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@ The march of quantification: through academia, professions,
government, & commerce (SuperCrunchers, The Numerati,
MoneyBall)
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@ You provide: example documents for each category
o Results: Highly accurate category proportions over time
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e Opinion not sampled randomly; but no pop quizzes about unknown
subjects

o Measures the ongoing conversation: the classical notion of “activated
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@ Potential academic applications: very widespread
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newspapers, scholarly literature

Commercial activity: credit cards, sales data, and real estate
transactions, product RFIDs

Geographic location: cell phones, Fastlane or EZPass transponders,
garage cameras

Health information: digital medical records, hospital admittances,
google/MS health, and accelerometers and other devices being
included in cell phones

Biological sciences: effectively becoming social sciences as genomics,
proteomics, metabolomics, and brain imaging produce huge numbers
of person-level variables.

Satellite imagery: increasing in scope, resolution, and availability.
Electoral activity: ballot images, precinct-level results, individual-level
registration, primary participation, and campaign contributions
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Some More New Data Examples

© Social media: facebook, twitter, social bookmarking, blog comments,
product reviews, virtual worlds, game behavior, crowd sourcing

© Web surfing artifacts: clicks, searches, and advertising clickthroughs.
(Google collects 1 petabyte/72 minutes on human behavior!)

@ Multiplayer web games and virtual worlds: Billions of highly
controlled experiments on human behavior

@ Government bureaucracies: moving from paper to electronic data
bases, increasing availability

@ Governmental policies: requiring more data collection, such e.g., “No
Child Left Behind Act”; allowing randomized policy experiments;
Obama pushing data distribution

@ Scholarly data: the replication movement in academia, led in part by
political science, is massively increasing data sharing
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Enormous Emerging Opportunities for Social Scientists

@ For the first time: technologies, policies, data, and methods are
making it feasible to attack some of the most vexing problems that
afflict human society

@ A massive change from studying problems to understanding and
solving problems
@ And then there's you & me:
o In legislatures, courts, academic departments, ..., change comes from
replacement not conversion
o Will we wait to be replaced? or put in the effort to convert and learn
how to use the new information?
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For more information

http://GKing.Harvard.edu
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