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ABSTRACT An accu rate esti ma tion of inter na tional migra tion is ham pered by a lack of 
timely and com pre hen sive data, and by the use of dif fer ent def  ni tions and mea sures of 
migra tion in dif fer ent countries. In an effort to address this sit u a tion, we com ple ment 
tra di tional data sources for the United Kingdom with social media data: our aim is to 
under stand whether infor ma tion from dig i tal traces can help mea sure inter na tional 
migra tion. The Bayes ian frame work pro posed is used to com bine data from the Labour 
Force Survey (LFS) and the Facebook Advertising Platform to study the num ber of 
Euro pean migrants in the United Kingdom, with the aim of pro duc ing more accu rate 
esti ma tes of the num bers of Euro pean migrants. The over arch ing model is divided into 
a Theory-Based Model of migra tion and a Measurement Error Model. We review the 
qual ity of the LFS and Facebook data, pay ing par tic u lar atten tion to the biases of these 
sources. The results indi cate vis i ble yet uncer tain dif fer ences between model esti ma tes 
using the Bayes ian frame work and indi vid ual sources. Sensitivity anal y sis tech niques 
are used to eval u ate the qual ity of the model. The advan tages and lim i ta tions of this 
approach, which can be applied in other con texts, are discussed. We can not nec es sar-
ily trust any indi vid ual source, but com bin ing them through mod el ing offers valu able 
insights.

KEYWORDS Migration • Facebook • Bayesian methods • Integrated Model of 
Euro pean Migration • Euro pean migrants

Introduction

Measuring inter na tional migra tion is chal leng ing (Bilsborrow et al. 1997). The lack of 
timely and com pre hen sive data about migrants, com bined with the vary ing mea sures 
and def  ni tions of migra tion used by dif fer ent countries, is a bar rier to accu rately esti
mat ing inter na tional migra tion (Bijak 2010; Willekens 1994, 2019). In recent years, 
schol ars have started using Bayes ian meth ods to com bine dif fer ent sources of migra-
tion data in order to pro vide bet ter esti ma tes of the migrant stock—the total num ber 
of migrants pres ent in a coun try at a cer tain date (Azose and Raftery 2019). In this 
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arti cle, we aim to improve esti ma tes by complementing sur vey data with social media 
data. This is impor tant because, when design ing migra tion pol i cies, it is cru cial to 
have access to valid sources of data on inter na tional migra tion. We pro pose using a 
Bayes ian data assess ment model that com bines data from the Labour Force Survey 
(LFS) and the Facebook Advertising Platform to assess the num ber of Euro pean 
migrants in the United Kingdom (UK). The goal is to dem on strate how such a model 
can pro duce a more accu rate esti mate of Euro pean migra tion. We use the UK as an 
exam ple as it is a Western coun try for which the migra tion data are of poor qual ity.

We employ the Integrated Model of Euro pean Migration (IMEM), which is a 
Bayes ian model for esti mat ing migra tion. This frame work was cre ated by Raymer et al. 
(2013) for com bin ing the flows reported by the send ing countries with the flows reported 
by the receiv ing countries to esti mate a num ber closer to the true value of the flows. The 
IMEM model with mod i f ca tions has been used by Disney (2015) to com bine mul ti ple 
migra tion sur vey data sets in the UK, and by Wiśniowski (2017) to com bine the LFS 
data in the case of Pol ish migra tion to the UK. More recently, Del Fava et al. (2019) 
expanded the model by draw ing on admin is tra tive and house hold sur vey data for 31 
Euro pean countries. The main fea ture of the IMEM approach is that it pro vi des a frame-
work that assesses the lim i ta tions of the avail  able data sets in terms of the def  ni tion of 
migrants used. Assessments of the bias and the accu racy of these data sets are used to 
cre ate appro pri ate prior dis tri bu tions to adjust for the iden ti fed data issues.

At the same time, a new strand of research has emerged that has been repurposing 
dig i tal data to com ple ment tra di tional demo graphic data sources and to improve their 
cov er age and time li ness of pro duc tion. Since dig i tal trace data are often geolocated, 
migra tion has received par tic u lar atten tion in this lit er a ture. As Cesare et al. (2018) 
have suggested, using dig i tal trace data sources has advan tages, such as the speed and 
low cost of data col lec tion, but also lim i ta tions, with issues regard ing the lack of acces-
si bil ity, trans par ency, and rep re sen ta tive ness. Drawing on data from the Facebook 
Advertising Platform and the LFS, we inves ti gate whether the dig i tal traces that indi-
vid u als leave on Facebook can be used to esti mate stocks of migrants in the UK.

This is by no means the frst study that has tried to com bine dig i tal traces with sur
vey data (Alexander et al. 2019, 2020; Zagheni et al. 2018). However, in this arti cle, 
we pro pose for the frst time an over arch ing frame work that includes both a the o ret i
cal model that con sid ers push and pull fac tors related to migra tion the o ries and a data 
assess ment model that aims to reduce the bias from the data that enters the model. 
This frame work pro vi des a more con textspe cifc model for exam in ing migra tion 
to the UK from sev eral send ing countries. Moreover, our study pro vi des impor tant 
insights into the com plex real ity of inter na tional migra tion to the UK by shed ding 
light on the demo graph ics of migrants by coun try of ori gin, which are hard to obtain 
using cur rently avail  able off cial sta tis tics. The atten tion is lim ited to migrants from 
Euro pean countries because, in the UK con text, these migrant stocks are the hardest 
to esti mate owing to the “free dom of move ment” that char ac ter izes the Euro pean 
Union (EU). At least until Decem ber 2020, there has been no require ment for EU 
migrants in the UK to reg is ter their res i dence. Thus, up to now, sur vey data have 
been used to esti mate the stock of migrants from the EU. We want to com ple ment 
these existing, but incom plete, off cial esti ma tes of migrant stocks by ana lyz ing dig
i tal trace data. As an illus tra tion, we pro duce an esti mate of the total num ber of EU 
migrants for 2018 and 2019.
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There are two addi tional rea sons why it is inter est ing to look at the migra tion sys-
tem of the UK. First, the UK Offce of National Statistics (ONS) bases its esti ma tes 
of inter na tional migra tion on sur veys. In August 2019, the ONS reclassifed their esti
ma tes as exper i men tal sta tis tics, empha siz ing that the esti ma tes might be inac cu rate 
(ONS 2019a). Furthermore, the sci en tifc lit er a ture has suggested that these sur veys 
are affected by dif fer ent sources of bias (Coleman 1983; Kupiszewska and Nowok 
2008; Kupiszewska et al. 2010; Rendall et al. 2003). In Europe, the UK is an exam ple 
of a coun try in which there is only a “bronze stan dard,” mean ing that the UK migra-
tion data sources are infe rior to the “gold stan dard” but are of “suf f cient qual ity for 
val i da tion” (Azose and Raftery 2019). Second, although the UK has expe ri enced a 
net pos i tive increase in migra tion from Euro pean countries over the past two decades 
(Champion and Falkingham 2016), the ONS reported an under count of 16% for the 
net migra tion esti ma tes for the EU8 countries (Czech Republic, Estonia, Hungary, 
Latvia, Lithuania, Poland, Slovakia, and Slovenia) in 2016, suggesting that the rel e-
vant migra tion sta tis tics are of insuf f cient qual ity (ONS 2019b). Using dig i tal traces 
might pro vide insights into UK migra tion trends by sex and coun try of ori gin by 
enabling research ers to pro duce esti ma tes of stocks of Euro pean migrants in the UK. 
Moreover, Willekens (1994, 2019) has called for the cre a tion of a syn thetic migra-
tion data base that com bines data from dif fer ent sources. The pur pose of this data-
base would be to “cre ate the best pos si ble esti ma tes of the true num ber of migrants” 
(Willekens 2019). The pres ent arti cle seeks to con trib ute to this “learn ing pro cess” by 
answer ing the fol low ing research ques tion: What can Facebook adver tis ing data con-
trib ute to ONS migra tion esti ma tes, in a con text in which there is no “ground truth” 
data against which model esti ma tes can be val i dated?

Data

Traditional Data and Their Limitations

A gold stan dard for migra tion esti ma tes does not yet exist. In fact, Swed ish reg is ter 
data, long con sid ered the gold stan dard among demo graphic data sets, have been 
proved to over count migrants (Monti et al. 2019). Using tra di tional data to esti mate 
the migrant stock, such as data from censuses, admin is tra tive sources, and sur veys, 
pres ents lim i ta tions related to the def  ni tion of migrant, the cov er age of the migrant 
pop u la tion, and the accu racy of the esti ma tes (Willekens 2019). Moreover, tra di tional 
sources of migra tion data are not timely. The United Nations suggested using the fol
low ing def  ni tion of an inter na tional migrant in order to har mo nize data sources on 
migra tion world wide (United Nations 1998): “per son who moves from their coun try 
of usual res i dence for a period of at least 12 months.” An indi vid ual who lives abroad 
for a period of 3–12 months is con sid ered a short-term migrant.

While Europewide data sources fol low the stan dard def  ni tion of an inter na tional 
migrant (Euro pean Parliament and Council of the Euro pean Union 2007), indi vid-
ual Euro pean countries use a vari ety of sys tems to track the num ber of inter na tional 
migrants liv ing within their bor ders. While censuses are con sid ered the best source 
of data for esti mat ing migrant num bers, these data have at least three lim i ta tions 
(Willekens 1994, 2019). First is that cen sus data are col lected every 10 years, and so 
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they do not pro vide a timely pic ture of migra tion. Second, the cen sus records immi-
grants liv ing in the coun try, but does not account for the emi grants that have left the 
coun try. And third, the cen sus does not ask for impor tant data such as the indi vid ual’s 
age at time of migra tion or return migra tion.

Administrative data sources, such as pop u la tion reg is ters, can also be used to esti-
mate migrants. Only a hand ful of countries use sur vey data to esti mate inter na tional 
migra tion. The advan tage of sur vey data col lected from migrants is that they might 
pro vide addi tional infor ma tion that is not included in the cen sus or admin is tra tive data 
sources. However, sur vey data might fail to ade quately cover the migrant pop u la tion.

In the absence of reg is ters, the UK largely relies on a sur vey-based sys tem to col-
lect infor ma tion on its migrant pop u la tion. The two main sources used to esti mate 
inter na tional migra tion to the UK are the International Passenger Survey (IPS) and 
the Labour Force Survey. The IPS has been run ning since 1961, and it was orig i nally 
intro duced to esti mate lev els of over seas travel and tour ism. It is cur rently the off
cial source of data for esti mat ing inflows and out flows of inter na tional migrants. The 
ONS itself admit ted that the IPS “has been stretched beyond its orig i nal pur pose” 
(ONS 2019c) and can not be used as the only source when seek ing to esti mate inter-
na tional migra tion in the UK.

The sec ond main data source is the LFS, a Europe-wide quar terly house hold sur vey 
that aims to esti mate labor mar ket con di tions such as employ ment lev els. Through a 
boost of this sur vey pro vided by the Annual Population Survey (APS), the ONS col
lects data on the stocks of for eign-born and for eign cit i zens liv ing in the UK at the 
local author ity level. The APS records infor ma tion on the length of time migrants 
have already spent in the UK. The LFS inter views 41,000 UK house holds per quar ter 
(ONS 2018a) and com bines these data with data from two quar terly waves of the LFS 
to cre ate a sam ple cov er ing 360,000 indi vid u als and 170,000 house holds per year. 
The data are released three months after the end of the sur vey.

The lim i ta tions of the sam pling frame work, the sys tem atic bias, and the cov er-
age of both the IPS and LFS have been described in sev eral stud ies (Coleman 1983; 
Kupiszewska et al. 2010; Kupiszewska and Nowok 2008; Rendall et al. 2003). In 
addi tion, the ONS has recently started a work pro gram that aims to com bine data 
from addi tional admin is tra tive sources with data from the IPS and LFS in order to 
obtain a com pre hen sive mea sure of migra tion (ONS 2018b).

Digital Traces and Their Limitations

New social media data sources might be used to improve off cial migra tion sta tis
tics, as these sources can pro vide infor ma tion on the back grounds and other demo-
graphic char ac ter is tics of migrants. Digital traces can be col lected quickly using the 
Application Programming Interface (API), which links research ers, as the cli ent, to 
the server, where the data we are inter ested in are stored in the form of a data base 
(Cooksey 2014; Sloan and Quan-Haase 2017). The abil ity to know in real time how 
many of the users are in a spe cifc loca tion can help us to nowcast migra tion.

In addi tion, social media data can be geolocated. For exam ple, email loca tion 
data have been used to esti mate inter na tional migra tion rates (Zagheni and Weber 
2012). These data are cheap because they are col lected by repurposing data sets 
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orig i nally intended for adver tis ing. Thus, by rely ing on these data, we no lon ger 
need to cre ate new data infra struc tures to col lect data. Moreover, these new data 
sources can pro vide us with insights that will enable us to expand the def  ni tion of an 
inter na tional migrant. Different countries use dif fer ent def  ni tions of a migrant that 
vary depending on the length of time an indi vid ual must spend out side of their usual 
coun try of res i dence. Thus, the def  ni tion of migrant is still not har mo nized world
wide (Kupiszewska and Nowok 2008; Willekens 1994). Fiorio et al. (2021) have 
high lighted the pos si bil ity of using geotagged Twitter data to inves ti gate short-term 
mobil ity and long-term migra tion. They suggested that draw ing on dig i tal trace data 
could help to refne migra tion the ory and mod el ing. In addi tion, these data can be 
aug mented through data from ded i cated sur veys of pop u la tions that are too hard or 
too expen sive to reach with a tra di tional sam pling frame work (Pötzschke and Braun 
2017; Rosenzweig et al. 2020).

Nevertheless, these sources also have impor tant lim i ta tions. In some cases, 
research ers do not have direct access to all  these new data sets and need to cre ate part-
ner ships with pri vate com pa nies to obtain the desired level of access (Blumenstock 
2012). Digital trace data from LinkedIn might pro vide insights into trends in highly 
skilled migra tion to the United States (State et al. 2014), while data from the Web 
of Science have been used to fol low trends and pat terns of inter na tional migra tion 
among schol ars (Aref et al. 2019). However, these sources do not pro vide data that 
are rep re sen ta tive of the entire pop u la tion. Hargittai (2018) ana lyzed the poten tial 
bias of dif fer ent plat forms in the United States, includ ing Facebook, LinkedIn, 
Twitter, Tumblr, and Reddit. She found that Facebook is the most rep re sen ta tive 
social media plat form across edu ca tional and internet skill lev els, while the other 
social media plat forms are used by smaller and more spe cifc U.S. pop u la tion groups. 
The work of Hargittai builds on the cri tique by Lazer et al. (2014) of the assump tion 
that we can sub sti tute tra di tional data sources with dig i tal trace data by show ing that 
using these new data sources with out con sid er ing their bias is prob lem atic. These 
authors have also pointed out the algo rithm dynam ics and the unsta ble char ac ter is tics 
of dig i tal traces, as the com pa nies that gen er ate the data we are seek ing to use are 
con stantly mod i fy ing their algo rithms and are in full con trol of the infor ma tion the 
research ers ulti mately receive.

In this arti cle, we focus on Facebook Advertising Platform data. Facebook pro- 
 vi des adver tis ers with infor ma tion on its users, includ ing each user’s age, sex, level 
of edu ca tion, and lan guage. For this rea son, Facebook has been described as a biased 
dig i tal cen sus (Cesare et al. 2018; Zagheni et al. 2017). Facebook’s main busi ness is 
adver tis ing, and the data pro vided on the Facebook Advertising Platform are made 
avail  able to adver tis ers to help them plan their online cam paigns. Facebook has a 
strong incen tive to accu rately report the char ac ter is tics of its users, because its abil-
ity to do so has become the main focus of its busi ness, as the com pany is aware that 
adver tis ers might change plat forms if they can not tar get the right audi ences through 
their ser vices. We are repurposing data from this adver tis ing plat form for demo-
graphic research.

The var i able that is cur rently used to esti mate inter na tional migrants is defned by 
Facebook as “peo ple that used to live in coun try x and now live in coun try y.” This 
var i able was frst used in Zagheni et al. (2017), where it was com pared to data from 
the Amer i can Community Survey. Until Decem ber 2018, the var i able was referred 
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to as “expat from coun try x,” show ing that the word ing of Facebook’s def  ni tion 
of migrant has changed over time. However, their doc u men ta tion does not pro vide 
infor ma tion on which indi vid ual char ac ter is tics have been used to cre ate the var i able, 
or whether the algo rithm iden ti fy ing a user as a migrant was changed along with the 
change in the word ing of the def  ni tion in 2018. Two stud ies have inves ti gated how 
Facebook pro cesses this cat e gory. In the frst, research ers at Facebook suggested that 
Facebook users are con sid ered “expats” on the basis of the loca tion of their home-
town and the struc ture of their friend ship net works (Herdağdelen and Marelli 2017). 
In the sec ond study, Spyratos et al. (2019) ran a sur vey in which 114 Facebook users 
were asked whether Facebook’s Advertising Platform identifes them as an “expat” 
on the targeting plat form. The authors con cluded that Facebook uses other types of 
infor ma tion that are not spec i fed in the users’ pro fles, includ ing geolocation out puts. 
The fnal clue can be found in Facebook’s form 10K, which is a U.S. Securities and 
Exchange Commission (U.S. SEC) doc u ment that pro vi des a sum mary of Facebook, 
Inc.’s fnan cial per for mance on the stock mar ket. In these doc u ments, Facebook wrote 
that “the geo graphic loca tion of our users is esti mated based on a num ber of fac tors, 
such as user’s IP address and self-disclosed loca tion” (U.S. SEC 2019, 2020). In the 
cur rent arti cle, we addi tion ally lever age the var i able “lan guage” from the Facebook 
Advertising Platform. Facebook reported that it is pos si ble to “tar get peo ple with lan-
guage other than com mon lan guage for a loca tion.”1

The Facebook mar ket ing API pro vi des two met rics: Daily Active Users (DAUs) 
and Monthly Active Users (MAUs). On Facebook for devel op ers,2 DAUs are defned 
as the “esti mated num ber of peo ple that have been active on your selected plat forms 
and sat isfy your targeting spec in the past day,” while MAUs are defned as the “esti
mated num ber of peo ple that have been active on your selected plat forms and sat isfy 
your targeting spec in the past month.” The same U.S. SEC doc u ment (U.S. SEC 
2019, 2020) reported esti ma tes of the bias of MAUs in 2018 and 2019, esti mat ing that 
11% of accounts were dupli cated and 5% of accounts were false. Most of these anom
a lies were detected in Southeast Asia. We are using the MAUs esti ma tes, because the 
Facebook doc u ment makes clear that this mea sure is more sta ble than the DAUs met
ric. The MAUs met ric does not report num bers under 1,000 to pre vent the targeting 
of small groups of indi vid u als. Through the Facebook mar ket ing API, we included in 
the cur rent study all  Facebook users in an aggre gated and anonymized for mat.

Comparison Between LFS Data and Facebook Data

The two main data sources we used are the LFS and the Facebook Advertising Platform. 
We included 20 of the EU27 countries in our study: Austria, Belgium, Czech Republic, 
Denmark, Finland, France, Germany, Greece, Hungary, Ireland, Italy, Latvia, Lithuania, 
the Netherlands, Poland, Portugal, Romania, Slovakia, Spain, and Sweden. Malta and 
Luxembourg were excluded because of their small size, Bulgaria and Croatia were 
excluded because Facebook does not pro vide esti ma tes of expat num bers for them, and 
Estonia and Slovenia were excluded for miss ing val ues in the data used as covariates. 

1 See https:  /  /developers  .facebook  .com  /docs  /marketing  -api  /audiences  /reference  /advanced  -targeting  /.
2 See https:  /  /developers  .facebook  .com.
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7Estimating Migrant Stocks Using Digital Traces and Survey Data

Moreover, Cyprus was excluded because the Facebook “expat” esti ma tes might include 
all  the users liv ing there (Gendronneau et al. 2019). The aggre gated esti ma tes of 
Euro pean migrants from the Facebook Advertising Platform were col lected in the third 
week of July 2018 and July 2019. We used pySocialWatcher, which is a Python pack-
age, to down load the data (DAUs and MAUs) from the Facebook API (Araujo et al. 
2017). The data from the LFS were pro vided by the ONS for the period of June–July 
2018 and June–July 2019. For the pur pose of this anal y sis, we have assumed that the 
age struc ture of the LFS and Facebook migrant users did not change much between 
2018 and 2019.

Figure 1 shows a com par i son between these two data sources for the two years 
included in the anal y sis. Three var i ables from three data sources are shown: the migrant 
var i able and lan guage var i able from Facebook, and esti ma tes of migrant stocks by 
coun try of birth from the LFS. We can see a cor re la tion between the Facebook migrant 
and lan guage var i ables for many countries. The cor re la tion between these var i ables is 
0.92 for both years, while the cor re la tion between the Facebook migrant var i able and 
the LFS esti ma tes is 0.91 in 2018 and 0.88 in 2019. However, there are excep tions:

 • for countries with a lan guage that is also spo ken in other countries (e.g.,  Ger man 
in Germany, Austria, Switzerland, and Belgium; or French in France, Switzerland, 
and Belgium); and

 • for Greece, where we notice that the “expat” var i able on Facebook does not 
cap ture the Greek migrants. (The Greek lan guage is spo ken in Greece and part 
of Cyprus.)

Belgium Denmark Finland Austria

Greece Slovakia Sweden Czech Republic

Spain Latvia Hungary Netherlands

Italy Lithuania France Portugal

Poland Romania Ireland Germany

2018 2019 2018 2019 2018 2019 2018 2019

0

250

500

750

0

100

200

300

400

0

100

200

300

400

0

30

60

90

0

30

60

90

0

250

500

750

0

100

200

300

400

0

100

200

300

400

0

30

60

90

0

30

60

90

0

250

500

750

0

100

200

300

400

0

100

200

300

400

0

30

60

90

0

30

60

90

0

250

500

750

0

100

200

300

400

0

100

200

300

400

0

30

60

90

0

30

60

90

Facebook variable “expat” Facebook variable language Labour Force Survey

Fig. 1 Facebook’s aggregated estimates (in 1,000s) for the “expat” and language variables and Labour 
Force Survey data of migrant stocks from 20 European countries of origin in 2018 and 2019
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Figure 1 shows a vis i ble drop in the Facebook migrant var i able esti ma tes between 
2018 and 2019. This is not due to out-migra tion from the UK, but rather due to an 
algo rithm change that affected the Facebook esti ma tes. In Figure B2 in the online 
appen dix, we high light the shift that hap pened in the mid dle of March 2019, which 
led to an aver age change in the esti ma tes of 48%.

Additional Data Sources

In this anal y sis, addi tional sources are used as covariates that can help us esti mate 
migrant stocks. We used data on inflows and out flows of migrants from and to the UK 
from the IPS for 2017 and 2018. We used infor ma tion on the pop u la tions of the coun-
tries of ori gin from the pro jec tions pro duced by Eurostat, together with the Eurostat 
esti ma tes of unem ploy ment and gross domes tic prod uct (GDP) per cap ita. The pop u
la tion data are used for the anal y sis for the years 2018 and 2019, while the other two 
data sets are used for the anal y sis for the years 2017 and 2018.

Data from the UK set tled and presettled sta tus scheme are added to make an addi
tional com par i son. These data come from the UK Home Offce. This scheme allows 
Euro pean migrants already resid ing in the UK to apply for presettled sta tus if they 
have been liv ing in the UK for less than fve years, and for set tled sta tus if they have 
been liv ing there for fve years or more. The mea sure of appli ca tions to the scheme 
pro vi des an indi ca tion of the num ber of Euro pe ans who want to con tinue to have the 
right to remain in the UK after Brexit has been fnal ized. The data rep re sent an esti
mate for the total num ber of appli ca tions and includes the period from August 28, 
2018, to Decem ber 31, 2019.

Methodology

General Model Architecture

The aim of the IMEM frame work is to esti mate the true or latent flow of inter na tional 
migrants across send ing and receiv ing countries by com bin ing biased data (Raymer 
et al. 2013). The orig i nal IMEM model com bines flows from send ing and receiv
ing countries across the EU. Our aim is to pro vide an esti mate of the true stock of 
Euro pean migrants in the UK based on a com bi na tion of the LFS and Facebook 
Advertising Platform data. The esti mate of true stock is the num ber of migrants who 
would be counted if our col lec tion sys tem were  able to per fectly mea sure all  migrants 
(Disney 2015). While the true num ber of migrants is not known, through the use of 
Bayes ian meth ods we might esti mate a prob a bil ity dis tri bu tion for the true num ber 
of migrants that reflects our knowl edge about it. These true or latent esti ma tes from 
the model incor po rate all  the infor ma tion col lected from the var i ous data sources, as 
well as our prior data about the migra tion pro cess. Thus, the point esti mate of the true 
num ber of migrants would be a sum mary of this dis tri bu tion (i.e., the median).

The model is divided into two parts: the Measurement Error Model (MEM) and the 
Theory-Based Model (TBM). In the MEM, the Facebook Advertising Platform and LFS 
data are com bined; in the TBM, other var i ables are also con sid ered in the esti ma tion 
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9Estimating Migrant Stocks Using Digital Traces and Survey Data

of the true stock. In this frame work, the IMEM quantifes the lim i ta tions of the data 
sources and pro vi des the appro pri ate prior dis tri bu tion in order to reduce the bias.

The lim i ta tions of the data are assessed in terms of the fol low ing (Disney 2015; 
Raymer et al. 2013):

 • Definition: How closely does the inter na tional migrant mea sure match the 
United Nation’s def  ni tion of an inter na tional migrant?

 • Coverage: What pro por tion of the total immi gra tion stock does the data cover?
 • Bias: Is there any sys tem atic bias in the data?

In Figure 2, the model is explained using a dia gram that is divided into four parts: 
input, data assess ment, model, and out put. In the input col umn, the data sources are 
sur vey data, dig i tal trace data, and migra tion the ory covariates for the TBM. The data 
assess ment is followed by a sum mary of the lim i ta tions of the data in terms of def 
ni tion, bias, and cov er age. In the model box, the true stock at the cen ter of the fg ure 
is esti mated by the TBM and the MEM, which com bine the stock esti ma tes from the 
LFS with those from the Facebook Advertising Platform, while incor po rat ing con sid-
er ations related to def  ni tion, bias, and accu racy. Finally, in the out put, the diag nos tics 
and results are shown.

The model is constructed as fol lows. The num ber of Euro pean migrants (stocks), 
zijtk , from a cer tain coun try, i, in the UK with a cer tain char ac ter is tic, j, is observed. In 
this case the char ac ter is tic selected is sex. This is done using data from Facebook, F, 
and from the LFS, L, and the value k is then used to rep re sent either L or F depending 
on which data are used to mea sure the Euro pean migrants stock (zijtk ). The year, t, in 
this case is 2018 and 2019. The data sets used can thus be described in the form of 
matri ces ZF (Eq. (1)) for Facebook and ZL (Eq. (2)) for the LFS. The model bor rows 
strength across the two years:

   

ZF =

z11tF z12tF ... z1JtF

z21tF z22tF ... z2JtF

! ! " !

zI1tF zI 2tF ... zIJtF

⎛

⎝

⎜
⎜
⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟
⎟
⎟

,   (1)

    

ZL =

z11tL z12tL ... z1JtL

z21tL z22tL ... z2JtL

! ! " !

zI1tL zI 2tL ... zIJtL

⎛

⎝

⎜
⎜
⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟
⎟
⎟

.   (2)

For every time t, the value of Yijt (Eq. (3)) is the ran dom var i able esti mate of the 
true stock. It is a matrix with dimen sion I × J:

   

Y =

y11t y12t ... y1Jt
y21t y22t ... y2Jt
! ! " !

yI1t yI 2t ... yIJt

⎛

⎝

⎜
⎜
⎜
⎜
⎜

⎞

⎠

⎟
⎟
⎟
⎟
⎟

.

  

 (3)
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Fig. 2 Diagram illustrating the structure of the model

The value of zijtk  is assumed to fol low a Poisson dis tri bu tion (Eq. (4)). The Poisson 
dis tri bu tion is a prob a bil ity dis tri bu tion of the num ber of times an event is expected 
to occur. Here, the dis tri bu tion of Euro pean migrants is based on expec ta tions from 
the Facebook and LFS data. The dis tri bu tion is

    zijtk ∼ Po(µ ijtk ).  (4)

Figure 3 illus trates the hier ar chi cal struc ture of the model, which is explained in 
detail in the fol low ing sec tion. The model is esti mated using JAGS in R (Plummer 
et al. 2016). In JAGS, the nor mal dis tri bu tions are defned in terms of the mean, µ, 
and pre ci sion (i.e., one over the var i ance), τ. The JAGS nota tion is used.
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Fig. 2 (continued)

Measurement Error Models

The Measurement Error Models describe how the observed val ues relate to the true 
count. The gen eral equa tion (5) of the Measurement Error Model is

  log µ ijtk = log yijt + δk +βk + χijtk + ξ ijtk + λ ijtk + εijtk .   (5)

The equa tion is com posed of fve terms, δk, βk, χijtk , ξ ijtk , and λ ijtk , which are used to 
con vert the data from Facebook and the LFS to com ply with the United Nation’s def 
ni tion of an inter na tional migrant, and to reduce the under es ti ma tion linked to the bias 
or cov er age of the data. The frst param e ter, δk, cap tures the dif fer ences in rela tion to 
the def  ni tion of migrants. The bias in the data is cap tured by βk, while the cov er age 
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12 F. Rampazzo et al.

of the Facebook data is con sid ered in χijtk . The param e ter ξ ijtk  deflates the Facebook 
esti ma tes of 2018 by the algo rithm change that hap pened in 2019. The param e ter λ ijtk  
inflates the Facebook esti ma tes with knowl edge pro vided by the Facebook esti ma tes 
of peo ple speak ing a cer tain lan guage. The term εijtk  is the error term with nor mal dis-
tri bu tion N(0, τijt), and the pre ci sion τijt has Gamma dis tri bu tion G(100, 1) (where 100 
is the shape param e ter and 1 is the rate param e ter), which has a mean equal to 100 and 
pre ci sion equal to 1 (e.g., var i ance equal to 100). Table 1 sum ma rizes the param e tri-
za tion of the model and the direc tion of the prior dis tri bu tions.

Data Assessment of the Labour Force Survey

The LFS def nes a longterm inter na tional migrant in the same way as the United 
Nations (ONS 2018a) and pro vi des data on each migrant’s coun try of birth and cit-
i zen ship. For our pur poses, the coun try of birth cri te rion is used because it cap tures 
indi vid u als with a migrant back ground, includ ing those who acquired cit i zen ship 

Fig. 3 Graphical representation of the adapted IMEM (diagram inspired by Raymer et al. (2013:804)). 
The hyperparameters are not shown for greater clarity of presentation. Indices: i, sending country; j, sex;  
t, time. Square nodes represent reported data (zijtL , zijtF ) and covariates. Circle nodes represent parameters 
for the migration model and the measurement model.
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13Estimating Migrant Stocks Using Digital Traces and Survey Data

through nat u ral i za tion. Because the LFS is used to esti mate the stock of migrants 
in the UK, many research ers have inves ti gated the qual ity of the sur vey’s esti ma-
tes and found that they under es ti mate migrants. Rendall et al. (2003), for exam ple, 
reported that the 2001 LFS underreported inter na tional migrants by 26% com pared 
with the 2001 cen sus. Other research has shown that the bias in the LFS might be as 
high as 30% for nation al i ties with smaller stocks, such as Greeks and Lith u a nians 
(Kupiszewska et al. 2010), and that the sur vey has a non re sponse rate of more than 
15% (Martí and Ródenas 2007). Furthermore, the sam pling frame work of the LFS 
does not cover the entire tar get pop u la tion (Kupiszewska et al. 2010) as stu dents and 
more mobile migrants might not fully appear in the sam ple.

Table 2 com pares data from the LFS col lected between Jan u ary and Decem ber 
2011 with the Brit ish cen sus that occurred on March 27, 2011. The data are aggre-
gated for England and Wales only. The rel a tive per cent age change between the LFS 
and the cen sus gives a sense of the bias between the two. It has to be stressed that 
the ONS has already attempted to recalibrate the LFS esti ma tes with the results of 
the cen sus. Despite this, there is still a prob lem with both undercounting and over-
counting. The range of the bias is between −21% and 15%. This sug gests that the LFS 
Measurement Error Equation is

   log µ ijtL = log yijt +βg ( i)
L + εijtL .   (6)

Regarding this assess ment, the LFS data are deflated by only one param e ter, βL, 
which con sid ers both the bias and the cov er age of the data. A sep a rate param e ter, such 
as δL, is redun dant as the def  ni tion of inter na tional migrant in the LFS fol lows the 
United Nations stan dard. The lit er a ture (Kupiszewska et al. 2010; Martí and Ródenas 
2007; Rendall et al. 2003) sug gests that for countries with small migrant pop u la tions 
in the UK, LFS migrant esti ma tes may be around 30% lower than the true num bers. 
This per cent age is reduced, to around 15%, for those nation al i ties with large pop u la
tions in the UK. Table 2 pro vi des a mea sure of the bias at a coun try level. The ONS 
reports that the qual ity of the LFS esti ma tes decreases over time when dis tanced from 
the cen sus year (ONS 2020). The clas si f ca tion relies on the lit er a ture, the data from 

Table 1 Parameters in the Measurement Error Model for the Labour Force Survey and Facebook

Parameter Interpretation Labour Force Survey Facebook

δ Defnition Unknown def  ni tion, but with some 
var i a tion

β Bias Inflation of the esti ma tes

+
4%        undercount low

12%  undercount medium
30%        undercount high

⎧

⎨
⎪

⎩
⎪

Deflation of the esti ma tes

−4 fake, dupli cates

χ Coverage ± cov er age by sex in the home 
coun try

ξ Algorithm change ~ effect of an algo rithm change in 
2019

λ Language param e ter ~ Greek lan guage dummy param e ter
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14 F. Rampazzo et al.

Table 2, and the assess ment from the ONS, as well as our own exper tise. The LFS 
bias is anchored to the rel a tive per cent age change between the LFS and the cen sus, 
and an increase of bias over time is also con sid ered. As a mat ter of fact, the countries 
are divided into three groups:

 • Low—Bias at 4%: Austria, Belgium, Czech Republic, Latvia, Sweden;
 • Medium—Bias at 12%: France, Germany, Greece, Hungary, Lithuania;
 • High—Bias at 30%: Denmark, Finland, Ireland, Italy, Netherlands, Poland, 

Portugal, Romania, Slovakia, Spain.

As a con se quence, the βL param e ter is assigned according to a param e ter g(i), where

  

g(i) =
1, if the undercount is assumed to be low;
2, if the undercount is assumed to be medium;
3, if the undercount is assumed to be high.

⎧

⎨
⎪

⎩
⎪

 (7)

The prior dis tri bu tion is set to

 

βiL ∼

N −0.04,  100( ), if the undercount is assumed to be low;

N −0.13,  100( ), if the undercount is assumed to be medium;

N −0.35,  100( ), if the undercount is assumed to be high.

⎧

⎨
⎪⎪

⎩
⎪
⎪

 (8)

Table 2 Aggregated esti ma tes of the num ber of EU migrants in England and Wales by coun try of ori gin 
according to the LFS and the cen sus, and the rel a tive per cent age change

Country LFS, Jan u ary–March 2011 Census, March 2011 Relative Percentage Change

Austria 19,000 19,087 −0.46
Belgium 28,000 25,472 9.03
Czech Republic 37,000 37,150 −0.41
Denmark 18,000 21,445 −19.14
Finland 10,000 12,149 −21.49
France 134,000 129,804 3.13
Germany 279,000 273,564 1.95
Greece 33,000 34,389 −4.21
Hungary 44,000 48,308 −9.79
Ireland 353,000 407,357 −15.40
Italy 121,000 134,619 −11.26
Latvia 57,000 54,669 4.09
Lithuania 115,000 97,083 15.58
Netherlands 52,000 59,081 −13.62
Poland 572,000 579,121 −1.24
Portugal 83,000 88,161 −6.22
Romania 94,000 79,687 15.23
Slovakia 52,000 57,829 −11.20
Spain 69,000 79,184 −14.76
Sweden 30,000 30,694 −2.31

Notes: The rel a tive per cent age change is com puted from the LFS data from Jan u ary to Decem ber 2011 
and the cen sus in 2011. The LFS data avail  able for Jan u ary to March 2011 are already recalibrated through 
2011 cen sus data. LFS = Labour Force Survey.
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15Estimating Migrant Stocks Using Digital Traces and Survey Data

The means on the prior βL are assumed to be time-invari ant: they are con sid ered as 
an approx i ma tion of the bias and thus small time var i ances are not accounted for. The 
term εijtk  is the error term with nor mal dis tri bu tion N(0, τijt), and the pre ci sion τijt has 
Gamma dis tri bu tion G(100, 1), as pre vi ously described.

Data Assessment of the Facebook Advertising Platform

Given our ear lier descrip tion of the Facebook data, a param e ter was cre ated for the 
data’s def  ni tion, bias, and cov er age. The Facebook δF is a pri ori assumed to be nor-
mally dis trib uted with N(0, 100), while βF has a nor mal dis tri bu tion N(0.04, 100). 
The mean of βF is set at 4% to deflate the Facebook esti ma tes to account for fake and 
dupli cate accounts. This value is lower than the 11% suggested by Facebook itself, 
because we assume that the per cent age of fake and dupli cated accounts labeled as 
belong ing to migrants is lower in Europe. The mean of the cov er age param e ter χijtF  
(Eq. (9)) is the rate of non-Facebook users in the coun try of ori gin of the Euro pean 
migrants, since the aim is to cor rect by this adjust ment. It is com puted as

  
χijtF = log 1−

Number of Facebook usersijt
Eurostat population sizeijt

⎛

⎝⎜
⎞

⎠⎟
.
  (9)

Additionally, the dig i tal trace data are described as unsta ble. Indeed, it seems that 
Facebook reviewed its algo rithm on expats in the mid dle of March 2019, and there 
was a drop in the migrant esti ma tes after this time. The change is coun try- and sex-
spe cifc. For this rea son, a param e ter was intro duced for the rate algo rithm ξ ijtF  (Eq. 
(10)), which aims to adjust the Facebook data for this bias caused by the change in 
the algo rithm:

  
ξ ijtF = log

Estimates beforeij − Estimates afterij
Estimates beforeij

⎛

⎝⎜
⎞

⎠⎟
.
    

(10)

A param e ter was used for Greece that inflates the esti ma tes of the Facebook expat 
var i able (Eq. (11)), which reports a low num ber of “peo ple that used to live in Greece 
and now live in the UK.” However, the lan guage var i able, which Facebook uses to 
“tar get peo ple with lan guage other than com mon lan guage for a loca tion,” pro vi des 
some infor ma tion that can be used to adjust the num ber of Greeks liv ing in the UK. 
As the Greek lan guage is also spo ken by Cypriot migrants, the esti ma tes are deflated 
by a ratio cal cu lated using LFS data of the num ber of Greek and Cypriot migrants. 
Unfortunately, this is another sign that dig i tal trace data are not per fect, as it seems 
that Facebook is not account ing for Greek migrants with the migrant var i able (see 
also Figure A1 in the online appen dix).

 
λ ijtF = log

FB Languageijt
FB Migrant ijt

×
LFS Greece migrant ijt

LFS Greece migrant ijt + LFS Cyprus migrant ijt

⎛

⎝⎜
⎞

⎠⎟
.
 
(11)

After this assess ment, the Facebook Measurement Error Equation is

  log µ ijtF = log yijt + δF +βF + χijtF + ξ ijtF + λ ijtF + εijtF .     (12)
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Theory-Based Model

In this part of the model, covariates that might help to explain the true stock of Euro-
pean migrants in the UK are intro duced:

 log yijt = α0 +α1Pijt +α2Iijt +α3Oijt +α4log Gijt +α5log Uijt + εijt ,  (13)

where α = (α0, . . . , α5) is a vec tor of param e ters; α0 is assumed to be normally dis-
trib uted α0 ∼ N(0, 0.01), pro vid ing a weakly infor ma tive prior on the con stant term, 
while α(1, . . . , 5) ∼ N(0, 1) is assumed to be more infor ma tive. The error term ɛijt has 
a nor mal dis tri bu tion N(0, τijt), with pre ci sion τijt fol low ing a Gamma dis tri bu tion 
Gamma(100, 1).

The covariates used in the mod els for 2018 and 2019 include:

 P: a nor mal ized mea sure of pop u la tion size in the coun try of ori gin, divided by the 
mean of the pop u la tion in the same countries con sid ered in the model (data are 
from the lat est esti ma tes by Eurostat in 2018 and in 2019);

 I: a nor mal ized mea sure of the inflows from Euro pean countries to the UK, 
divided by the mean of the inflows of migrants from the countries con sid ered 
in the model (data are from the IPS in 2017 and in 2018);

O: a nor mal ized mea sure of the out flows to the Euro pean countries from the UK, 
divided by the mean of the out flows of emi grants from the countries con sid ered 
in the model (data are from the IPS in 2017 and in 2018);

G: ratio of GDP growth rate in the Euro pean coun try of ori gin in 2017 and in 2018, 
divided by the GDP growth rate in the UK (data are from Eurostat); and

U: ratio of the unem ploy ment rate in the Euro pean coun try of ori gin in 2017 and 
in 2018, divided by the unem ploy ment rate in the UK (data are from Eurostat).

The nor mal ized mea sure of the pop u la tion size is a pre dic tor of the pos si ble num-
ber of migrants informed by a grav ity model; that is, the larger the pop u la tion, the 
larger the num ber of pos si ble migrants. The nor mal ized mea sures of inflows and 
out flows from the IPS pro vide an indi ca tion of the lev els of fluc tu a tion in terms of 
arriv als and depar tures for every nation al ity, and thus help to cap ture fluc tu a tions in 
the stocks. The ratio of the GDP growth rate to the unem ploy ment rate pro vi des infor
ma tion on how the econ omy of the coun try of ori gin com pares to that of the UK, and 
there fore is a form of eco nomic grav ity indi ca tor. Study code and data are accessible 
at https://github.com/chiccorampazzo/fb-migration-uk.

Results

We pres ent two sets of mod els. The frst is for the total num ber of Euro pean migrants in 
the UK, and the sec ond dis ag gre gates the esti ma tes by sex. They are run simul ta neously 
by year (2018 and 2019) to bor row strength across the years. In the frst model, the 
aim is to explain the mag ni tude of the under count of the LFS data rel a tive to the esti-
ma tes pro duced by the model for the two years. All esti ma tes of the mod els con verge. 
Detailed results and diag nos tic sta tis tics are in the online appen dix.
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17Estimating Migrant Stocks Using Digital Traces and Survey Data

Model for Total Num bers

Figure 4 shows data from three data sets and our esti ma tes: the Facebook adver tis ing 
data are in blue, the LFS data are in yel low, the set tled sta tus appli ca tion data are in 
red, and the model esti ma tes are in green. The set tled sta tus data are presented for 
com par i son only. LFS data are shown with a 95% con f dence inter val, while model 
esti ma tes are shown with the interquartile (IQR).

There are three main mes sages that can be discerned from this fg ure. First, the 
dif fer ences between the Facebook data in 2018 and 2019 are read ily vis i ble, and are 
related to the algo rithm change car ried out by Facebook. However, the prior dis tri bu-
tion on the algo rithm param e ter seems to fx this bias, as the dif fer ences between the 
2018 and the 2019 esti ma tes were rel a tively small. Second, while the LFS data are rel a-
tively con sis tent across the two years, a decreas ing trend in the num ber of EU migrants 
in the UK is vis i ble. Third, the model esti ma tes are higher than the LFS esti ma tes. In 
some cases, the IQR range of the model esti ma tes includes the LFS esti ma tes.

The param e ter on Greece seems to be effec tive in bring ing the esti ma tes closer to 
the LFS val ues. In the online appen dix, the pos te rior char ac ter is tics of the true stock 
esti ma tes for all  of the mod els and the R̂ are reported, the lat ter being a mea sure that 
helps deter mine whether chains have con verged depending on whether it is close to one 
(Gelman et al. 2013). All of the chains have con verged when R̂ is strictly equal to one 
(except for Romania in 2018 and Poland in 2019, where R̂ is 1.01 as shown in the online 
appen dix). The algo rithm for esti mat ing all  of the other param e ters has con verged as 
well. Table 3 gives a com par i son of the undercounted LFS esti ma tes with the model 
esti ma tes. While the ONS has esti mated an under count of 16%, the model esti ma tes 
an under count of 25% for 2018 and 20% for 2019. The under count for 2018 has larger 

Fig. 4 Comparison of Facebook, LFS, and model estimations (absolute numbers in thousands) of European 
migrants aged 15 or older for the years 2018 and 2019. LFS data are shown with 95% confdence intervals, 
and model estimates are shown with the interquartile.
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inter vals, likely owing to the prior on the algo rithm change. Additionally, the model for 
2019 esti ma tes a higher num ber of migrants of cer tain nation al i ties (e.g., Pol ish, Ital ian, 
and Hun gar ian) and a lower num ber of migrants of other nation al i ties (e.g., Roma nian, 
Ger man, and Czech). The interquartile range of these dis tri bu tions is large, high light ing 
the uncer tainty in the esti ma tes. However, the mod els for the two years indi cate that the 
under count and the uncer tainty are in the same direc tion.

Model Disaggregated by Sex

In this part of the model, the esti ma tes are disaggregated by sex, because it is impor-
tant to study the age and sex dif fer ences of migrants, as there might be large dif fer-
ences across sexes. The model pro posed works for sex dis ag gre ga tion, and Figure 5 
shows the esti ma tes. In this case, the com par i son with migrants who have applied for 
the set tled sta tus scheme is not avail  able because the data from the Home Offce are 
not disaggregated by sex.

Sensitivity Analysis

Some sen si tiv ity checks of the model are pro vided. First, the model was run while includ-
ing only the LFS data. For the model spec i fed in this arti cle, the under count is esti mated 
at 25% in 2018 and at 20% in 2019. In Table 4, the under count of this new spec i f ca tion 
of the model is reported, esti mated at a median level of 8% in 2018 and 22% in 2019. 
These two median lev els are not close to those pro duced by the model that com bines 
Facebook and LFS data, with a smaller under count in 2018 and a larger one in 2019. 
Overall, the uncer tainty of the under count esti mate is greater when using only LFS data. 
The sec ond sen si tiv ity check was to mod ify the param e ters from the Facebook and LFS 
Measurement Error Models. In the mod els used here, the param e ters are informed by 
pre vi ous research and cal cu la tions on the data, except the βF, which is the bias param e ter 
for Facebook. It is assumed the value is lower than the per cent age of fake and dupli cate 
accounts world wide. In the sen si tiv ity anal y sis, the Facebook bias param e ter was frst 
mod i fed to 0%, indi cat ing no bias in the Facebook esti ma tes, and then to 11%.

In this par a graph, we ana lyze the dif fer ent spec i f ca tion of the mod els looking at 
Table 4. The under count with no bias attrib uted to the Facebook esti ma tes is 22% for 
2018 and 19% for 2019, which is slightly lower than that spec i fed in the suggested 
model. The under count with a higher βF is 25% for 2018 and 20% for 2019. The 
under counts with a βF at 4% and at 11% are very sim i lar.

Table 3 Percentage under count of the LFS esti ma tes in com par i son with the model esti ma tes

Year 2.5% 25% 50% 75% 97.5%

2018 13 21 25 29 37
2019 10 16 20 24 31

Note: LFS = Labour Force Survey.
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The model is sen si tive to the choice of the assumed bias of the LFS param e ter. 
We mod i fed the bias of the LFS to 4% (the min i mum level assumed) and to 30% 
(the max i mum level assumed) for all  the countries. With the low min i mum bias level 
assumed, the under count reaches neg a tive median val ues, while it is larger when the 
max i mum bias level is assumed. We also tried dif fer ent spec i f ca tions of the pre ci
sion dis tri bu tion term, which is assumed to fol low a Gamma(100, 1) in the presented 
model. The model was spec i fed with a Gamma(1, 1), which is less infor ma tive than 
Gamma(100, 1). The gra di ent of the median of the under count is sim i lar to the one 
in the presented model, though the uncer tainty is larger. There is some impact of the 
prior selec tion on the uncer tainty of the esti ma tes.

Finally, in Figure 6, the esti ma tes from the model on the total esti ma tes (model 1) are 
com pared to the sum of the esti ma tes from the sex dis ag gre ga tion model. Though the 
esti ma tes are close to each other, there are cases in which the sum from the sex dis ag gre-
ga tion model is not com pletely aligned with the dis tri bu tion from model 1. This is due to 
inconsistencies in the Facebook and LFS data disaggregated by sex. The esti ma tes from 
our mod els seem to be sta ble to dif fer ent prior dis tri bu tions, yet the pre ci sion of those 
prior dis tri bu tions had to be care fully cho sen to ensure model con ver gence, while explor-
ing rea son able areas of the param e ter space with respect to the pre ci sion param e ters.

Discussion

The model esti mated the migrant stocks for 2018 and 2019. In the 2018 model, a 
prior dis tri bu tion was used to account for an algo rithm change that Facebook imple-
mented in March 2019, which led to a decrease in the esti mate of Euro pean migrant 
num bers. This algo rithm change was not uni form, how ever, as it var ied by coun try 
and sex of the migrants. This fnd ing high lights the impor tance of mon i tor ing dig i tal 
traces and cau tions that using dig i tal traces alone is not suf f cient to gen er ate bet ter 

Table 4 Percentage under count of the LFS esti ma tes in six dif fer ent mod els: (1) spec i fed only with the 
LFS data, (2) with the Facebook bias param e ter set to 0%, (3) with the Facebook bias param e ter set to 
11%, (4) with the LFS bias param e ter set to 4%, (5) with the LFS bias param e ter set to 30%, and (6) with 
the Gamma(1,1) dis tri bu tion

Model Year 2.5% 25% 50% 75% 97.5%

Model with out 2018 −77 −11 8 16 25
 Facebook data 2019 −73 3 22 32 45
Model with Facebook 2018 11 18 22 26 34
 bias at 0% 2019 9 15 19 22 30
Model with Facebook 2018 14 21 25 29 37
 bias at 11% 2019 10 16 20 23 31
Model with LFS 2018 −9 −4 −1 2 8
 bias at 4% 2019 −12 −7 −4 −1 5
Model with LFS 2018 22 29 33 37 46
 bias at 30% 2019 19 26 30 34 42
Model with 2018 −9 10 21 34 65
 Gamma(1,1) 2019 −15 4 15 27 55

CORRECTED PROOFS

D
ow

nloaded from
 http://read.dukeupress.edu/dem

ography/article-pdf/doi/10.1215/00703370-9578562/1415608/9578562.pdf by guest on 10 N
ovem

ber 2021



21Estimating Migrant Stocks Using Digital Traces and Survey Data

esti ma tes of stocks of migrants. The param e ters asso ci ated with the algo rithm change 
and the Greek fac tor (i.e., the fac tor that Greeks are under rep re sented in the Facebook 
migrant var i able) were shown to be effec tive in bring ing the model esti ma tes in line 
with the LFS esti ma tes.

Our inclu sion of the Home Offce’s data related to set tle ment and pre set tle ment 
appli ca tions as an addi tional com par i son proved inter est ing. For Pol ish migrants, the 
num ber of appli cants to these schemes was lower than the LFS esti mate, while for 
Roma nian migrants, this num ber was the same as the LFS esti mate. The num ber 
of appli cants is expected to be lower than the LFS esti mate of migrants because 
apply ing for the scheme before the end of the tran si tion period is not man da tory. 
It was observed, how ever, that in some cases the set tled sta tus appli ca tion num ber 
was higher than the LFS esti mate but closer to the model esti ma tes, suggesting that 
the model might have been pro duc ing a more accu rate esti mate than the LFS. For 
Ital ian migrants, for exam ple, the num ber of set tled sta tus appli ca tions was close to 
the median esti mate from the pro posed model. Conversely, the model esti ma tes for 
Por tu guese migrants were closer to the LFS esti ma tes and lower than the esti ma tes 
of appli cants for set tled or presettled sta tus. Interestingly, the results for the model 
esti ma tes for Germany were also lower than the LFS esti ma tes, but were closer to the 
esti ma tes of those who fled a set tle ment or pre set tle ment appli ca tion. Almost no Irish 
nation als applied to the set tled or presettled scheme owing to the bilat eral agree ments 
between the Republic of Ireland and the UK.

An esti mate of the total num ber of Euro pean migrants by sex is also pro vided. 
The sum of the esti ma tes from this sec ond model was equal to the total from the frst. 
There was uncer tainty in our esti ma tes, espe cially for the countries of ori gin with the 
highest num ber of migrants in the UK: Poland and Romania. This might sug gest that 
for nation al i ties where the level of uncer tainty is higher, the sam ple of house holds 

Fig. 6 Comparison between estimates from the frst model and the sum of female and male migrants from 
the second model for 2018 and 2019 (absolute numbers in thousands)
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and migrants interviewed should be increased. A pos si ble solu tion to reduce the 
uncer tainty would be to include a prior dis tri bu tion in the model driven by expert 
opin ion, as well as more infor ma tive pri ors on the Facebook and LFS data once they 
become avail  able.

Moreover, the anal y sis showed one of the main lim i ta tions of dig i tal trace data: 
the lack of trans par ency on how pri vate dig i tal com pa nies pro duce their esti ma tes. 
Indeed, it is not clear how exactly Facebook labels users as “peo ple that used to live 
in coun try x and now live in coun try y,” or how they deter mine which lan guages are 
spoken by the users on their plat form. Furthermore, there are no details avail  able 
about the algo rithm change Facebook implemented in March 2019.

Conclusions

Our over arch ing research ques tion was: What can Facebook adver tis ing data con-
trib ute to ONS migra tion esti ma tes in a con text in which there are no “ground truth” 
data against which model esti ma tes can be val i dated? This ques tion was answered by 
explor ing the two data sources and pro duc ing a prob a bi lis tic mea sure of Euro pean 
migra tion. Although this study found greater uncer tainty in the esti ma tes that were 
already known to be biased, it con trib utes to the “learn ing pro cess” hoped for by 
Willekens (1994, 2019), which can lead to the exten sion of this frame work. The obvi-
ous next step would be to expand the model to dis ag gre gate the esti ma tes by age and 
sex.

This anal y sis made three con tri bu tions to dig i tal and com pu ta tional demog ra phy. 
First, it pro posed to apply a frame work that is already in use in migra tion research 
to dig i tal traces. The pro posed model is a flex i ble frame work, in which it is pos
si ble to include new infor ma tion as soon as it becomes avail  able, includ ing addi-
tional dig i tal trace data from other adver tis ing plat forms such as Instagram, Snapchat, 
and LinkedIn, as well as from other admin is tra tive sources. Second, it addressed the 
biases of both tra di tional and dig i tal trace data. The use of a prior dis tri bu tion was 
shown to fx these issues in a prob a bi lis tic fash ion. Third, it pro duced an esti mate 
of the under count of migra tion lev els. Overall, the model esti mated an under count 
of 25% for 2018 and 20% for 2019 based on the LFS data. For migrants to the UK 
from the EU8 countries, the ONS had esti mated an under count of 16% for March 
2016. It would be pos si ble to com pute this mea sure using data from both the LFS and 
Facebook at the time of the next cen sus (which in the UK is sched uled for 2021). In 
this way, the model could be used to help nowcast migra tion in a timely man ner, thus 
com par ing the esti ma tes to those of the cen sus.

Facebook’s cov er age of the gen eral pop u la tion varies by age and sex (self-reported 
by Facebook’s users). A Pew Research Center report (Pew Research Center 2018) 
showed that while Facebook is used across all  age-groups, the num bers of youn ger 
users have been declin ing. Facebook has, how ever, noted that some youn ger users 
reg is ter with an inac cu rate age (U.S. SEC 2019, 2020). In addi tion to the age com-
po si tion of Facebook users, we should con sider the cov er age dif fer ences between 
men and women. Fatehkia et al. (2018) and Garcia et al. (2018) explored pat terns in 
the use of Facebook to describe the dig i tal gen der gap that exists even in devel oped 
countries. While the gap is grow ing smaller, there are still more men than women on 
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Facebook (Fatehkia et al. 2018). Including an age and sex dis ag gre ga tion is a fur ther 
step that we leave for future research.

Traditionally, demo graphic meth ods have relied on approaches like the basic demo-
graphic bal anc ing equa tion, in which the terms have to add up. That may not be nec-
es sary, how ever, when the under ly ing data have dif fer ent types of biases. At the same 
time, more and more data sources that con tain impor tant sig nals of change (as well as 
biases) are becom ing avail  able. This study con trib utes to the demo graphic lit er a ture by 
pro pos ing an approach to study ing migra tion that is  able to com bine and make sense of 
new and dif fer ent data sources in a way that builds on clas sic demo graphic approaches, 
while repurposing them within a Bayes ian sta tis ti cal frame work. ■
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