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Motivation

How does one properly compute community-level
lexical features?
• Documents can contain both location and user
information

• Users produce text at various locations in time
and space

• Communities can be considered a collection of
words, documents or people

Data and Prediction Task

Twitter Data: a 10% Twitter sample from 2009-
2015, over 30 billion tweets [1]

•Tweets are mapped to U.S. Counties (1.5
billion) [2]

•Users with less than 30 tweets are removed (over 5
million users in final data set)

•Counties with less than 100 users are removed
(2041 U.S. Counties meet this threshold)

Community Level Data:

• Income and Education Median household income
and percentage of people with a Bachelor’s degree.

• Life Satisfaction Average response to the question
“In general, how satisfied are you with in your
life?” [3]

• Mortality Age-adjusted heart disease

Prediction Task:

•Ten fold cross validation
•Ridge regression
•Randomized PCA for feature selection
•Feature sets: unigrams, topics and unigrams +
topics

Contact Information

•http://wwbp.org
• github.com/wwbp/county_tweet_lexical_bank
• sgiorgi@seas.upenn.edu,has@cs.stonybrook.edu

Data Aggregation Methods and
Main Result

• Tweet to County
feati,j = number of tweets containing feature i

number of users in county j

• County
feati,j = number of times feature i was used

number of features used by county j

• User to County
feati,j = 1

Nj

∑
k∈Uj

num. of times user k used feature i

number of features used by user k

where Uj is the set of users in county j and Nj is
the total number of Twitter users in county j.
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Figure: Predictive accuracy of unigrams + topics for 10%
Twitter sample.

Changes In Data Size
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Figure: (a) Predictive accuracy of three aggregation methods
without removing data. “All” methods do not throw away users
with less than 30 tweets. “All” methods use approximately 1.6
billion tweets, “User to County” uses 1.3 billion., (b) Predictive
accuracy using a 1% sample of random Twitter data.

Super Users

Max
Tweets Income Educat. Life

Satis.
Heart
Disease

Num. Users
Removed

Co
un

ty
(a
ll)

50 .73 .84 .34 .68 4,665,114
500 .81 .87 .44 .75 611,661
1000 .81 .87 .41 .75 217,517

No Max .73 .82 .31 .72 -

U
se
rt

o
Co

un
ty

50 .68 .80 .34 .64 4,665,114
500 .80 .87 .47 .76 611,661
1000 .81 .87 .47 .76 217,517

No Max .81 .87 .48 .76 -
Table: Prediction results (Pearson r) using topics + unigrams.
Users with more than “Max Tweets" number of tweets are
removed from the sample.
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