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e easy to come by; often a free byproduct of IT improvements
e becoming commoditized

e lIgnore it & every institution will have more every year

e With a bit of effort: huge data production increases

o Where the Value is: the Analytics

Output can be highly customized

Moore's Law (doubling speed/power every 18 months)

v. One good data scientist (1000x speed increase in 1 day)
$2M computer v. 2 hours of algorithm design

Low cost; little infrastructure; mostly human capital needed
Innovative analytics: enormously better than off-the-shelf
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e First evaluation of SSA forecasts in 85 years:
e Methods: little changed; mostly qualitative; a time when we've
learned more about forecasting than at any time in history
e Results: unbiased until 2000; systematically biased after
e Actuaries hunkered down, insulated themselves, refused to
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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 New Insight: partisan taunting

e Joe Wilson during Obama’s State of the Union: “You lie!”
e "“Senator Lautenberg Blasts Republicans as ‘Chicken Hawks' "
e Basically anything said by a 2016 presidential candidate!

e How common is it? 27% of all Senatorial press releases!
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engagement (better than instructors can do on their own)
e Novel data analytics: keep students on track, with automated
personal guidance, nudges, nonadversarial grading
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confusion reports
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e Chinese leaders:
e measure criticism: to judge local officials
® censor: to stop events with collective action potential
e Thus, we can use criticism & censorship to predict:
o Officials in trouble, likely to be replaced
e Dissident arrests; new peace treaties; emerging scandals
e Disagreements between central and local leaders 12/16
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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

Evidence? A few anecdotes; “no ground truth”; “no
successful attempts to quantify” 50c party activity;
even several analyses with made up dependent
variables!
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.. : .
I 3’.g g, . icies Wrong
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, starting to analyze
unstructured text, video, audio as data

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:

Fully human is inadequate

Fully automated fails

We need computer assisted, human controlled technology
(Technically correct, & politically much easier)
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