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j\ How many people moved from ltaly to
Spain in 2017?

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

= Flows from ltaly to Spain in 2015 (according to Spain):
17,350

= Flows from ltaly to Spain in 2015 (according to ltaly):
5,003

* Flows are difficult to quantify, data are not timely and
multiple sources are needed.



j A gradient of difficulty for different types of

questions

Stocks

Flows

Estimates with
a delay

No disaggregation

Developed countries

Easier

Timely results

Disaggregated by age, sex
and state/province

Developing countries

Harder



7\ This presentation

1. Measuring stocks
2. Harmonizing flows

3. Evaluating cultural assimilation



Overarching framework: Combining Data Sources
to Improve Estimates and Predictions
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1. Measuring stocks of migrants with
online (targeted) advertisement data
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Targeting a demographic group on Facebook

Locations

Age

Gender

Languages

Detalled Targeting

People who live in this location +

United States
@ New York

© Incluge ~
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4 Harmilton, pste

L . y
London,
EHg ,Detroit 7

it MOlEdoT ey eland ol

Pittsburgh,
i Columbus
solis . ~ @ DropPin

nriati,

m Men Women

INCLUDE people who match at least ONE of the following

Behaviors > Expats

Expats (Italy)

Suggestions | Browse

and MUST ALSO match at least ONE of the following x

Demographics > Education > Education Level
College grad
Doctorate degree

Master's degree

Suggestions | Browse

Exclude People or Marrow Further

Expand interests when it may increase link clicks at a lower cost per link elick.

http://www.facebook.com/business

/‘\\ Your audience

/ selection s fairly
l broad

Spacific Broad

Potential Reach: 8,900 people

Estimated Daily Results
Reach
630 - 1,700 (0f 7,500)

Link Clicks
11 -65 (of 210)

The accuracy of estimates is based on factors
like past campaign data, the budget you
entered and market data. Numbers are
provided to give you an idea of performance
for your budget, but are only estimates and
don't guarantee results.

Were these estimates helpful?


http://www.facebook.com/business

j& Targeting a demographic group on Facebook

/\ Your audience
/ selection is fairly
I broad.

Specific Broad

Potential Reach: 8,900 people

Estimated Daily Results
Reach
630 - 1,700 (of 7,500)

Link Clicks
11 - 65 (of 210)

http://www.facebook.com/business


http://www.facebook.com/business

% We can access the data in a programmatic way

Marketing API

What's New
Using the API
Audience Management
Ads Management
Ad Creative, Placement and
Preview
Dynamic Ads
Offer Ads
Bidding & Optimization

Targeting

Targeting Specs

Search and Detailed
Targeting

Audience Network

Partner Categories

Lead Ads
Instagram Ads

Messenger

Ads Insights
Business Manager API
SDKs

Reference

Marketing API Version v2.8 v

Targeting Search

You target Ad sets on a number of criteria. Most are predefined values such as country "Japan" or city
"Tokyo". You can find valid values with Marketing API, Targeting Search:
https://graph. facebook.com/<API_VERSION>/search

See also Targeting Spec.
Geographic Targeting

Search targeting by country, country group, city, state and zip code at type=adgeolocation. You can

specify optional parameters with type=adgeolocation. To find the United States' country code:

Ads API PHP SDK | Ads API Python SDK | cURL

from facebookads.adobjects.targetingsearch import TargetingSearch
params = {

'q': 'un',

'type': 'adgeolocation',

'location_types': ['country'l,

resp = TargetingSearch.search(params=params)
print(resp)




Fraction of foreign born in the ACS
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Fraction of immigrants by country of destination

log(Fraction of immigrants — World Bank)
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Profiles by age and sex



FIGURE 3 Facebook and ACS profiles of stocks of migrants by age and sex
for Mexicans in California and in Texas
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7\ Evaluating patterns in the bias

log(ACS foreign born pop;;) = By + Bilog(Facebook expatsy; )+
+ P21 (Origin 1) + - - - + B301(Origin 29)+
+ G311 (Age group 1) + - - - + B3l (Age group 8)+
+ €;;



j\ Age pattern

Age group (20-24)
Age group (25-29)
Age group (30-34)
Age group (35-39)
Age group (40-44)
Age group (45-49)
Age group (50-54)
Age group (55-59)

—0.483"* (0.032)
—0.291** (0.032)
—0.010 (0.031)
0.094** (0.031)
0.301*** (0.031
0.309*** (0.031
0.460*** (0.031
0.519*** (0.031

N—r . e
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7\ Predictive capacity

* Goal: Predict the total number of foreign born from
country j living in US state j (e.g, what is the stock of
Mexicans in CA, ltalians 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



7\ Predictive capacity (continued)

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

« MAPE with no disaggregation by age-origin = 56%
« MAPE with disaggregation by age-origin = 37%



7\ Predictive capacity (continued)

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

« MAPE with no disaggregation by age-origin = 56%
« MAPE with disaggregation by age-origin = 37%

= |ndication 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



j\ 1. Modeling Facebook Data

Consider e.g. Mexicans in California:

Fraction of migrants
for age x at time t,
from ACS data

\ A

l0git(pet) = Po + P - logit(p 2eePook) 4 X 3

/

Fraction of migrants Indicator variables
for age x at time t for age groups and

from FB data country of origin



j 2. Modeling trends in age schedules from
the ACS

Consider e.g. Mexicans in California:

Column vector of

Average age
fraction of migrants

schedule

by age x at time t \ over time
Error
logit(pet) = Gy + Kby + €44

Estimate via SVD / / \

Time-varying Age deviations from
scalar the average
A tion that q schedule
ssumption that secon 2 2
differences for the time __—» A Ky ~~ N(O, 0',{)
parameter are small ~ linear

trends for short periods of time

Assumption of

2
autoregressive errors > Ewt ~ N(pCUECU,t_l? O-E )




j\ 3. Combined Bayesian Hierarchical Model

2. Model for time

«— series from ACS

if 2001 <t <2016

if 2001 <t < 2016

p,; (estimated proportion), 1if ¢ = 2017

1. Model for
+ XB / Facebook

- 2
logit p. N (phat, 0°)
,u:ct Qy + Ktbx + Ext
A’k N(0,07?)
Ext N(ng:z:,t—l ag)
Variance for nowcasts P U(=1,1)
includes: 022)’
a. Sampling error from ACS O 9 9 9 e,
b. Uncertainty related to Tp + Opias + Ons, 111 = 2017
bias adjustment of FB from ACS.
data Paxt
c. Variability across FB data
collections Dont Pt
* 0) 0 facebook
p_LtJ 60+61 'pz?;e o0

data




Some Results
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proportion

Mexicans in California
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j\ lllustrative example: What if Facebook
values suddenly increased by 10%?

Effect of Facebook data
Mexicans in California, 40—-44 year olds

0.24 -

@ estimate (actual)
@ estimate (high scenario)
@& FB (actual)

FB (high scenario)

proportion

0.20

2005 2010 2015
year

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



j\ 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

Pacillc  Mourrain Wesl Easi

T Worth Central  ysrin contral "\:k/ ":f-’
- :I:'”--" — ; . Atiant) llf.] E:.:.d

e . e & .;:,
sk ﬁ%‘-
1) 7. BR

1" -hl " -

1 i




j\ 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



7\ 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?
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j\ Migration rates as a function of the ‘buffer’
in our sample
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How do estimates of migration change
when the ‘interval’ changes?
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j\ Migration rates as a function of ‘interval’ in
our sample
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7\ Migration rates as a function of both
‘buffer’ and ‘interval’ in our sample
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j\ 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



j\ 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)



j Regularities across platforms

iiiiiiii



3. Cultural Assimilation



7\ 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



j\ Cultural Assimilation in Germany

Table 3. Assimilation score (AS) for different choice of Target in Germany using the
top 50% distinctly German interests of 2,907 interests. Lines 1-5 of the first column
correspond to non-Arab populations. The remaining cells, all with the “A:” prefix,
correspond to Arabic-speaking migrants and sub-groups of this population.

Target AS | Target AS
Austrian Migrants .900 | A: Men .648
French Migrants 803 | A: Women 503
Spanish Migrants .864 | A: Uni. Grad. | .637
Turkish-Sp. Non-Expats 922 | A: Not Uni. |.626
Turkish Speakers 746 | A: <18 .590
A: Arabic-Sp. Migrants 643 | A: 18-24 665
A: Men, Uni. Grad., 1824 |.677 | A: 2544 603
A: Men, Uni. Grad., 25-44 |.620 | A: 4564 504
A: Women, Not Uni., 4564 | .461 | A: >64 .553




j Assimilation in terms of Musical taste In
Facebook in the US

US immigrant assimilation

100 ]
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Figure 2: Median assimilation scores for selected immigrant
groups. Error bars indicate 95% confidence intervals for the
median.



j\ Assimilation in terms of Musical taste In

Facebook in the US

Mexican immigrants vs Anglo, by state
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7\ Back to the outline

1. Measuring stocks
2. Harmonizing flows

3. Evaluating cultural assimilation



j\ Some Reflections and Questions for Dis-
cussion

« Many additional untapped types of data:
Bibliometric data, genealogies, call detalil
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?
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www.demogr.mpg.de

