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How many people moved from Italy to
Spain in 2017?

• We don’t know with certainty, but...

⇒ Flows from Italy to Spain in 2015 (according to Spain):
17,350

⇒ Flows from Italy to Spain in 2015 (according to Italy):
5,003

• Flows are difficult to quantify, data are not timely and
multiple sources are needed.
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A gradient of difficulty for different types of
questions



This presentation

1. Measuring stocks

2. Harmonizing flows

3. Evaluating cultural assimilation



Overarching framework: Combining Data Sources
to Improve Estimates and Predictions



1. Measuring stocks of migrants with
online (targeted) advertisement data



Targeting a demographic group on Facebook

http://www.facebook.com/business

http://www.facebook.com/business
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We can access the data in a programmatic way
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Profiles by age and sex





Evaluating patterns in the bias

It is also important to notice that the specific pattern of bias for Mexicans
may not be as informative when we consider other countries of origin. For
example, Figure 4 show profiles of stocks of migrants by age and sex for
Filipinos and Filipinas in California and Texas. We observe that the pattern
of bias for Filipinas is qualitatively similar to the one of Mexican women,
with estimates from Facebook closely matching the ones from ACS for young
age groups, and underestimating at older ages. However, for Filipinos we
observe that Facebook data overestimate migration at older ages. The trend
is consistent across the two states, indicating that there may be some factors
specific to migrants from the Philippines.

In order to evaluate the bias in the data in a systematic way, we estimated
the parameters of the following linear regression model:

log(ACS foreign born popz
ij) = �0 + �1log(Facebook expatsz

ij)+

+ �21(Origin 1) + · · · + �301(Origin 29)+

+ �311(Age group 1) + · · · + �381(Age group 8)+

+ ✏zij
(1)

where (ACS foreign born popz
ij) is the number of people in the age-sex

group z born in country i and living in US state j. (Facebook expatsz
ij)

is the number of expats in the age-sex group z from country i who live
in US state j. 1(Origin 1) is an indicator variable for country of origin 1.
1(Age group 1) is an indicator variable for age group 1. In this model, each
country of origin has its own coe�cient, which serves as a ‘level’ parameter.
Each age group also has its own coe�cient that serves as ‘shape’ parameter.

Table 1 shows the results for the regression model described in equation 1.
In addition to each country of origin having its own parameter, we observe
that young age groups have negative coe�cients, whereas older age groups
have positive coe�cients. This indicates that, on average, Facebook data
overestimate migration stocks for younger age groups and underestimate the
stocks for older age groups.

Understanding bias can be used for predictive purposes. For example,
consider the situation in which we would like to estimate the number of
foreign born people from country i living in US states j. We can consider
a regression model where aggregate estimates of foreign born people from
the ACS are regressed against aggregate estimates of Facebook expats (we

11



Age pattern

Table 1: Summary of results for the regression model described in equation 1

.

log(Foreign-born Population - ACS)

log(FB Expats Population) 0.744⇤⇤⇤ (0.005)
Austria 0.420⇤⇤⇤ (0.083)
Canada 0.200⇤⇤⇤ (0.051)
China 1.132⇤⇤⇤ (0.050)
France 0.013 (0.056)
Germany 0.879⇤⇤⇤ (0.050)
Greece 1.443⇤⇤⇤ (0.064)
Hungary 0.264⇤⇤⇤ (0.078)
India 0.648⇤⇤⇤ (0.051)
Indonesia �0.223⇤⇤⇤ (0.065)
Ireland 0.193⇤⇤ (0.064)
Israel 0.077 (0.063)
Italy 0.051 (0.057)
Japan 0.538⇤⇤⇤ (0.052)
Malaysia 0.159⇤ (0.068)
Mexico 0.540⇤⇤⇤ (0.052)
Nepal �0.018 (0.062)
Philippines 0.098 (0.051)
Poland 0.526⇤⇤⇤ (0.060)
Portugal 0.479⇤⇤⇤ (0.067)
Puerto Rico 0.136⇤ (0.053)
Romania 0.174⇤⇤ (0.059)
Russia 1.069⇤⇤⇤ (0.052)
Singapore 0.367⇤⇤⇤ (0.075)
South Korea 0.811⇤⇤⇤ (0.051)
Spain 0.041 (0.060)
Turkey 0.044 (0.060)
UAE 0.376⇤⇤⇤ (0.099)
UK �0.634⇤⇤⇤ (0.055)
Vietnam 0.301⇤⇤⇤ (0.052)
Age group (20-24) �0.483⇤⇤⇤ (0.032)
Age group (25-29) �0.291⇤⇤⇤ (0.032)
Age group (30-34) �0.010 (0.031)
Age group (35-39) 0.094⇤⇤ (0.031)
Age group (40-44) 0.301⇤⇤⇤ (0.031)
Age group (45-49) 0.309⇤⇤⇤ (0.031)
Age group (50-54) 0.460⇤⇤⇤ (0.031)
Age group (55-59) 0.519⇤⇤⇤ (0.031)
Constant 1.374⇤⇤⇤ (0.052)
N 13,328
R2 0.698
Adjusted R2 0.697
Residual Std. Error 0.813 (df = 13289)
F Statistic 807.060⇤⇤⇤ (df = 38; 13289)

⇤p < .05; ⇤⇤p < .01; ⇤⇤⇤p < .001

12



Predictive capacity

• Goal: Predict the total number of foreign born from
country i living in US state j (e.g, what is the stock of
Mexicans in CA, Italians in NY?)

• Split the data into training set (80% of US states) and
test set (remaining 20% of US states)

• Estimate a model with no age & country of origin
disaggregation and a model with disaggregation
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Predictive capacity (continued)

The average out-of-sample Mean Absolute Percentage
Error (MAPE) for total number of foreign born from
country i living in state j :

• MAPE with no disaggregation by age-origin = 56%

• MAPE with disaggregation by age-origin = 37%

⇒ Indication that accounting for biases for subgroups of the
population, in a way analogous to post-stratification,
helps with predictions
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Moving further: Combining Survey and FB
data within a Bayesian framework

1. Calibrate Facebook data against the ACS⇒ use the latest
Facebook data to generate predictions of the present

2. Model trends in age schedules by using ACS data and a principal
component approach⇒ generate predictions in a way similar to the
Lee-Carter model, but for migration schedules

3. Combine 1 and 2 within a Bayesian hierarchical model



Moving further: Combining Survey and FB
data within a Bayesian framework

1. Calibrate Facebook data against the ACS⇒ use the latest
Facebook data to generate predictions of the present

2. Model trends in age schedules by using ACS data and a principal
component approach⇒ generate predictions in a way similar to the
Lee-Carter model, but for migration schedules

3. Combine 1 and 2 within a Bayesian hierarchical model



Moving further: Combining Survey and FB
data within a Bayesian framework

1. Calibrate Facebook data against the ACS⇒ use the latest
Facebook data to generate predictions of the present

2. Model trends in age schedules by using ACS data and a principal
component approach⇒ generate predictions in a way similar to the
Lee-Carter model, but for migration schedules

3. Combine 1 and 2 within a Bayesian hierarchical model



Moving further: Combining Survey and FB
data within a Bayesian framework

1. Calibrate Facebook data against the ACS⇒ use the latest
Facebook data to generate predictions of the present

2. Model trends in age schedules by using ACS data and a principal
component approach⇒ generate predictions in a way similar to the
Lee-Carter model, but for migration schedules

3. Combine 1 and 2 within a Bayesian hierarchical model



1. Modeling Facebook Data

Consider e.g. Mexicans in California:



2. Modeling trends in age schedules from
the ACS

Consider e.g. Mexicans in California:



3. Combined Bayesian Hierarchical Model



Some Results
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Illustrative example: What if Facebook
values suddenly increased by 10%?
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The estimates from the Bayesian model would be 2.6% higher, on
average, across all age groups



Key aspect: many different types of data can be combined
within the same framework



2. Flows



Data

• Approximately 62,000 Twitter users who posted at least
8 geo-tagged tweets within the US between 2010 and
2013

• Their series of geo-located tweets were extended until
September 2016

• Geographic coordinates were then coded at the level of
Census Division



We considered flows between US Census
divisions as a testbed for harmonization



Goal

• To evaluate how mobility/migration rates vary as we
change the definition of mobility/migration

⇒ Relevant for theory of mobility/migration and for
harmonization of statistics across countries that use
different definitions



Two key concepts

• Buffer: the duration or window around a particular date
used to impute residency

• Interval: the period between two dates used to evaluate
migration



How do estimates of migration change
when the ‘buffer’ changes?

Figure 1: Illustrative example of the concept of duration.
Between time t and t+, two users tweet from either location
blue or red. The location assigned to each user depends on
modal location of tweets occurring within the duration or
buffer around the two reference points, t and t+. The data
points are the same in the top and bottom panels, but the
duration used to identify the location of residence is shorter
in the top panel.

large, the negative effect on migration rates should dimin-
ish. That is, the change in migration rate should flatten out
at large durations. We expect that this will happen because
we hypothesize that the distribution of non-permanent trips
approximates a negative exponential: the difference between
the number of two-week trips and four-week trips is greater
than the difference between the number of 30-week trips and
32-week trips. Therefore, the difference between migration
rates estimated using two- and four-week intervals should
be greater than the difference between migration rates esti-
mated using 30- and 32-week intervals. In summary, we hy-
pothesize that, holding the interval constant, migration rates
should fall as the duration increases, eventually flattening
out.

The concept of interval
The concept of interval is more straightforward. In order
to determine whether a migration transition took place, it
is necessary to select two points in time and compare the
estimated location of residence. The interval is the tempo-
ral distance between two points of comparison. A common
way for migration data to be collected via survey is to ask
respondents a question similar to "where did you live five
years ago?" Five years in this example would be the inter-

Figure 2: Illustrative example of the concept of interval.
Between time t and t+, two users tweet from either loca-
tion blue or red. Holding duration constant, the location as-
signed to each user is a function of the interval, the time
between t and t+ or t++. The data points are the same in the
top and bottom panels, but the interval used to identify the
location of residence is shorter in the top panel.

val. In such a question, no data on duration is explicitly col-
lected, though arguably some notion of duration is implied
by the concept of “to live"/“residency". That is, even if a
respondent was on vacation precisely five years before com-
pleting a questionnaire with this question, chances are that
the respondent will answer with their place of residence five
years ago and not with the location where they traveled to
on vacation. This does not mean that duration is the same as
the interval in these types of survey questions, just that we
can expect the duration to be sufficiently large as to capture
some sense of “residency".

Figure 2 illustrates the concept of interval as it relates to
our method of estimating migration. First, we fix one ref-
erence point at time t and impute a location for this time
based on the modal location of tweets that occurred within
duration d. Then, we select a second reference point at time
t+ and impute a location. To estimate whether a migration
occurred for a given person, we compare their imputed loca-
tions at the two reference points. As we increase the interval,
we keep the left hand reference point, t, fixed while shifting
the right hand reference point forward in time, i.e. to t++.
While the decision to fix the left hand reference point was
predicated on goal of eventually being able to forecast long
term migration from short term migration, it would be just
as easy to fix the right hand reference point and work back-



Migration rates as a function of the ‘buffer’
in our sample

Figure 4: Plot of estimated migration rate as a function of
duration length, holding interval constant.

two to 72, in two-week increments. To generate multiple es-
timates for each duration, we shifted the left hand reference
date from January 1st 2011 to September 2012 in 6 week in-
crements. This resulted in 15 estimates for all 36 durations
for a total of 540 migration estimates.

Results from this analysis are plotted in Figure 4. The
blue line shows the estimates of the trend in the data points,
from a non-parametric smoother, together with the asso-
ciate 95% confidence intervals. It is clear from this plot
that our hypothesis is largely validated. The relationship be-
tween duration and migration rate is negative and dimin-
ishing. Yet, the plot does not flatten out like we expected.
Even at the right hand side where the durations are very
large (larger than a year) we still see a fairly pronounced
negative relationship. It is unlikely that there are many users
who are counted as migrants at a one year duration but who
are no longer counted as migrants at one year+one month
durations. Perhaps users that tweet infrequently–who are
only counted when durations are large–have lower migration
propensities than users that tweet frequently. In other words,
for very large durations, the data may be more noisy. Future
work with larger samples is needed to test the robustness of
the trend for large values of duration.

It should be noted here that there appears to be a slight
elbow in the trend line between five and six months (20 and
24 weeks). The trend line and information about potential
inflection points can be used to evaluate the ideal duration
for calculating long-term migration. An unanswered ques-
tion in the literature is related to the evaluation of the point
at which the marginal impact of an increased duration falls
below some threshold of acceptable variance. Findings from
the duration analysis presented here suggest that the differ-
ences between rates estimated with less than six month dura-
tions are larger than the differences between rates estimated
with more than six month durations. We are not offering a
definitive answer, as our results are potentially subject to a
number of biases (e.g., Twitter users are not representative

Figure 5: Plot of estimated migration rate as a function of
interval length, holding duration constant.

of the underlying population, and there may be platform-
specific biases in behavior, especially with respect to the use
of geolocation). However, we believe that this is a good start-
ing point for further developments using other data sources,
and for geographic areas outside of the US.

The larger the interval the higher the mobility rate
Our second hypothesis is that there is a positive relationship
between interval and migration rate, but due to return migra-
tion, this relationship is diminishing. To test this hypothesis,
we estimated a series of migration rates holding the dura-
tion constant at 24 weeks (six months) while increasing the
interval from 24 to 72, in six-week increments. To generate
multiple estimates for each interval, we shifted the left hand
reference date from January 1st 2011 to September 2012 in
6-week increments. This resulted in 15 estimates for all nine
intervals for a total of 135 estimates.

Figure 5 shows results from this analysis. Here we have
evidence that the relationship between interval and migra-
tion rate is positive as we expected, but there is no evidence
from this plot that the relationship is diminishing. It should
be noted that the largest interval in this analysis, 1.5 years,
is relatively small. It is not uncommon for migration esti-
mates to be generated from survey questions that ask respon-
dents about their locations two, five, or even ten years be-
fore. The amount of return migration that would occur over
an 18-month period is likely not very high, and therefore it
arguably makes sense that this plot does not show the rela-
tionship between interval and migration as diminishing.

Results from this section of the analysis are promising
for the prospect of improving data harmonization. The plot
clearly suggests that it may be possible to estimate long-term
migration from short- to medium-term migration. Certainly
two migration rates, one that uses a six-month interval and a
second one that uses a one-year interval could be combined
to produce an estimate of the migration rate at one and a half
years. In future analyses, the interval can be expanded to ex-



How do estimates of migration change
when the ‘interval’ changes?

Figure 1: Illustrative example of the concept of duration.
Between time t and t+, two users tweet from either location
blue or red. The location assigned to each user depends on
modal location of tweets occurring within the duration or
buffer around the two reference points, t and t+. The data
points are the same in the top and bottom panels, but the
duration used to identify the location of residence is shorter
in the top panel.

large, the negative effect on migration rates should dimin-
ish. That is, the change in migration rate should flatten out
at large durations. We expect that this will happen because
we hypothesize that the distribution of non-permanent trips
approximates a negative exponential: the difference between
the number of two-week trips and four-week trips is greater
than the difference between the number of 30-week trips and
32-week trips. Therefore, the difference between migration
rates estimated using two- and four-week intervals should
be greater than the difference between migration rates esti-
mated using 30- and 32-week intervals. In summary, we hy-
pothesize that, holding the interval constant, migration rates
should fall as the duration increases, eventually flattening
out.

The concept of interval
The concept of interval is more straightforward. In order
to determine whether a migration transition took place, it
is necessary to select two points in time and compare the
estimated location of residence. The interval is the tempo-
ral distance between two points of comparison. A common
way for migration data to be collected via survey is to ask
respondents a question similar to "where did you live five
years ago?" Five years in this example would be the inter-

Figure 2: Illustrative example of the concept of interval.
Between time t and t+, two users tweet from either loca-
tion blue or red. Holding duration constant, the location as-
signed to each user is a function of the interval, the time
between t and t+ or t++. The data points are the same in the
top and bottom panels, but the interval used to identify the
location of residence is shorter in the top panel.

val. In such a question, no data on duration is explicitly col-
lected, though arguably some notion of duration is implied
by the concept of “to live"/“residency". That is, even if a
respondent was on vacation precisely five years before com-
pleting a questionnaire with this question, chances are that
the respondent will answer with their place of residence five
years ago and not with the location where they traveled to
on vacation. This does not mean that duration is the same as
the interval in these types of survey questions, just that we
can expect the duration to be sufficiently large as to capture
some sense of “residency".

Figure 2 illustrates the concept of interval as it relates to
our method of estimating migration. First, we fix one ref-
erence point at time t and impute a location for this time
based on the modal location of tweets that occurred within
duration d. Then, we select a second reference point at time
t+ and impute a location. To estimate whether a migration
occurred for a given person, we compare their imputed loca-
tions at the two reference points. As we increase the interval,
we keep the left hand reference point, t, fixed while shifting
the right hand reference point forward in time, i.e. to t++.
While the decision to fix the left hand reference point was
predicated on goal of eventually being able to forecast long
term migration from short term migration, it would be just
as easy to fix the right hand reference point and work back-



Migration rates as a function of ‘interval’ in
our sample

Figure 4: Plot of estimated migration rate as a function of
duration length, holding interval constant.

two to 72, in two-week increments. To generate multiple es-
timates for each duration, we shifted the left hand reference
date from January 1st 2011 to September 2012 in 6 week in-
crements. This resulted in 15 estimates for all 36 durations
for a total of 540 migration estimates.

Results from this analysis are plotted in Figure 4. The
blue line shows the estimates of the trend in the data points,
from a non-parametric smoother, together with the asso-
ciate 95% confidence intervals. It is clear from this plot
that our hypothesis is largely validated. The relationship be-
tween duration and migration rate is negative and dimin-
ishing. Yet, the plot does not flatten out like we expected.
Even at the right hand side where the durations are very
large (larger than a year) we still see a fairly pronounced
negative relationship. It is unlikely that there are many users
who are counted as migrants at a one year duration but who
are no longer counted as migrants at one year+one month
durations. Perhaps users that tweet infrequently–who are
only counted when durations are large–have lower migration
propensities than users that tweet frequently. In other words,
for very large durations, the data may be more noisy. Future
work with larger samples is needed to test the robustness of
the trend for large values of duration.

It should be noted here that there appears to be a slight
elbow in the trend line between five and six months (20 and
24 weeks). The trend line and information about potential
inflection points can be used to evaluate the ideal duration
for calculating long-term migration. An unanswered ques-
tion in the literature is related to the evaluation of the point
at which the marginal impact of an increased duration falls
below some threshold of acceptable variance. Findings from
the duration analysis presented here suggest that the differ-
ences between rates estimated with less than six month dura-
tions are larger than the differences between rates estimated
with more than six month durations. We are not offering a
definitive answer, as our results are potentially subject to a
number of biases (e.g., Twitter users are not representative

Figure 5: Plot of estimated migration rate as a function of
interval length, holding duration constant.

of the underlying population, and there may be platform-
specific biases in behavior, especially with respect to the use
of geolocation). However, we believe that this is a good start-
ing point for further developments using other data sources,
and for geographic areas outside of the US.

The larger the interval the higher the mobility rate
Our second hypothesis is that there is a positive relationship
between interval and migration rate, but due to return migra-
tion, this relationship is diminishing. To test this hypothesis,
we estimated a series of migration rates holding the dura-
tion constant at 24 weeks (six months) while increasing the
interval from 24 to 72, in six-week increments. To generate
multiple estimates for each interval, we shifted the left hand
reference date from January 1st 2011 to September 2012 in
6-week increments. This resulted in 15 estimates for all nine
intervals for a total of 135 estimates.

Figure 5 shows results from this analysis. Here we have
evidence that the relationship between interval and migra-
tion rate is positive as we expected, but there is no evidence
from this plot that the relationship is diminishing. It should
be noted that the largest interval in this analysis, 1.5 years,
is relatively small. It is not uncommon for migration esti-
mates to be generated from survey questions that ask respon-
dents about their locations two, five, or even ten years be-
fore. The amount of return migration that would occur over
an 18-month period is likely not very high, and therefore it
arguably makes sense that this plot does not show the rela-
tionship between interval and migration as diminishing.

Results from this section of the analysis are promising
for the prospect of improving data harmonization. The plot
clearly suggests that it may be possible to estimate long-term
migration from short- to medium-term migration. Certainly
two migration rates, one that uses a six-month interval and a
second one that uses a one-year interval could be combined
to produce an estimate of the migration rate at one and a half
years. In future analyses, the interval can be expanded to ex-



Migration rates as a function of both
‘buffer’ and ‘interval’ in our sample

Figure 6: Plot of estimated migration rate as a function
of interval and duration length. Rates were estimated fixing
July 1st 2012 as the starting point.

Figure 7: Plot of estimated migration rate as a function of
duration and interval, where duration = interval.

plore whether the linear relationship between interval and
migration rate holds. This would lead to the development of
conversion scales that enable researchers to “translate" ex-
pected values of migration rates across different definitions
of interval.

The joint effect of duration and interval
Our third hypothesis was that short- and long-term rates of
movement could be plotted along a single curve by estimat-
ing a series of rates for which duration and interval are al-
ways equal. We further hypothesized that this curve would
be shaped like a ‘U’ – declining and then rising as the es-
timates move from short-term mobility to long-term migra-
tion. To explore the underlying intuition of this hypothesis,
we first estimated 351 migration rates with start date July 1st
2011: one for each possible interval-duration pair (2 to 72 by
2) x (2 to 72 by 2) such that interval would always be greater
than or equal to duration. The results from this initial anal-
ysis are visualized as a contour plot in Figure 6. This plot
demonstrates that for nearly all columns (intervals) migra-

tion rates increase, and that for nearly all rows (durations)
migrations rates decrease, but the two interact in interesting
ways.

The next step towards testing our hypothesis involves
plotting a single curve using rates for which duration and
interval are equal. These rates are equivalent to those plotted
along the diagonal of Figure 6. We estimated a large set of
such rates using values from two weeks to 60 weeks by in-
crements of two. To assure that there would be multiple ob-
servations of each value, we shifted the left hand start date
from January 1st 2010 to January 1st 2011 in one-month in-
tervals. This resulted in 12 estimates of 30 interval-duration
lengths, or 360 total estimates.

Results from this analysis are shown in Figure 7, which
include the trend line as well as 95% confidence intervals.
Once again, our hypothesis regarding the shape of this curve
is mostly confirmed. Migration rates decline and then, at
some point, begin to increase. What is unexpected, however,
is the long trough between 20 and 50 weeks for which the
rates stay relatively constant.

Discussion and future directions
This paper has demonstrated a new use of geo-tagged so-
cial media data for exploring unanswered questions related
to migration theory. These theoretical questions regarding
the relationship between short-term mobility and long-term
migration can only be tested empirically using high-volume
geo-coded data that come most readily from social media
sources. In the analysis above, we have demonstrated that
interval and duration behave in ways consistent with our in-
tuitions and migration theory. Importantly, these hypotheses
could not have been tested with traditional data sources. So-
cial media data offer new opportunities to validate or con-
fute theories using empirical information. Geo-located so-
cial media data suffer from a number of biases and poten-
tial issues that may be platform-specific (Malik et al. 2015;
Hecht and Stephens 2014). Nonetheless, data from social
media allow for first-approximation type of analyses on
which the research community can build. Preliminary find-
ings can potentially lead to the design of new surveys and
new data collection strategies.

The analysis that we presented in this paper is motivated
by the desire to address an important question related to
the theory of migration and mobility. Although the perspec-
tives and approaches that we used mainly come from the
toolbox of demographers and geographers, our work res-
onates well with recent developments in the area of social
media analysis and is likely to provide further momentum to
a growing field that addresses modeling and understanding
human mobility using social media data (Jurdak et al. 2015;
Hess et al. 2015).

Some methods that we used could be refined and the sen-
sitivity of our results to different modeling choices could
be tested. For example, we inferred a user’s home location
based on the modal location of tweets over the course of a
defined period of time, which is arguably the most obvious
choice. However, one could also use other metrics that in-
clude the number of distinct days in a location, the day of the
week, and the time of the day (Hecht and Stephens 2014).



Some reflections

• These data enable us to generate migration histories.

• Example of opportunity to address questions that cannot
be answered with traditional data... but no ‘ground truth’
available

• We are expanding our empirical analysis to include
cellphone data (Senegal), other social media data
(Gowalla) and potentially administrative data (e.g.,
Sweden)
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Regularities across platforms



3. Cultural Assimilation



Key questions

• Can we measure cultural taste by examining online
behavior?

• To what extent are interests/preferences of migrants
similar or different to the ones of people in the origin or
destination countries?

⇒ Develop metrics to evaluate distance in terms of
prevalence of interests between immigrants and other
populations or sub-populations



Cultural Assimilation in Germany



Assimilation in terms of Musical taste in
Facebook in the US



Assimilation in terms of Musical taste in
Facebook in the US

Lighter color = higher assimilation



Back to the outline

1. Measuring stocks

2. Harmonizing flows

3. Evaluating cultural assimilation



Some Reflections and Questions for Dis-
cussion

• Many additional untapped types of data:
Bibliometric data, genealogies, call detail
records, Linkedin, new forms of data collection,
etc.

• How to build a flexible and resilient system?

• Raw data vs. modeling. What is the
perspective of statistical offices?

• What are the incentives and constraints of
statistical offices when working with academics
in this space?





Comments or Questions?
www.demogr.mpg.de

www.demogr.mpg.de

