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Online services

• Twitter, LinkedIn, Facebook, Instagram, TikTok, …

• Content, but also metadata

• (Used to?) provide some data access

→ currently in flux
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Pros and Cons

• Facebook Data

→ large community, representative across income distribution

→ not accessible to users, not representative across age groups

• Twitter data

→ less large community, less representative across income distribution
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FACEBOOK DATA
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In a nutshell

• Strength of connectedness between two geographic areas as represented by
Facebook friendship ties

• Access data thanks to Micheal Bailey (Facebook)

• Validate their Social Connectedness Index (SCI):
• SCI and geographic distance
• concentration of social network and socio‐economic charcteristics
• social connectedness and bilateral economic ties (trade, innovation)
• social connectedness and bilateral social activity (migration)

• SCI is openly available (upon request)
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Social Conncectedness Index

1. Assign people to geographic areas
2. Calculate connectedness

SCIij =
nij

ni × nj
(1)

where nij are the number of users in country i that are friends with j (friendship is
symmetric in FB!), ni FB users in i and nj users in j

3. Drop small counts and add noise: remove all locations with a low number of
observations and add random noise to the number of friendships between each set
of locations to ensure no one can be re‐identified.

4. Final sampling: The final SCI is the average scale of friendship ties across 10 random
draws from 99% of active Facebook users to further protect privacy.
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Food for thought

• What could one do with SCI data?

• You can access the data at the link
https://data.humdata.org/dataset/social‐connectedness‐index
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TWITTER DATA



• Twitter Streaming API: 1 % random sample of all tweets

→ filters: keyword, geolocation

→ between 40 and 60 per second

• 42 variables: text, username, user_lang, lang, followers, timezone, latitude,
longitude, place, source,...

23



• Twitter Streaming API: 1 % random sample of all tweets

→ filters: keyword, geolocation

→ between 40 and 60 per second

• 42 variables: text, username, user_lang, lang, followers, timezone, latitude,
longitude, place, source,...

23



• Twitter Streaming API: 1 % random sample of all tweets

→ filters: keyword, geolocation

→ between 40 and 60 per second

• 42 variables: text, username, user_lang, lang, followers, timezone, latitude,
longitude, place, source,...

23



• Twitter Streaming API: 1 % random sample of all tweets

→ filters: keyword, geolocation

→ between 40 and 60 per second

• 42 variables: text, username, user_lang, lang, followers, timezone, latitude,
longitude, place, source,...

23



24



25



26



27



28



Twitter data in research

• Obvious: Text‐mining

→ Brexit, Trump election,.. Gorodnichenko et al. (2018), De Lyon et al. (2018),
Halberstam and Knight (2016)

• Not so obvious: Metadata

→ Language distribution

→ Migration
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Hinz and Leromain (2018): Languages and trade

• Spatial distribution of languages in Europe

• Geolocation from “coordinates”, and “user_lang” or “lang”

→ large heterogeneity across and within countries

• Coordinates provided either by the user’s device’s GPS coordinates, or a
self‐assigned location

→ Barratt, J. Cheshire, and E. Manley (2013) use similar data for NY boroughs
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Bots and human users

• Bots: an issue, Chu et al. (2012) suggest only taking those sent from smart phones
and official app

• 6.6 million unique human Twitter users

• 481,720 unique human Twitter users in Europe

• 73 different languages

• 25 % tweet in more than 1 language, in Germany 31 %

• 958,071 unique language‐user observations
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Twitter and UK Census Population
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Twitter and UK Census Main Language

Language use on Twitter and UK census, correlation = 0.49. 39



Twitter and Eurobarometer
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Hausmann, Hinz and Yildirim (2018): Venezuelan emigration

• Economic crisis in Venezuela: Large (?) number of refugees
→ lack of official numbers

• Dataset of geolocalized Tweets of people that tweeted from Venezuela between
February 2017 and May 2018
→ 5.4 million tweets
→ 490.000 tweets from 30.000 human Twitter users

• Idea: What location(s) do they tweet from over time?
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Distribution of countries

Distribution of countries of last recorded locations of users outside Venezuela 45



Migration and social media

• Hawelka (2014): global mobility patterns, tourism flows

• Jurdak (2015) city‐to‐city travel in Australia

• Morstatter (2013): random sample creates an accurate picture of the entire
population of geolocated Tweets

• Question: How representative are geolocalized tweets?
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Population and Tweets

“Gridded Population of the World” and number of Tweets by location 47



Population and Users

“Gridded Population of the World” and number of Twitter users by location 48



Representativeness of Twitter users in Venezuela

• “Digital in 2017 Global Overview report”: 44% of Venezuelans social media, 35%
from mobile device

• “ Tendencias Digitales”: 56% of internet users in Venezuela use Twitter or
comparable social media services

• Twitter: penetration in Venezuela 26 %
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Tweets per users

Number of tweets per user in the dataset 50



Days per users

Number of days a user is observed in the dataset 51



How to make use not to capture tourists?

• narrow sample to users who
→ tweeted from Venezuela exclusively between Feb and May ’17 (Period 1)
→ tweeted from a country exclusively between Feb and May ’18 (Period 2)

• Everyone who is not in Venezuela in period 2: migrant

• reduces sample to 818 (!)
→ Problem: Large heterogeneity in tweet frequency
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Accounting for heterogeneity of Tweet frequency

• Need weight to correct for sampling bias

• Suppose probability of individual i tweeting exactly x tweets in three‐month period
given by

pi,x = Pr{twi = x}

• twi random variable denoting tweets i
→ assume this probability distribution constant across periods
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Accounting for heterogeneity of Tweet frequency

• Twitter provides s = 0.01 of all tweets, independent of user
→ q = (1− s) = 99% of Tweets not reported

• Denote U1 (U2) set all users observed at least once in period 1 (2)
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Accounting for heterogeneity of Tweet frequency

• Probability of observing an individual who tweeted xi times in period 1

Pr{i ∈ U1|tw1
i = x} = 1− qx.

• Probability of observing same individual who tweeted yi times in period 2

Pr{i ∈ U2|tw2
i = y} = 1− qy.
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Accounting for heterogeneity of Tweet frequency

• Assuming independence between the two sample, probability to be observed in
both periods

Pr{i ∈ U1 and i ∈ U2} =

∞∑
x=0

∞∑
y=0

Pr{i ∈ U1|tw1
i = x}Pr{tw1

i = x}×

Pr{i ∈ U2|tw2
i = y}Pr{tw2

i = y}

=

∞∑
x=0

pi,x(1− qx)

∞∑
y=0

pi,y(1− qy)

= (1− Ei[q
x])2 = (1−Gi(q))

2

• Gi(q) probability generating function
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Accounting for heterogeneity of Tweet frequency

• Model the individuals’ tweeting behavior as a Poisson process

• Assume each individual has Poisson tweet rate in a three month period λi

• With Poisson distribution, rewrite the probability generating function as

Gi(q) = e−λi(1−q) = e−λis.
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Accounting for heterogeneity of Tweet frequency

• Hence probability of being observed in both periods

Pr{i ∈ U0 and i ∈ U1} = (1− e−λis)2 (2)

with s = 0.01 in our case.
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Net outflow over time

(1) (2) (3) (4) (5) (6) (7)
Venezuela Colombia Argentina Brazil Germany Venezuela Colombia

Emigration unweighted 6,76% 7,78% 7,62% 3,88% 11,59% 6,99% 6,06%
weighted 9,59% 7,84% 7,92% 3,97% 13,18% 7,98% 6,10%

Immigration unweighted 2,01% 5,21% 10,48% 3,59% 11,27% 1,77% 5,21%
weighted 2,22% 5,48% 10,70% 3,67% 12,41% 1,70% 5,37%

Difference unweighted ‐4,75% ‐2,57% 2,86% ‐0,29% ‐0,32% ‐5,22% ‐0,85%
weighted ‐7,37% ‐2,36% 2,78% ‐0,30% ‐0,77% ‐6,28% ‐0,73%

Annualized weighted perc. ‐9,7% ‐3,1% 3,7% ‐0,4% ‐1% ‐12,1% ‐1,4%

Period 1 02–04/17 02–04/17 02–04/17 02–04/17 02–04/17 12/16–04/17 12/16–04/17
Period 2 02–04/18 02–04/18 02–04/18 02–04/18 02–04/18 12/17–04/18 12/17–04/18

Source: Authors’ calculations.

Computed emigration and immigration numbers
60



Distribution of countries

Distribution of countries of users between February and April ’18 61



Conclusion

• Social media data allows researchers to observe people, revealed preferences

• Design of exercise important: Endogeneity, sampling, …
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