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e Opinions of activists: A few thousand interviews ~~ billions of
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Humans are Terrible at Thinking of Keywords

An experiment: We have 10,000 twitter posts, each containing
the word “Boston,” from the time period surrounding the
Boston Marathon bombings. Please list any keywords which
come to mind that will select posts in this set related to the
bombings and will not select posts unrelated to the bombings.
Examples: Tsarnaev, #BostonBombings, horrifying, ...
Median keywords recalled by 43 undergrads: 8

Unique keywords recalled: 149

Keywords 42 of 43 failed to recall: 98 (66%)

~» Humans recognize keywords well, recall them poorly
Thresher: New technology to discover the right keywords
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Most organizations: impose fixed categorizations to tally
complaints, sort reports, retrieve information
Bad Analytics:
e Unassisted Human Categorization: time consuming; huge
efforts trying not to innovate!
e Fully Automated “Cluster Analysis”: Many widely available,
but none work (computers don't know what you want!)
Our alternative: Computer-assisted Categorization
You decide what's important, but with help
Invert effort: you innovate; the computer categorizes
Insights: easier, faster, better
Technology: visualize the space of all possible clusterings
(Lots of technology, but it's behind the scenes)
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e Basically anything said by a 2016 presidential candidate!
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e Prevailing view of scholars, activists, journalists, social media
participants: 50c party argues against those who criticize the
government, its leaders, and their policies

Existing evidence? A few anecdotes; “no ground
truth”; “no successful attempts to quantify” 50c
party activity; even several analyses with made up
dependent variables!

Our evidence: (1) Used a leaked archive of 50c posts
too hard to analyze, (2) developed methods of
automated text analysis to decipher, (3) discovered
patterns and extrapolated to all of China, (4) did a
poll(!) and predicted 50c members acknowledged
their behavior
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Reverse Engineering China’s “50c Party”

. . : EE ' .’ I I’ P
governmentitsteaders—and-thetrpoheies Wrong

e Fabricates 450M social media posts a year!
e Does not argue; does not engage on controversial issues

e Distracts; redirects public attention from criticism and central
issues to cheerleading and positive discussions of valence
issues
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e Qualitative researchers: overwhelmed by information; need
help

e Quantitative researchers: recognize the huge amounts of
information in qualitative analyses, now analyzing as data
unstructured text, video, audio, location, transactions,
conversations, etc.

e Expert-vs-analytics contests: Whenever enough information is
quantified, a right answer exists, and good analytics are
applied: analytics wins

e Moral of the story:

e Fully human is inadequate

e Fully automated fails

e We need computer assisted, human controlled technology
o (Technically correct, & politically much easier)
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How To Take Advantage of Big Analytics

e lts cheap and powerful; don't skimp!
o Off-the-shelf analytics ~~ big advances
e Innovative analytics ~» immensely better than off-the-shelf
e Save it for tast first!
e The goal is “inference”:
using facts you know to learn about facts you don't know
e The uncertainties in inference: not having the facts you need

(most statistics are designed solely to overcome data problems)
e Building analytics during design:

e avoids problems before they occur
® saves a fortune,

® opens many more possibilities

e Build a new discipline of data science
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For more information

GaryKing.org

Perusall.com

Institute for Quantitative Social Science
Harvard University
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