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Short Abstract

Data on migration are often insufficient or released with a large delay. While the delayed release
of migration statistics is a general problem, the Covid-19 pandemic further emphasizes the need
for timely data to assess the impact of discontinuities on migration. New and innovative data
sources, such as social media data, could help monitoring and estimating migrant stocks and flows
in real time. However, these data are highly biased. Only if this bias is properly accounted for,
social media data may supplement existing representative data sources such as surveys. Often, it
is assumed that this bias is constant over time which may not be tenable as both platforms and
user behavior underlie frequent changes. We revisit the assumption of constant biases using data
from the Facebook Ads Manager assessing the variability of the Facebook data over time.
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Introduction

Data on migration are often insufficient or released with a large delay. While the delayed release of
migration data is a general problem, the ongoing Covid-19 pandemic emphasizes the need for more
timely data once more. The pandemic and especially its aftermath could lead to the discontinuation
of past trends (Guadagno, 2020), and as such, it is of interest to obtain real-time estimates, so
called “nowcasts”. Researchers have explored the feasibility of using social media data to aid in
this task (Zagheni et al., 2017; Alexander et al., 2019; Alexander et al., 2020). While social media
data can be collected in real-time it is well known that these data are biased (e.g. Zagheni et al.
(2017)). Previous work on monitoring migrant stocks with social media data has attempted to
account for these biases but adjustments have mostly been relatively simple, often relying on the
strong assumption that biases are constant over time (Zagheni et al., 2017; Alexander et al., 2020).
In this work in progress, we revisit this simplistic assumption using Facebook data collected over
the years 2017 and 2018.

Zagheni et al. (2017) explore the use of Facebook (FB) data for estimating migrant stocks and
study its biases by means of a linear regression model; regressing representative data from the
American Community Survey (ACS) on the Facebook data. Alexander et al. (2020) combine
Facebook data and data from the American Community Survey to nowcast migrant stocks in the
US. They (i) use a regression model to adjust the biased Facebook data (’bias-adjustment model’)
and (ii) a time series model to make use of all available information in the historic ACS data.
Finally, the two approaches are combined in a larger framework by means of a Bayesian hierarchical
model. In the bias-adjustment step, the representative data from the American Community Survey
(ACS), used as a gold-standard, are regressed on the nonrepresentative Facebook data. Subsequent
waves of Facebook data are then adjusted using the estimated regression coefficients. Any changes
in the Facebook data are attributed to a change in migrant stocks (though the model attributes
more uncertainty to the final estimates of migrant stocks). Thus, biases and measurement errors
in this one wave are propagated through subsequent adjustments. This is known to be problematic
as online platforms are subject to constant change (e.g. Zagheni et al. (2017, p. 730), Lazer et al.
(2014), and Salganik (2019, chapter 2)). In fact, it has been noted that there may be variation in
the Facebook data due to reasons other than migration (Alexander et al., 2019).

In addition to statically propagating biases and measurement errors through subsequent adjustments,
it is unclear which wave of Facebook data should be used as a predictor in a regression with one
year of ACS data as outcome. As a proof-of-concept, Zagheni et al. (2017) use Facebook data
collected in 2016 with the ACS estimates of 2014, and Alexander et al. (2020) use Facebook data
collected in January 2017 with ACS data of 2016. Additionally, for fitting the model, both studies
rely on one wave of Facebook data only. We recognize that this problem of matching the ACS
data with the Facebook data, and the assumption of constant biases, are inherently intertwined.
To illustrate, it is unclear how the Facebook data evolve and vary over the course of one year and
as a consequence, it is unclear how using, for example, the latest wave of one year or all waves
collected in one year to adjust another wave of Facebook data influence the adjustment.

Thus, revisiting the assumption of constant biases, the present work in progress assesses the
variability of Facebook data over time. In the next section, the data are introduced. Then, we
explore the variability of the Facebook data and show an illustrative example of how to deal with
this variability. We conclude by giving an outlook on potential areas of development.
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Data

The project utilizes representative data from the American Community Survey (ACS) (Ruggles
et al., 2020) as well as nonrepresentative data collected via Facebook’s advertising platform. The
ACS contains information on respondent’s birthplace, which allows us to calculate the number of
migrants from a particular origin in each state for different age and sex groups. An international
migrant is defined as a person that was born outside of the US.1

The second data source consists of information extracted from Facebook’s advertising platform.
The number of monthly active users that could potentially be reached by advertisers can be
extracted through this platform. To allow for targeting of advertisements, several characteristics
of the potential audience can be chosen. This enables the collection of data with a specified age
group, sex, and origin in a particular state. It is, however, not clear how this number is calculated
and, additionally, these calculations may change over time. The data collection took place via
Facebook’s Marketing API2 with the Python module pySocialWatcher (Araujo et al., 2017). Four
waves of such data were collected in each 2017 and 2018, giving a total of eight waves.3 In addition
to being biased, Facebook can change its algorithms and the API at any time. This happened in
the midst of wave 5: the lower bound of the number of expats was raised from 20 to 1000 – adding
censoring to our data.

Here, we focus on male Mexican migrants. For both data sources, we have the number of migrants
in nine different age groups, 15 − 19, 20 − 24, . . . , 55 − 59 in the different US states. Note, however,
that there are missing values in the ACS data and left-censoring in the Facebook data. Additionally,
there are some implausible values in wave 8. We pre-process the Facebook data by removing
left-censored and implausible observations. After this, we remove all those observations which
have a missing value in the ACS data. This leaves us with a total of 39 states (which are not
necessarily complete with regard to the age groups) and a total of 285 observations per wave; with
the exception of wave 8 which has 270 observations after pre-processing.4

Descriptives & Illustrative Example

All results in this section were produced using the software R (R Core Team, 2021), data wrangling
was done with the package data.table (Dowle and Srinivasan, 2021) and plots were produced
with ggplot2 (Wickham, 2016).

Figure 1 shows the number of male Mexican migrants in California according to both data sources
in 2017 and 2018. There is systematic bias in the Facebook data: Both in 2017 and 2018, the
number of migrants in the older age groups is underestimated by the Facebook data whereas in
some of the younger age groups the number of migrants is overestimated. Additionally, there is
some variability over the different waves of the Facebook data. In 2017 this variability is larger for

1This follows the definition of international migrants used by the United Nations Department of Economic and
Social Affairs, Population Division (United Nations Department of Economic and Social Affairs, Population
Division, 2020, p. 5).

2https://developers.facebook.com/docs/marketing-apis
3Some of the data have been used in Alexander et al. (2019) and Alexander et al. (2020). Also see the descriptions
therein.

4For the sake of brevity, we are not giving a complete description here.
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the younger age groups and virtually non-existent for the older age groups. In 2018, there is some
variability in all age groups but the maximum difference in the number of migrants between two
waves is smaller. It is important to note that the source of the variability is unclear.
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(a) ACS 2017, Facebook waves 1–4
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(b) ACS 2018, Facebook waves 5–8,

Figure 1: Number of male Mexican migrants in California according to both data sources. Missing
value in wave 8 for age group 20–24. Figures inspired by Zagheni et al. (2017), Alexander
et al. (2019), and Alexander et al. (2020).

It is an open question whether using several waves or only the latest wave of Facebook data in
a bias-adjustment model is the best choice. In the spirit of the models in Zagheni et al. (2017)
and Alexander et al. (2020) we fit four simple regression models. In our case, with two years
of overlapping Facebook and ACS data, we can match the years, i.e. ACS data from 2017 are
regressed on FB data from the same year.

Let popACS,2017
a,s be the number of male Mexican migrants in the 2017 ACS data in a particular age

group a in state s, a = 1, . . . , 9, s = 1, . . . , 39, and popFB
a,s the number of expats in the Facebook

data. We explain the four models we fit with the following regression model:

log(popACS,2017
a,s ) =β0+β1 log(popFB

a,s)
+ β21(State 1) + · · · + β391(State 38)
+ β401(Age Group 1) + · · · + β471(Age Group 8)
+ εa,s,

where 1(·) denotes the indicator function and εa,s the error. The four models are as follows:

1. Baseline model: The Facebook data do not enter the model, i.e. the blue part is removed.
2. Wave 4 only: Only wave 4 enters the model.
3. Stacked: All waves from 2017 (waves 1 – 4) enter the model. For this purpose we create a

stacked data set where the ACS values are repeated for the different waves.
4. Averaged: For each age group, state, and origin, the values of all waves from 2017 (waves 1 – 4)

are averaged.

Figure 2 shows the adjusted number of migrants from wave 6 in 2018 based on the four different
models as well as the ACS data in California. In this example, the Facebook data add value.
Overall, the adjusted number of migrants from the models including the Facebook data are closer
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to the ACS data than those of the baseline model – with exceptions in age groups 35 − 39 and
40 − 44.
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Figure 2: Estimated number of migrants in 2018 based on the four different models; adjustment of
wave 6 collected in 2018. Also shown are wave 6 of the Facebook data (blue line) as well
as the 2018 ACS data (black line).

Potential Areas of Development

In this work in progress, we looked at the variability of the Facebook data in 2017 and 2018. As
such, there is systematic bias in the Facebook data while there is also some variability. The source
of the variability, however, is unknown. Additionally, we have proposed two ideas of integrating
more than one wave of Facebook data into a model for bias adjustments; and shown these in an
illustrative example together with a baseline model and one that uses one wave of Facebook data
only. Several potential areas of development remain.

The models shown above have some issues that should be resolved: (i) Figure 2 does not show any
uncertainty. It is, however, crucial to include the different sources of uncertainty. This would also
help in understanding how meaningful differences between the different waves are. (ii) The model
suffers from heteroscedasticity. (iii) We have considered the number of migrants only but we have
not taken into account the total population in the different states. In the future, this should be
taken into account by working with the proportion of migrants or a count model. (iv) We have
removed all observations with left-censoring in the Facebook data. Lastly, we have shown results
for male Mexican migrants in California only. In the future, both females as well as other states
should be studied in more detail.

While our use case is the estimation of migrant stocks with Facebook data, we would like to point
out that the variability of digital traces is a challenge that is neither unique to migration research
nor to Facebook data.
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