contracts in Western Asia.497

Crisis-induced migration498

Our estimates can also help to illustrate the e�ect of con�icts and civil unrest on migration, in a context in which gathering499

more traditional indicators of migration may be di�cult due to logistical or political sensitivities. In Panel A of Fig. S20, we500

highlight the particularly large out�ows from Ukraine following Russia's invasion of the country in February 2022. In total, we501

estimate that 2.3 million people emigrated from the country and settled elsewhere for at least a year between February and502

December 2022, a tenfold increase over the pre-war emigration rate. In Panel B of Fig. S20, we show the top �ve countries503

that received the most migrants population � Poland, Germany, Czech Republic, the United States, and United Kingdom 34 .504

Our estimates are lower than the 3.8 million recipients of Temporary Protected Status (TPS) reported by Eurostat in January505

202335 , which we believe is due to our more conservative concept of migration. Concretely, the Eurostat �gures do not impose506

a minimum length of stay in either the origin or the destination�for instance, a migrant who moved to Poland in October507

2022 and applied for TPS before returning to Ukraine in August 2023 would be counted in the TPS �gures but not in our508

migration estimates. Most migrants from Ukraine in 2022 planned to return to the country, with a survey by the International509

Organization on Migration �nding that 77% intended to return 36 .510

Fig. S21 shows the top 20 destination countries from Ukraine during the Ukraine war in terms of the total number of511

migrants (Panel A) and the proportion of migrants over the population in the destination country (Panel B). Di�erent from512

the rank based on the total number of migrants, Lithuania and Estonia have a much higher proportion of migrants over the513

population � the migrants from Ukraine between Feb. 2022 to Dec. 2022 account for 1.14% and 1.97% of the population in514

Lithuania and Estonia, respectively.515

In Fig. S22, we demonstrate the rapid increase in outward migration �ows from Myanmar following the February 2021516

coup. Disaggregating these migrants by destination, we observe particularly large increases in India and Thailand. We notice a517

similar outward migration �ow from Hong Kong following the passing of the controversial national security law in June 2020 37 .518

Most strikingly, out�ows from Hong Kong to the United Kingdom increased �fteenfold in the four months following the passage519

of the law. Many of the departures preceded the United Kingdom's announcement of the British National (Overseas) visa520

program for Hong Kong residents in January 2021.521

Social networks and migration522

The role of social networks in predicting and facilitating migration has been of immense interest to economists, sociologists,
and human geographers (14, 27� 30), but has not previously been tested on a global scale. In this section, we produce �gures
connecting the aggregated migration �ows with an index of social connectedness between countries. To measure migration
�ows, we calculate the migration intensity, which we de�ne as:

Migration intensity A;B =
M A ! B + M B ! A

P opA � P opB

The Social Connectedness Index, which was introduced in (31), is de�ned analogously as: SCI A;B / F riendships A;B
F BUsers A � F BUsers B

523

In Fig. S23, we present the correlation between these indices on the country pair by year level, using our index of migration524

to measure �ows. We include only those country pairs with at least 20 migrants because 95% of the noise from di�erential525

privacy is in [-6.98, 6.98], which could cause outliers if the number of migrants is very small. We �nd that the two indices are526

highly correlated, measuring 0.75 in the full sample in 2022, rising to 0.90 when we limit the sample to only migration between527

OECD countries.528

34 Our measures of the top destination countries are closely aligned with estimates from the UNHCR; see here for more details.
35 This �gure is derived from the migr_asytpsm series.
36 A summary of the survey's �ndings can be found here.
37 See here for the details.
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Fig. S1. Diagram of the segment-based algorithm, portraying the location history of one individual. Each row is one country, while each column is one day. The black square
means this person lives in that country on that day. The green rectangles are two segments. � de�nes the maximum gap between consecutive days. minDays de�nes the
length of each segment. propDays de�nes the proportion of days in each segment. In this case, it is 80% in the segment of Mexico, and 100% in the segment of the US.
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Fig. S2. Effect of different radii on migration results. The �rst plot shows the number of migrants detected using different radii. The three other plots show the effect of different
radii on different metrics.
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Fig. S3. Relationship between the number of migration �ows based on the United Nation's recommendation (which requires residence in the destination for at least 6 out of 12
months) and based on the new de�nition (which requires residence in the destination for at least 3 out of 6 months), for each country pair and month in 2019.

14 of 47 Guanghua Chi, Guy Abel, Drew Johnston, Eugenia Giraudy and Mike Bailey



Fig. S4. Validation with Sweden and Eurostat migration datasets based on the new de�nition (a person living in a new place for at least 3 out of 6 months).
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Fig. S5. Ratio of estimated �ows to administrative records in 2019, using the inverse penetration rate weights (left panel) and the selection rate weights (right panel). The
income index is described in Equation 2. Countries with under 100 migrants in the administrative data in 2019 are excluded from the plot.
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Fig. S6. The effect of selection rates on the sum of absolute errors based on the NSO dataset in Sweden. We exclude migrants from Ukraine to Sweden from these analyses
since Sweden did not include those protected under the Temporary Protection Directive from its immigration �gures; see SI Validation Sweden for more details.
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Fig. S7. Validation in New Zealand from 2019 to 2022. Each dot represents annual migration from an origin country to New Zealand. All axes are in thousands of people.
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Fig. S8. Validation in New Zealand at the monthly level in the top 5 countries: Australia, India, United Kingdom, South Africa, and the Philippines.
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Fig. S9. Validation in Sweden in 2019, 2020, 2021, and 2022. Note that we do not add the point from Ukraine to Sweden in 2022 because our estimate of 25.6K is much larger
than the scale in the y axis. The correlation in 2022 is calculated only using the data points shown in this plot (without Ukraine).
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Fig. S10. Validation in Germany at the monthly level from 2019 to 2022.
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Fig. S11. Comparison of our estimated immigration �gures for 2019 with those compiled by Eurostat. Each destination country is presented in a separate plot.
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Fig. S12. Comparison of our estimated immigration �gures for 2020 with those compiled by Eurostat. Each destination country is presented in a separate plot.
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