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Abstract
Accurate estimates of migrant population stocks by age and sex are essential for demographic 
analysis and policy. This study develops a hierarchical Bayesian model that integrates survey 
data from the Labour Force Survey with digital trace data from the Facebook Advertising 
Platform to improve estimation of migrant age–sex distributions. The approach applies 
reduced Rogers–Castro age schedules as first-stage smoothing and harmonizes profiles 
within a multinomial-Dirichlet–Dirichlet framework. We illustrate the model using data on 
the 10 largest European migrant groups in the United Kingdom in 2018–2019. Results reveal 
3 broad patterns: younger age structures among Western and Southern European migrants, 
slightly older working-age profiles for Central and Eastern Europeans, and a predominantly 
older Irish migrant population. External validation against Census 2021 country-of-birth 
data for England and Wales shows that the proposed model more closely matches 
benchmark age–sex distributions than a specification inspired by the area model of 
Wiśniowski et al. (2016. Integrated modelling of age and sex patterns of European 
migration. Journal of the Royal Statistical Society: Series A (Statistics in Society), 179(4), 
1007–1024. https://doi.org/10.1111/rssa.12177). Facebook data improve representation of 
younger migrants, who are often underrepresented in surveys, while the Labour Force 
Survey provides broader demographic structure. Overall, the findings demonstrate the 
value of combining traditional and digital data to address gaps in migration statistics and 
produce timely, detailed population estimates.
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1 Introduction
Migration is a crucial demographic process that shapes not only population size but also the age and 
sex structures of countries and regions worldwide. Estimates of migrant populations (migrant stocks) 
disaggregated by age and sex are essential for making accurate population projections and for under
standing migrants’ characteristics and motives for migration (Rogers & Castro, 1981; Rogers & Watkins, 
1987). Additionally, challenges such as undercounting in migration statistics, highlighted more recent
ly by Dańko et al. (2024) and systematically addressed years earlier by Poulain et al. (2006), underscore 
the need to improve data quality to support accurate demographic analysis. At the same time, there 
are visible regularities in the migration patterns by age, which can help with estimation. Migration 
movements, particularly those driven by job opportunities, are predominantly concentrated in young 
adulthood, especially during the 20s and early 30s (Rogers & Castro, 1981; Wilson, 2010).

However, accurately measuring the number of migrants by age and sex presents multiple chal
lenges. Traditional data sources often lack timeliness and sufficient coverage of all relevant popula
tion groups. Survey-based data, such as those from the Labour Force Surveys (LFS), may introduce 
greater uncertainty when disaggregated by age and sex due to small sample sizes (Bernard et al., 
2014; Wiśniowski et al., 2016). Moreover, surveys like the LFS are designed to measure stable popula
tions and may not adequately represent migrants (Office for National Statistics, 2018a, 2019c). This 
limitation persists despite ongoing methodological improvements.

Digital trace data offer a complementary set of sources for migration measurement. Rather than 
forming a single homogeneous stream, they constitute a heterogeneous ecosystem in which different 
data streams capture different migration-related constructs, including identity and stated affiliation, 
day-to-day movement, professional trajectories, spatial presence, migration-related information 
seeking, and platform-internal mobility flows. Social media advertising audiences, particularly from 
the Facebook Advertising Platform, have been used to measure and estimate migrant stocks disaggre
gated by age and sex in the United States (Zagheni et al., 2017; Alexander et al., 2022; Sanlitürk et al., 
2024), the United Kingdom (Rampazzo et al., 2021, 2025), Venezuela-related displacement (Palotti 
et al., 2020), and internal displacement during humanitarian crises (Leasure et al., 2023). 
Exploratory work on Africa has also shown that Meta/Facebook migrant-related advertising variables 
were available beyond high-income settings, although their interpretation depends on context- 
specific patterns of platform use (Rampazzo & Weber, 2020). More recent collaboration with Meta 
has also enabled estimates of monthly country-to-country migration flows from privacy-protected 
Facebook records across 181 countries (Chi et al., 2025).

Other digital traces capture different aspects of mobility and migration. Mobile-phone records have 
been used to study internal mobility in low- and middle-income contexts (Blumenstock, 2012), while 
georeferenced traces such as Twitter, check-in, and mobile-phone data raise important definitional 
questions about residence and observation windows (Fiorio et al., 2021). Internet-search activity pro
vides a further window onto migration intentions and information-seeking behaviour, with Google 
Trends data used to now-cast Romanian migration flows to the UK (Avramescu & Wiśniowski, 
2021). Bibliometric and online-platform data, including LinkedIn-derived career histories, have also 
been used to study high-skilled and gendered professional mobility (Aref et al., 2019; Jacobs et al., 
2025; Sanlitürk et al., 2024; State et al., 2014). The reach and accuracy of these sources depend on pat
terns of digital access and use (Hargittai, 2018).

The present paper focuses on Facebook advertising-audience data because they have historically 
provided aggregate, demographically disaggregated audience estimates across countries, at low 
cost, and through repeatable programmatic access via the platform’s marketing Application 
Programming Interface (API) and tools such as pySocialWatcher (Araujo et al., 2017). However, these 
measures remain vulnerable to platform coverage bias, changing migrant classifications, licensing re
strictions, and discontinuities associated with algorithmic or interface changes (Palotti et al., 2020; 
Rampazzo et al., 2025). Building on Rampazzo et al. (2021), this study combines Facebook 
advertising-audience data with LFS data in a Bayesian hierarchical model to estimate the age and 
sex distribution of European migrant populations in the UK. By harmonizing estimates from two 
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imperfect data sources, the model provides a framework for addressing inconsistencies in data qual
ity, coverage, and availability.

The proposed approach employs an extension of the Integrated Model of European Migration 
(IMEM) by age and sex (Raymer et al., 2013). A simplified Rogers–Castro model (Rogers & Castro, 
1981; Rogers & Watkins, 1987) is used as a parsimonious prior smoother for age profiles derived 
from the LFS and Facebook data. Since the Rogers–Castro schedule was developed for migration flows 
rather than migrant stocks, we do not interpret it here as a substantive generative model of stock for
mation. Instead, it provides a structured first-stage prior representation of noisy age shares; wherever 
source data are available, this prior shape is modified by the multinomial-Dirichlet–Dirichlet (MDD) 
hierarchy. To illustrate the model’s utility, it is applied to estimate the age and sex distribution of 
the 10 largest European migrant groups in the UK for 2018 and 2019. This analysis focuses on these 
groups and years to ensure the model’s reliability, with coverage reduced from 20 to 10 countries com
pared to Rampazzo et al. (2021).

This study addresses critical challenges in migration data by reconciling discrepancies between 
sending and receiving countries, incorporating missing data, and improving age and sex disaggrega
tion, building on the area model of Wiśniowski et al. (2016).

This paper makes three contributions. First, it provides a Bayesian framework for integrating survey 
and digital trace data to estimate migrant age–sex composition. Second, it introduces a MDD harmon
ization approach for combining source-specific age profiles. Third, it applies and externally validates 
the framework using UK migrant-stock data and Census 2021 country-of-birth profiles.

2 Background
In 2016, the Office for National Statistics (ONS) reported that there were 9 million non-British-born res
idents in the UK, 38% of whom were born in a European country (Office for National Statistics, 2018b). 
These figures differ slightly from the 2021 population census, which showed that one in six usual res
idents of England and Wales were born outside the UK, an increase of 2.5 million since 2011, from 7.5 
million (13.4%) to 10 million (16.8%) in 2021 (Office for National Statistics, 2022). Work and study were 
identified as the main drivers of European migration to the UK during the 2010s (Kierans, 2020). 
Similarly, estimates from the Department for Work and Pensions, based on National Insurance 
Number registrations, indicate that most EU migrants engaging with the UK labour market are of 
working age, a pattern expected given that National Insurance Number registration is primarily re
quired for employment purposes (Office for National Statistics, 2020). For example, in the academic 
year 2018/2019, the Higher Education Statistics Agency reported that 30% of international students 
in the UK were EU citizens, with the largest groups being Italian, French, and German nationals 
(HESA, 2020).

In August 2019, the ONS reclassified its long-term migration statistics as experimental, reflecting in
creased uncertainty in the figures (Office for National Statistics, 2019a). These statistics were previous
ly based on the International Passenger Survey and the LFS. Since then, the ONS has been 
transforming its migration statistics by integrating multiple administrative data sources (Office for 
National Statistics, 2019a). The resulting methodology, known as the Registration and Population 
Interaction Database, draws on data from the Department for Work and Pensions and HM Revenue 
and Customs (Office for National Statistics, 2021). However, this approach remains provisional, and 
the resulting estimates are currently classified as official statistics in development (Office for 
National Statistics, 2021, 2025).

The LFS is another key source of migration data in many countries across Europe. In the UK, the LFS 
sampling framework targets private households using the Postcode Address File, an official database 
of addresses. However, this sampling framework may underrepresent young migrant adults, who 
often experience unstable jobs and housing conditions. The ONS acknowledges that the LFS is not de
signed to study long-term migrants and does not provide complete coverage of this group (Office for 
National Statistics, 2018a, 2019b). Furthermore, the UK LFS only interviews individuals who have lived 
at the same address for at least six months, excluding many short-term migrants and those in 
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communal establishments such as student halls of residence, which introduces additional biases 
(Office for National Statistics, 2018a, 2019b).

In addition, traditional data sources like the LFS lack timeliness and comprehensive coverage of mi
grants, especially in terms of age and sex. Digital trace data, despite its limitations (e.g. Rampazzo 
et al., 2021), may better capture younger migrants not living in standard households, such as univer
sity students. For that reason, in this article, we set out to combine age patterns from Facebook data 
and the LFS, in order to enhance the coverage of traditional data sources for these groups. This ap
proach aims to reduce the uncertainty in migrant estimates disaggregated by age and sex by incorp
orating data from multiple administrative sources and surveys (Disney, 2015), with digital trace data 
providing further improvements.

As hinted before, studies of migration patterns by age have often focused on flows rather than 
stocks. For instance, Rogers and Castro (1981) described age-specific regularities in migration flow 
propensities using mathematical models, while Courgeau (1985) linked these patterns to the life 
course. Migration tendencies vary with life events such as marriage, divorce, or children leaving the 
parental home (Courgeau, 1985).

In their seminal work, Rogers and Castro (1981) proposed a multi-exponential model to capture the 
relationships between age and migration. Based on empirical data from developed countries, the 
Rogers–Castro model describes a pattern of migration rates, M(x), across all age groups x. This pattern 
includes a high rate of migration in early childhood (children migrating with parents), a sharp drop dur
ing teenage years, a peak in the early 20s (associated with education or early career moves), and a grad
ual decline throughout the economically active years. Additional smaller peaks are observed 
postretirement and at the end of life, as individuals move closer to family or into care institutions.

The full Rogers–Castro model is represented by the following equation:

M(x) = a1 × exp(α1x) + (Pre-labour force curve),
a2 × exp(−α2(x − μ2)) − exp[−λ2(x − μ2)] + (Labour force peak),
a3 × exp(−α3(x − μ3)) − exp[−λ3(x − μ3)] + (Retirement peak),
a4 × exp(λ4x) + (Post-retirement increase),
c1 (Constant), 

where 

• a1, α1: prelabour force trend
• a2, α2, μ2, λ2: labour force peak
• a3, α3, μ3, λ3: retirement peak
• a4, λ4: postretirement increase
• c1: constant term

The model (1) comprises four additive components and a constant term, which improves the fit 
to observed data. These components correspond to different stages in the life course: the prela
bour force period, the labour force peak, retirement, and postretirement phases. The model’s flexi
bility allows for adaptation to varying migration patterns, depending on data availability and the 
specific context (Rogers & Castro, 1981; Rogers & Watkins, 1987). In addition, Wilson (2010) pro
posed an extension to the model to account for student migration, introducing a curve that reflects 
the sharp increase in migration propensity during late teenage years. This spike, relevant especial
ly for internal migration, coincides with transitions from secondary school to university, particu
larly in countries like the UK with high student mobility. The additional student curve is crucial 
when analysing disaggregated data, as aggregated datasets may suppress these specific patterns.

Previous attempts to model migration by age and sex relied on multiple imperfect data sources. For 
instance, the area model of Wiśniowski et al. (2016) extended the IMEM model to estimate ‘true flows’ 
of migration between European countries by origin, destination, age, and sex. They reconciled discrep
ancies between data sources using a measurement error model and harmonized age profiles through 
a multiplicative framework. However, limitations in estimating age and sex flows were noted. These 
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included inconsistencies between sending and receiving country reports, divergent national defini
tions of migration (e.g. ‘permanent’ versus ‘no time limit’), and missing or incomplete disaggregation 
by age and sex in many cases. The approach also relied heavily on expert judgment to fill data gaps 
and adjust for undercounting, which, while necessary, introduced subjectivity.

In this article, a similar logic and structure is applied, with key innovations to address prior limita
tions in estimating age- and sex-disaggregated migration data. First, the ‘true stock’ of migrants by sex 
is estimated, following the approach outlined in Rampazzo et al. (2021). Then, a MDD model is used to 
redistribute this stock across age groups for male and female migrants, using harmonized age profiles 
derived from both survey and digital trace data. Unlike the area model of Wiśniowski et al. (2016), 
which often faced gaps in age–sex breakdowns and inconsistencies between data sources, this meth
od leverages Facebook data alongside the LFS to enhance coverage, particularly for younger migrants 
and those underrepresented in traditional surveys. The integration of traditional and digital sources, 
combined with a flexible Bayesian framework, enables more reliable, transparent, and detailed esti
mates of migrant-stock distributions by age and sex.

3 Data
In this work, as in Rampazzo et al. (2021), we use data from the LFS and the Facebook Advertising 
Platform. The LFS disaggregates its estimates into five-year age groups from 0–4 to 80–84 years old, 
with an open-ended group for those aged 85+. The LFS data are not provided when there were be
tween zero and three interviews/contacts in that specific age, sex, and country of origin group.1

Facebook requires users to be at least 13 years old, so the Facebook Marketing API provides data for 
ages 13–65+. While data can be collected for individual ages, the platform applies a minimum-audience 
threshold (commonly described as around 1,000 monthly active users, though the exact threshold is 
not always specified) below which audience size is reported as zero rather than the underlying count. 
According to Facebook for developers, monthly active users are defined as the ‘estimated number of peo
ple that have been active on your selected platforms and satisfy your targeting spec in the past month’. An 
additional limitation of the Facebook Advertising Platform is the lack of further disaggregation within the 
65+ age group. Moreover, Facebook has acknowledged that ‘a disproportionate number of our younger 
users register with an inaccurate age’ [USA SEC (U.S. Securities and Exchange Commission) 2018, 2019]. 
Nevertheless, the platform achieves high overall accuracy in classifying user demographics: sex classifica
tion matches user-reported data in 98%–99% of cases, and age classification shows similar reliability 
across major age groups. As such, when appropriately validated, Facebook data can serve as a dependable 
tool for demographic research (Grow et al., 2022).

Therefore, even if it is possible to obtain single-year age groups, it is advisable to aggregate the data 
into five-year age groups to reduce errors in the Facebook data. Consequently, this work uses the follow
ing age structure for the two data sources: 15–19 to 60–64, with an open-ended age group for the popu
lation aged 65+. The Facebook data were downloaded through pySocialWatcher (Araujo et al., 2017).

4 Methodology
The model architecture consists of two components, as illustrated in Figure 1. The first-component 
estimates total migrant stocks by sex; the second component redistributes those sex-specific totals 
across age groups.

4.1 Brief overview of the Rampazzo et al. (2021) framework
The first component reproduces the framework introduced in Rampazzo et al. (2021). That framework 
treats observed migrant counts from the LFS and from the Facebook Advertising Platform as 

1 The special values in the data file represent the following: . for ‘no contact’, c for ‘not available due to disclosure 
control’, and 0 for ‘rounded to zero’.
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imperfect, source-specific realizations of an unobserved latent migrant stock by origin country, sex, 
and year. Two submodels combine to identify this latent stock: a measurement error model that links 
each observed source to the latent stock through additive log-scale adjustments for definitional, 
coverage, algorithmic, and survey-bias effects; and a theory-based model that places a regression 
on the latent stock, with covariates motivated by classical demographic and economic determinants 
of migration. The novelty of the present article lies in the second component, which redistributes the 
resulting sex-specific stock totals across age groups. 

1. Measurement error model and theory-based model: This component estimates the latent true mi
grant stock by origin country, sex, and year using the IMEM framework proposed by Raymer et al. 
(2013) and adapted in Rampazzo et al. (2021).

Let i be the index origin country, j be the sex (male, female), t be the year (2018, 2019), and k be the 
data source, where k = L denotes the LFS and k = F denotes Facebook. The observed source-specific 
migrant count is denoted by zk

ijt, the corresponding latent reporting mean by μk
ijt, and the latent true 

migrant stock by yijt. The measurement error model is

zk
ijt ∼ Poisson(μk

ijt), 

logμk
ijt = logyijt + δk + βk

ijt + χk
ijt + ξk

ijt + λk
ijt + ϵk

ijt.

Figure 1. Overview of the model structure. The diagram highlights the two main components: (1) estimation of the true 
stock by sex using a measurement error and theory-based model and (2) disaggregation of the true stock by age and 
sex through an age–sex distribution model. Grey indicates components previously developed in Rampazzo et al. 
(2021), while light blue highlights the novel contributions of this study.
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The source-specific terms adjust for definitional differences, source bias, coverage, Facebook algo
rithm changes, language effects, and residual error. Not all terms apply to both sources: for example, 
the Facebook component includes coverage and algorithm-change adjustments, whereas the LFS 
component uses survey-bias and residual-error terms. The full prior specification follows Rampazzo 
et al. (2021) and is summarized in Tables S1 and S2, online supplementary material.

The latent stock yijt is linked to demographic and economic covariates through the theory-based 
model

logyijt = γ0 + γ1Pit + γ2Iit + γ3Oit + γ4logGit + γ5logUit + εijt.

Here, Pit is the origin-country population, Iit and Oit are inflow and outflow measures, and Git and Uit

are gross domestic product and unemployment ratios relative to the UK. We use γ for these regression 
coefficients to avoid confusing them with the Dirichlet parameters used in the age-composition model 
below. We use εijt for the theory-level residual here to distinguish it from the source-specific residual ϵk

ijt

in the measurement error equation above. The full prior specification, including the priors on γ and the 
source-specific bias terms, follows Rampazzo et al. (2021) and is reproduced for completeness in the 
online supplementary material.

4.2 Treatment of unobserved and threshold-governed 
source-specific cells
The two data sources differ in how they handle small or low-coverage cells. LFS age–sex–country cells 
with very few interviews are suppressed by ONS and returned as non-numeric flags (. for no contact, c 
for disclosure control, or rounded zero); we treat these suppressed cells as missing, so the latent stock 
yijt in the first-component model is identified through the theory-based regression and the available 
Facebook data, rather than through observed zero counts. The Facebook Advertising Platform is gov
erned by platform-specific minimum-audience thresholds rather than statistical disclosure control, 
and the platform documentation does not always specify the exact threshold. In the country–age 
groups considered here, no Facebook audience estimates take the minimum threshold value, so 
this issue does not arise empirically in our sample. Accordingly, Facebook observations are treated 
as reported values rather than as suppressed or missing, and are interpreted with caution where 
coverage may be limited. This treatment is consistent with the differing data-generating processes 
of the two sources and is implemented directly within the second-component multinomial likelihood, 
without introducing additional missing-data or measurement adjustments. 

2. Age–sex distribution and integration: A MDD model is used to estimate the true proportion by age 
and sex. These proportions are then applied to the true stock by sex to produce the true stock by 
age and sex. Posterior uncertainty in the sex-specific stock totals yijt from the first component is 
propagated forward into the age–sex estimates: the second-component MDD model is run on the 
same Markov chain Monte Carlo (MCMC) machinery and the age-specific stocks Ysa = ysπsa are 
computed at each posterior draw, so the credible intervals reported in Section 7 combine uncer
tainty from both stages rather than treating the first-stage stocks as fixed point estimates.

The first component, highlighted in grey in Figure 1, has already been described in detail in Rampazzo 
et al. (2021), with equations and parameters provided in the online supplementary material and sum
marized in this methodological section. The focus of this article is on the second component, the novel 
component is shown on the right hand-side of Figure 1.

The age-distribution component has two steps. First, reduced Rogers–Castro schedules are fitted to 
the LFS and Facebook age profiles to obtain smoothed age-specific proportions. These smoothed pro
files are then converted into source-specific pseudo-counts that act as a prior summary of the demo
graphic shape of the age distribution; this is the only point at which the Rogers–Castro schedule enters 
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the Bayesian hierarchy. Second, the MDD model harmonizes these pseudo-counts and the observed 
LFS and Facebook age counts within a single hierarchy, producing a posterior age distribution for 
each country-sex-year stratum. Thus, the Rogers–Castro component supplies a structured prior input, 
but the final age profiles are updated by the observed source-specific counts wherever those data are 
available. These age distributions are then multiplied by the posterior sex-specific stock totals yijt from 
the first component to obtain migrant stocks by country, sex, year, and age, with full propagation of 
posterior uncertainty from the first component.

5 Fitting the Rogers–Castro age schedule
The model by Rogers and Castro (1981) was originally developed to describe the intensity of migration 
flows by age, but its mathematical structure—a sum of one or more exponential-family components plus 
a constant—is flexible enough to be used more broadly as a parametric smoother for demographically 
shaped age profiles, including age profiles of migrant stocks. In this application, the reduced Rogers– 
Castro schedule is used in exactly that pragmatic sense: it is a flexible smoothing device for the noisy 
age-specific stock shares observed in the LFS and Facebook data, not a structural model of how stocks 
form. It enters the Bayesian model only through pseudo-count vectors constructed before the MDD step 
is run; its parameters are not estimated jointly with the rest of the hierarchy, and any other parsimonious 
smoother of age-specific shares could substitute for it. We assess robustness of the substantive age–sex 
conclusions to changes in the smoothing step in the validation and sensitivity checks below.

As shown in Equation (1), the Rogers–Castro model can be fitted with up to 13 parameters. Since the 
data used in this study cover the age range 15–65+, a reduced version of the model is applied here, 
using only the parameters relevant to this age range. To avoid notational clashes with the working-age 
and postretirement components of Equation (1), we use distinct symbols (Aw, λw, Ao, λo, μo, νo, c) here 
(using νo rather than ηo to avoid clashing with the Dirichlet concentration parameters ηa introduced 
later). The reduced schedule has seven parameters: two for a working-age component, four for an 
older-age component, and one constant. The postretirement component of Equation (1) is therefore 
subsumed into the older-age double-exponential of Equation (5), which captures both retirement-age 
concentration and any postretirement increase compatible with the available age groups. For age 
midpoint x, the fitted schedule is

S(x) = Awexp{−λw|x − 25|} + Aoexp{−λo(x − μo) − exp[−νo(x − μo)]} + c, 

which is then normalized to sum to one across the 11 age groups. The working-age component captures 
the young-adult concentration in migrant stocks, the older-age component allows the curve to rise at 
later ages, and the constant captures residual background mass. We do not include the Wilson student- 
migration extension (Wilson, 2010), because the available data are grouped into five-year age bands be
ginning at 15–19 and the model is applied to migrant stocks rather than single-year migration propen
sities. In this setting, the additional student curve is not separately identifiable from the working-age 
component, so adding it would increase flexibility without a clear substantive interpretation (Figure 2).

The components are defined as follows: 

1. Working-age curve: A left-skewed unimodal curve describing the migration intensity for individu
als of working age.

2. Postretirement curve: Typically used for postretirement migration, but here adapted to represent 
the increase in older migrants due to ageing or families bringing elderly parents.

3. Constant component: Represents background migration levels.

To fit the Rogers–Castro model, the R package migraR (Ruiz-Santacruz, 2019), available on GitHub, 
was modified to accommodate the required parameters. The model was fitted simultaneously to 
data from the Facebook Advertising Platform and the LFS. During exploratory analysis, three distinct 
country groups were identified based on age profiles: 
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1. Group 1: Western and Southern European countries (e.g. France, Germany, Italy, Portugal, and 
Spain).

2. Group 2: Republic of Ireland, reflecting unique age distributions in the LFS data.
3. Group 3: Central and Eastern European countries (e.g. Latvia, Lithuania, Poland, and Romania).

Each group demonstrates distinct age profiles of migrants (see Figure 3). For group 1 (Western and 
Southern Europe), Facebook data indicate younger migrants, whereas LFS data suggest older-age dis
tributions. Group 2 (Republic of Ireland) reflects a long history of migration, with many migrants aged 
65+ years, consistent with historical connections between Ireland and the UK. Group 3 (Central and 
Eastern Europe) represents more recent migration, with patterns emerging after EU accession in 
2004. Here, the Facebook and LFS data show similar age distributions, with younger age groups slight
ly more represented in Facebook data.

The fit of these schedules is assessed below in the validation and sensitivity checks. This placement 
reflects the role of the Rogers–Castro model in the analysis: it is a first-stage smoothing input whose 
adequacy must be checked, rather than the main inferential target.

6 The MDD model for age schedules
Given the structure of the data, a statistical model for proportions is required. Let a = 1, . . . , A index 
the 11 age groups from 15–19 to 65+, and let s = 1, . . . , S index the 40 country-sex-year strata (10 
origin countries × 2 sexes × 2 years) included in the age-disaggregation analysis. Each stratum s is 
uniquely determined by the triple (i, j, t) for country, sex, and year defined in the previous section; 
we use the compact index s here to keep the composition equations readable. Let r ∈ {L, F} index 
the two sources, and let g ∈ {1, 2, 3} index the three exploratory country groups (Western/Southern 
Europe, Ireland, and Central/Eastern Europe). The goal is to estimate a latent age-composition vector

πs = (πs1, . . . , πsA), 

where 
􏽐

a πsa = 1, and then to multiply this vector by the posterior sex-specific stock total ys from the 
first component of the model.

Figure 2. Reduced Rogers–Castro model components and parameter rationale. The figure is a schematic illustrating 
the three components of the reduced schedule (working-age curve, older-age curve, and constant background level) 
over age. No empirical data points are plotted in this schematic; observed age-specific shares from the LFS and 
Facebook data are shown alongside the fitted schedules in Figure 3. Age groups 0–14 are excluded from the analysis 
and the open-ended group 65+ is treated as a single category. LFS = Labour Force Surveys.
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A natural distribution for age-composition vectors is the Dirichlet distribution, with density

Dir(θ|η) =
Γ
􏽐A

a=1 ηa
( 􏼁

􏽑A
a=1 Γ(ηa)

􏽙A

a=1
θηa−1

a , η = (η1, . . . , ηA).

The Dirichlet distribution is well-suited for demographic studies, as demonstrated by Caussinus and 
Courgeau (2010), where it was used to estimate past (historic and prehistoric) population age structures. 
Its flexibility allows for redistributing population components into categories constrained by a total. In 
Bayesian contexts, it offers the additional advantage of being a conjugate prior for multinomial likeli
hoods, which offers a natural and computationally efficient framework for modelling proportions.

This study employs a MDD model to harmonize migration age profiles from the LFS and Facebook 
Advertising data. The model is estimated by including variables for country, age, sex, and year, bor
rowing strength across these parameters.

Figure 3. Age-specific migrant-stock shares (proportions, summing to one across age groups within each source– 
group panel) for EU migrants by country group, 2018–2019. The y-axis reports the share of the migrant stock in each 
five-year age group, computed by dividing each age group count by the source-specific total stock; this share is 
unitless and does not refer to a migration rate (we do not attempt to compute rates because no consistent 
population-at-risk denominator is available across the two sources). The Rogers–Castro smoothed schedules (lines) 
are compared to the observed shares from the Facebook Advertising Platform and LFS (points). Results are shown 
separately for the three identified country groups: Western and Southern Europe, Republic of Ireland, and Central and 
Eastern Europe. LFS = Labour Force Surveys.
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6.1 Model hierarchy
The hierarchical structure of the MDD model is illustrated in Figure 4. The notation below uses distinct 
symbols for the three quantities that were easy to confuse in the previous version of the manuscript: q
is the shared age profile, cr

g are Rogers–Castro-derived pseudo-counts for source r and country group 
g, and πs is the final age profile for stratum s.

The shared age profile has a symmetric Dirichlet prior:

q ∼ Dir(1, . . . , 1), 

which does not favour any age group a priori. The Rogers–Castro smoothing step produces age-specific 
pseudo-counts cL

g and cF
g for each source and country group g. If Cr

g =
􏽐

a cr
ga is the corresponding 

pseudo-count total, these vectors are modelled as multinomial draws around the shared age profile:

cr
g ∼ Multinomial(Cr

g, q), r ∈ {L, F}.

This is the point at which the Rogers–Castro schedules enter the Bayesian model. They enter only through 
pseudo-count vectors constructed before Just Another Gibbs Sampler (JAGS) is run; the Rogers–Castro 
parameters themselves are not estimated jointly with the MDD hierarchy. The schedules therefore act 
as a prior smoothing device, not as fixed final estimates: the observed LFS and Facebook age-count vec
tors below update the resulting stratum-specific profiles wherever data are available. The posterior inter
vals from the MDD model should be interpreted as conditional on this first-stage smoothing step. We 
assess the adequacy of the Rogers–Castro step and the robustness of the resulting age profiles, in the 
validation and sensitivity checks below.

Figure 4. Hierarchical structure of the multinomial-Dirichlet–Dirichlet age-composition model. The shared age profile 
q generates Rogers–Castro pseudo-counts cr

g and the stratum-specific age profile πs , with r ∈ {L, F} indexing the data 
source. Observed LFS and Facebook age-count vectors xL

s and xF
s are modelled as multinomial draws from πs . The 

final age-specific stock is given by Ysa = ysπsa , where ys is the sex-specific total from the first model component. LFS =  
Labour Force Surveys.
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For each country-sex-year stratum s, the latent age profile is then drawn from a Dirichlet distribution 
centred on the shared profile:

πs ∼ Dir(κq).

Here, κ > 0 is the concentration parameter that controls how tightly the stratum-specific age profile πs

is shrunk towards the shared profile q. Larger values of κ imply stronger pooling, in the sense that all 
strata are pulled close to the shared age profile, while smaller values allow each country-sex-year 
combination to depart further from the common shape. We therefore interpret κ as a reliability/ 
smoothing parameter rather than as an algorithmic tuning knob: it directly regulates the prior plausi
bility of the stratum-specific profiles. In the submitted model, κ is fixed implicitly by the concentration 
of the vector used in JAGS; in the sensitivity checks, we assess whether the results are robust to alter
native concentration values. The observed LFS and Facebook age profiles for each stratum are treated 
as multinomial observations around the same latent age profile:

xL
s ∼ Multinomial(NL

s , πs),
xF

s ∼ Multinomial(NF
s , πs), 

where xL
s and xF

s are the observed age-count vectors from the LFS and Facebook, and NL
s and NF

s are 
their source-specific totals. Finally, the estimated stock in age group a for stratum s is

Ysa = ysπsa.

This final multiplication is why the age-specific estimates sum to the sex-specific stock totals by con
struction. The substantive contribution of the MDD layer is therefore not to change the total stock, 
but to estimate how that stock is distributed across age groups while reconciling the LFS and 
Facebook age profiles. The Dirichlet composition layer is chosen for transparency, conjugacy, and 
computational efficiency. We acknowledge that the Dirichlet imposes a single concentration param
eter and a restricted (negative) dependence structure across age groups, which can be limiting in 
higher-dimensional or more dispersed compositions. More flexible alternatives such as the Beta– 
Liouville distribution (Bakhtiari & Bouguila, 2016; Fang et al., 1990) offer richer dependence struc
tures and could be substituted into the same hierarchy; we view the Dirichlet specification used 
here as a deliberate, pragmatic trade-off that is appropriate for the size and structure of the present 
application, rather than a claim of maximal flexibility.2

The harmonized population pyramids derived from this model are presented in Figure 5, which 
compares the migration proportions by age and sex from the Facebook Advertising data (blue lines) 
and LFS data (yellow lines) with the harmonized results (grey lines). These lines show the migration 
profiles for three groups of countries, reflecting the combined age and sex distributions derived 
from the Rogers–Castro estimates.

7 Results
In this section, the results of the models for the three groups of countries across two years are pre
sented. The models were estimated in R using JAGS (Plummer et al., 2016), with three chains, a 
burn-in/adaptation period, and a thinning interval of 10. The model was run simultaneously for 
both years (2018 and 2019) and all 10 origin countries; results are discussed separately for Western 
and Southern European, Irish, and Central and Eastern European migrants.

2 In Figure 4, square nodes denote scalar source-specific totals or effective sample sizes, such as Cr
g and Nr

s, while 
circular nodes denote age profile vectors, latent composition parameters, or derived stock quantities. Orange marks 
LFS quantities, indigo marks Facebook quantities, yellow marks the shared age profile prior q, green marks the stratum- 
specific age profile πs and the derived age-specific stock Ysa, and pink marks the sex-specific stock total ys imported from 
the first model component.
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Figure 5. Harmonized population pyramids based on the first-stage Rogers–Castro smoothed shares, before the MDD 
model is run. This figure is illustrative and precedes the Bayesian estimation: the pyramids are not posterior MCMC 
outputs of the MDD model. They show migration proportions by age and sex for three groups of countries derived 
from the reduced Rogers–Castro fits described above. Solid blue lines represent Facebook Advertising Platform data, 
solid yellow lines represent LFS data, and dashed and solid grey lines show the harmonized age profiles combining 
both sources. The corresponding posterior MCMC estimates from the full multinomial-Dirichlet–Dirichlet model are 
reported later in Figures 6–8. LFS = Labour Force Surveys; MDD = multinomial-Dirichlet–Dirichlet.
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Figure 6. Age–sex distribution for Western and Southern European migrants in the UK. Population pyramids use box 
plots to compare model estimates (green), Labour Force Survey (yellow), and Facebook data (blue, represented as 
points with no intervals) for 2018 and 2019. Box plots illustrate median values, interquartile ranges, and variability 
across sources.
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Figures 6–8 present the results. Green box plots show the interquartile range of the model esti
mates, the LFS data are shown as yellow box plots with 50% and 95% intervals, and Facebook 
Advertising Platform values are shown as blue points. All results are expressed as counts of migrants 
by age and sex.

Convergence was assessed using the potential scale reduction factor R̂ (Gelman–Rubin statistic) and 
effective sample sizes (Gelman et al., 2013). The main MDD quantities show satisfactory convergence; 
the diagnostic run reported below has maximum R̂ = 1.002 and minimum effective sample size 7,295 
across the monitored age profile, age–sex count, stock, and sum-proportion blocks. Brief posterior 
predictive p-values for cross-age variance, chi-square count discrepancy, and the share of stock 
at ages 20–34 are summarized in the validation section, with full diagnostics in the online 
supplementary material.

The model estimates for Western and Southern European migrants are shown in Figure 6. A reduc
tion in the number of migrants between 2018 and 2019 is evident. For countries in this group, the lar
gest number of migrants is concentrated in the 20–29 age group. However, there is greater uncertainty 
in age groups with larger numbers of migrants. The model estimates indicate more migrants across 
the age groups (except for Germany in 2019) compared to the LFS.

The population pyramids for the Irish migrants in the UK are presented in Figure 7. The estimates of 
the number of migrants are highest for the age group 65+ years. It is clear from the 2019 results that the 
estimates are sensitive to sudden changes in LFS data collection, given the bump between 35–39 and 
40–44 years at this time. There is higher uncertainty in the estimates at older ages, and generally, the 
model estimates more total migrants than the LFS.

As shown in Figure 8, it is evident that Central and Eastern European migrants follow a similar pat
tern to each other. Compared to the previous two groups, the largest group of migrants is older than 
the Western and Southern European migrants, being between 25–29 and 30–34 years. Combining the 
Facebook and LFS data helps to fill in gaps for older-age groups from Latvia, Lithuania, and Romania, 
where the data is not reported by the LFS.

8 Validation and sensitivity checks
We report four validation and robustness checks: external validation, posterior predictive checks, 
comparison with the area model of Wiśniowski et al. (2016) for age–sex estimation, and sensitivity 
to prior specification.

Figure 7. Age–sex distribution for Irish migrants in the UK. Population pyramids use box plots to represent age–sex 
profiles of Irish migrants, showing model estimates (green), Labour Force Survey (yellow), and Facebook data (blue, 
represented as points with no intervals) for 2018 and 2019. The box plots highlight the unique age structure of Irish 
migration, particularly among older-age groups.
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First, we compared the 2019 posterior age–sex profiles with Census 2021 country-of-birth profiles 
for England and Wales, using the closest available external benchmark for the selected origin coun
tries. Although the Census refers to a later date, the age–sex composition of migrant stocks is not ex
pected to change abruptly over a two-year period, so the main comparability limitation is 
geographical: our model estimates refer to the UK, whereas the Census benchmark used here covers 
England and Wales only. We therefore treat the Census comparison as an external check on age–sex 
shape, not as a direct validation of absolute stock totals or posterior interval coverage. We did not 

Figure 8. Age–sex distribution for Central and Eastern European migrants in the UK. Population pyramids use box plots 
to compare age–sex profiles derived from model estimates (green), Labour Force Survey (yellow), and Facebook data 
(blue, represented as points with no intervals) for 2018 and 2019. Across the four origin countries shown, working-age 
stocks are concentrated in the 25–34 age range; the median ages are slightly older than those for Western and 
Southern European migrants but markedly younger than those for Irish migrants.
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extend the comparison to Eurostat country-of-birth tables, because in this study Eurostat appears up
stream as an input to the first-component theory-based regression rather than as an independent 
benchmark, but cross-country validation against Eurostat is a natural extension that we discuss in 
Section 9. Second, we used posterior predictive checks to assess whether the model replicates ob
served features of the LFS and Facebook age profiles. Third, we implemented an age–sex specification 
inspired by the area model of Wiśniowski et al. (2016) and compared it with the MDD specification. 
Fourth, we assessed sensitivity to the prior on the Dirichlet concentration parameter κ, so that the 
dual roles of κ as a pooling/smoothing control and as a determinant of the prior on stratum-specific 
dispersion are made transparent.

8.1 Census 2021 external validation
We then compared the estimated 2019 age–sex profiles with the relevant Census 2021 country-of-birth 
table, which reports population by country of birth, sex, age, and date of arrival in England and Wales. 
The comparison is made on age shares within each country-sex profile, rather than on absolute 
counts, because the model input data refer to UK migrant stocks in 2018–2019, while the Census 
benchmark refers only to England and Wales in 2021 and therefore excludes Scotland and Northern 
Ireland. The two-year timing difference is unlikely to explain large changes in the age structure of es
tablished migrant stocks; the more important caveat is this geographical mismatch, especially if the 
age composition of a migrant group differs between England and Wales and the rest of the UK. 
Apparent out-of-interval differences in absolute counts should therefore be read primarily as a data- 
comparability artefact, while remaining discrepancies in age shares indicate the limits of the model 
and its input data in recovering the externally observed profile. This validation therefore asks whether 
the estimated shape of the age–sex profile is externally plausible.

The MDD model is consistently closer to the Census benchmark than the age–sex specification in
spired by the area model of Wiśniowski et al. (2016). The mean absolute age-share error is 0.0166 for 
MDD and 0.0325 for the sensitivity model; the corresponding Root Mean Square Error (RMSE) values 
are 0.0222 and 0.0546. The median absolute age-share error is also lower for MDD (0.0131) than for 
the sensitivity model (0.0205). These results indicate that the MDD model better recovers the external
ly observed shape of migrant age–sex profiles.

The population-pyramid figures below show the MDD posterior age–sex profiles against Census 
2021 points (Figures 9–11). Because the points and intervals refer to different geographical popula
tions, nonoverlap in absolute counts should not be interpreted as posterior interval failure. The figures 
instead provide a visual check on whether the model captures the main country-specific age–sex 
shape, complementing the numerical comparison with the age–sex specification inspired by the 
area model of Wiśniowski et al. (2016) in Table 1.

We assess robustness of the MDD age–sex profiles by comparing them with an age–sex specification 
inspired by the area model of Wiśniowski et al. (2016). This specification uses a lognormal multiplica
tive age–sex structure. In the comparison reported here, sex-specific totals are fixed to the MDD pos
terior stock totals, so this specification is treated as a sensitivity check for the conditional age profile 
within sex, rather than as a fully independent estimate of total migrant stocks. For the comparable 

Table 1. External validation against Census 2021 age–sex country-of-birth profiles

Metric MDD model Wiśniowski et al. (2016)

Mean absolute age-share error 0.017 0.032
RMSE age-share error 0.022 0.055
Median absolute age-share error 0.013 0.020

Note. MDD = multinomial-Dirichlet–Dirichlet.
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quantities, the comparison specification converges satisfactorily: the conditional age profile and age– 
sex count blocks have maximum R̂ = 1.007. The full joint sex-share block is weakly identified under this 
fixed-sex-total setup, with R̂ reaching 3.122, and is therefore not interpreted substantively.

Table 2 summarizes the model diagnostics. The MDD model has clean convergence, with maximum 
R̂ = 1.002 and minimum effective sample size of 7,295 in the diagnostic run. It also provides a closer 
match to the Census benchmark: the mean absolute age-share error is 0.0166 for the MDD model, com
pared with 0.0325 for the comparison specification; the corresponding RMSE values are 0.0222 and 
0.0546. The comparison specification gives fewer extreme posterior predictive checks for the observed 
LFS and Facebook summaries (64 of 240, compared with 102 of 240 for the MDD model), especially for 
the chi-square discrepancy statistic, indicating that it reproduces some source-specific within-sample 
summaries more closely. The two specifications are therefore complementary: the comparison speci
fication is informative about source-specific dispersion, while the MDD model is closer to the external 
Census benchmark and converges more cleanly.

The posterior predictive checks focus on three features of the observed age profiles: cross-age vari
ance (T1), chi-square discrepancy on the count scale (T2), and the share of the profile concentrated at 
ages 20–34 (T3). Bayesian posterior predictive p-values close to 0.5 indicate that the replicated data 
resemble the observed data with respect to the statistic in question, whereas values below 0.05 or 
above 0.95 indicate an extreme discrepancy. The MDD model performs more strongly in external val
idation against Census data, while the comparison specification reproduces some within-sample rep
lication statistics more closely. The comparison therefore serves as a sensitivity check on the MDD 
specification.

8.2 Rogers–Castro fit diagnostics and sensitivity to priors
Finally, we assessed the adequacy of the reduced Rogers–Castro schedules used as first-stage smooth
ing inputs. The fit is mixed, which is expected because the schedules are applied to migrant stocks 
rather than flows: the strongest fits occur for the Irish LFS profiles (R2 = 0.973 in 2018 and 0.975 in 
2019), where the older-age concentration is very pronounced; Facebook profiles fit reasonably well 
for Western/Southern Europe (R2 = 0.779–0.784); LFS profiles for the same group have weaker fit 
(R2 = 0.369–0.399); and Central and Eastern European profiles show moderate fit (R2 = 0.507–0.670). 
These diagnostics support using the Rogers–Castro schedule as a smoothing prior on age shares, while 
reinforcing that it should not be interpreted as a fully adequate generative model for every stock pro
file; the observed age-count data can still pull the posterior profiles away from this prior shape. Full 

Table 2. Comparison of convergence, external Census validation, and posterior predictive checks 
for the MDD model and the age–sex specification inspired by the area model of Wiśniowski et al. 
(2016)

Model Convergence Census 
Mean 

Absolute 
Error

Census 
RMSE

Posterior 
Predictive 

Check 
extremes

Main interpretation

MDD model Max Rhat 1.002; 
min ESS 7295

0.017 0.022 102/240 Best external 
validation; clean 
convergence

Wiśniowski 
et al. 
(2016)

Primary max 
Rhat 1.007; min 
ESS 1292

0.032 0.055 64/240 Better source 
replication; weaker 
Census fit; sex-share 
block not interpreted

Note. MDD = multinomial-Dirichlet–Dirichlet.
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Figure 9. Population-pyramid comparison with Census 2021 for Western and Southern European countries. Solid 
black dots show Census 2021 counts in thousands. Box plots show Bayesian estimates in thousands for the MDD 
model (green) and the Wisniowski-style age–sex sensitivity model (red). Male profiles are mirrored to the left and 
female profiles to the right; x-axes are allowed to vary by country panel so that differences in country magnitude do 
not obscure the age–sex pattern. MDD = multinomial-Dirichlet–Dirichlet.
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parameter estimates with bootstrap standard errors, the goodness-of-fit table, the fitted-schedule 
diagnostic figure (see Figure S1, online supplementary material), and the country-level residual plot 
(see Figure S2, online supplementary material) are provided in the online supplementary material.

To assess robustness of the MDD age–sex profiles to the prior on the Dirichlet concentration param
eter κ, we refitted the MDD model with κ ∈ {0.1, 1, 10, 100}. The posterior age–sex profiles are stable 
across these values: extreme κ values change the apparent precision of the stratum-specific profiles 
but leave the substantive ranking of countries and the location of the working-age peak essentially 
unchanged. The corresponding figure is reported in Figure S3, online supplementary material. The 
posterior predictive checks reported above further indicate that a single Dirichlet-style dependence 
and concentration structure cannot reproduce every aspect of the observed source-specific disper
sion. Richer composition models, including logistic-normal specifications or the distributional family 
noted above, could allow heterogeneous dispersion across age groups and more flexible covariance 
patterns. We retain the MDD specification here because it has stronger convergence and better exter
nal validation against Census 2021.

9 Conclusions
This article extended the estimates from Rampazzo et al. (2021) to include age and sex disaggrega
tion by proposing a hierarchical MDD model. The model uses reduced Rogers–Castro schedules as 
first-stage smoothing inputs for age-specific stock shares, before harmonizing the LFS and Facebook 
profiles in the Bayesian hierarchy. This use is deliberately pragmatic: the Rogers–Castro schedule 
provides a parsimonious demographic shape constraint, but is not interpreted as a complete gen
erative model for migrant stocks.

In substantive terms, the results revealed distinct age and sex profiles among migrant groups. 
Western and Southern European migrants in the UK tend to be younger, with the largest numbers 
concentrated in the 20–29 age group. Eastern European migrants are only slightly older on average, 
with relatively fewer older adults. In contrast, Irish migrants exhibit a significantly older profile, re
flecting a long history of migration to the UK and the resulting accumulation of older adults within 
this group.

Figure 10. Population-pyramid comparison with Census 2021 for Ireland. Solid black dots show Census 2021 counts in 
thousands. Box plots show Bayesian estimates in thousands for the MDD model (green) and the Wisniowski-style age– 
sex sensitivity model (red). Male profiles are mirrored to the left and female profiles to the right; x-axes are allowed to 
vary by country panel so that differences in country magnitude do not obscure the age–sex pattern. MDD =  
multinomial-Dirichlet–Dirichlet.
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The inclusion of data from the Facebook Advertising Platform enhanced the coverage of younger 
migrants, addressing gaps in traditional surveys such as the LFS. This integration highlights the utility 
of combining digital trace data with traditional sources to provide a more comprehensive understand
ing of migrant demographics. While European migrants are predominantly younger, Irish migrants re
present a notable exception due to historical migration patterns. The application of the Rogers–Castro 

Figure 11. Population-pyramid comparison with Census 2021 for Central and Eastern European countries. Solid black 
dots show Census 2021 counts in thousands. Box plots show Bayesian estimates in thousands for the MDD model 
(green) and the Wisniowski-style age–sex sensitivity model (red). Male profiles are mirrored to the left and female 
profiles to the right; x-axes are allowed to vary by country panel so that differences in country magnitude do not 
obscure the age–sex pattern. MDD = multinomial-Dirichlet–Dirichlet.
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model to stock data demonstrated its limitations in capturing the unique age profile of older migrant 
populations, such as those from Ireland. Although demonstrated with Facebook data, the model itself 
is data-agnostic. Any source providing age-structured proportions, such as other social media adver
tising platforms (e.g. TikTok Ads, Google Ads, Instagram), mobile-phone metadata, email-provider 
demographic panels, or administrative records, can be integrated into the same modelling framework. 
The MDD hierarchy allows these sources to be combined in a computationally efficient and statistically 
coherent manner.

By harmonizing age and sex profiles from two data sources, this study demonstrated a framework 
for addressing gaps in migration estimates from traditional data sources. The differing profiles ob
served suggest varied motives for migration and lengths of stay, with Western and Southern 
European migrants appearing to move to the UK for temporary periods, while Eastern European mi
grants seem more likely to settle, as evidenced by their slightly older-age distribution.

The MDD framework and the age–sex specification inspired by the area model of Wiśniowski et al. 
(2016) share the goal of disaggregating migrant counts by age and sex, but they sit on different points 
of a within-sample/external validation trade-off. The MDD model is computationally efficient because 
it relies on conjugate Dirichlet priors and a parsimonious parametrization; in this application, it con
verges cleanly and is closer to the external Census 2021 age–sex benchmark. The comparison speci
fication reproduces some observed LFS and Facebook within-sample summaries more closely, 
particularly the source-specific dispersion captured by the chi-square discrepancy statistic, which is 
useful for diagnostic purposes. We therefore view the two models as complementary rather than 
substitutable, and read the comparison as a balanced robustness check on the MDD estimates. 
Future extensions may incorporate richer dispersion structures, for example, Beta–Liouville or 
logistic-normal composition layers or accuracy measures of the kind discussed in Wiśniowski et al. 
(2016), combining the within-sample flexibility of the comparison specification with the external ac
curacy and computational efficiency of the MDD model.

The analysis, conducted on data for 2018 and 2019, revealed shifts in migration estimates between 
the two years. Understanding the impact of significant events, such as Brexit, on the number and char
acteristics of European migrants in the UK remains a crucial area for further research (Di Iasio & 
Wahba, 2023). The integration of digital trace data and traditional sources offers a valuable path for
ward for improving migration estimates and informing effective policy and service planning for diverse 
migrant populations. However, caution is needed regarding the varying popularity of different social 
media platforms and the availability of data, which may change over time. It is essential to develop 
models that can be adapted to cultural and normative changes in the use of social media, and to 
be critical when interpreting their results, which are very likely to be context-specific.

Facebook’s demographic composition and reporting practices continue to change over time, par
ticularly among younger users. Nevertheless, the modelling framework presented here is not platform- 
dependent. The data pipeline deriving age–sex proportions, fitting parametric age schedules, and har
monizing them within a MDD hierarchy is fully reproducible with any data source that provides com
parable age and sex breakdowns. As new digital platforms emerge or existing ones decline, the same 
approach can be adapted to integrate alternative sources while retaining the statistical structure of 
the model.
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