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

• Moral of the story:
• Fully human is inadequate
• Fully automated fails
• We need computer assisted, human controlled technology
• (Technically correct, & politically much easier)
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2. Worldwide cause-of-death estimates for
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benefits longer than expected, the Trust Fund runs out

• SSA data: little change other than updates for 75 years

• SSA analytics:
• Few statistical improvements for 75 years
• Ignores risk factors (smoking, obesity)
• Mostly informal (subject to error & political influence)
• Forecasts: All systematically biased since 2000

• New customized analytics we developed:
• Logical consistency (e.g., older people have higher mortality)
• More accurate forecasts
•  Trust fund needs ≈ $800 billion more than SSA thought
• Other applications to insurance industry, public health, etc.
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Following Conversations that Hide in Plain Sight

Example Substitution 1: Homograph

自由 “Freedom”
目田 “Eye field” (nonsensical)

Example Substitution 2: Homophone (sound like “hexie”)

和谐 “Harmonious [Society]” (official slogan)

河蟹 “River crab” (irrelevant)

They can’t follow the conversation; Our methods can!

The same task: (1) Government and industry analyst’s job, (2)
language drift (#BostonBombings  #BostonStrong), (3) Child
pornographers, (4) Look-alike modeling,(5) Starting point for
sophisticated automated text analysis
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• Most firms: impose fixed categorizations to tally customer
complaints, sort reports, retrieve information

• Bad Analytics:
• Unassisted Human Categorization: time consuming; huge

efforts trying not to innovate!
• 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
• (Lots of technology, but it’s behind the scenes)
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How did we come to study Chinese Censorship?

• We were working on methods of automated text analysis

• How to stress test the methods? Do they work in Chinese?

• We had the content of millions of censored Chinese posts!
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Chinese Censorship

• The largest selective suppression of human expression in
history

• implemented manually (within a few hours of posting),
• by ≈ 200, 000 workers,
• located in government and inside social media firms

• A huge censorship organization:
• (obviously) designed to suppress information
• (paradoxically) very revealing about the goals, intentions, and

actions of the Chinese leadership
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• What Could be the Goal?

1. Stop criticism of the state Wrong

2. Stop collective action Right

• Implications: Social Media is Actionable!
• Chinese leaders:

• measure criticism: to judge local officials

• censor: to stop events with collective action potential

• Thus, we can use criticism & censorship to predict:
• Officials in trouble, likely to be replaced

• Policies that generate dissent

• Dissidents to be arrested; peace treaties to sign; emerging

scandals

• Disagreements between central and local leaders
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Censoring Collective Action: Ai Weiwei’s Arrest
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Censoring Collective Action: Riots in Zencheng
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Censoring Collective Action: Environmental Lottery Rally
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Low Censorship on Policy: One Child
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Low Censorship on News: Power Prices
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For more information

GaryKing.org

23/23


