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

e Ignore it & every institution will have more every year

e With a bit of effort: huge data production increases

e 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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The same task: (1) Long tail search, (2) Government and industry
analyst's job, (3) language drift (#BostonBombings ~~
#BostonStrong), (4) Child pornographers, (5) Look-alike
modeling, (6) Starting point for other automated text methods,
(7) Infinitely improvable classification, eDiscovery, etc., etc.
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Insights: easier, faster, better
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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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A new type of (award-winning, patent pending) collaborative
e-reader, using novel data analytics, and cutting-edge
behavioral research

>90% of students do the reading

Solitary reading assignments ~~ engaging collective activities
Intrinsic motivation: collaborative annotation in threads
Extrinsic motivation: automated grading of annotations &
engagement (better than instructors can do on their own)
Novel data analytics: keep students on track, with automated
personal guidance, nudges, nonadversarial grading
Instructors save time, stay engaged: automated student
confusion reports

Want to try it here? see Perusall.com
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e Implications: Social Media is Actionable!

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:
e Officials in trouble, likely to be replaced
e Dissident arrests; new peace treaties; emerging scandals
e Disagreements between central and local leaders
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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!

10/13



Reverse Engineering China’s 50c Party

. P " : ‘ lars—activists—| ists—soc .
. &g . I I
eriticize-the-government—ttsleaders,—and-theirpolieies Wrong

10/13



Reverse Engineering China’s 50c Party

. . 5g . I I
~ , . icies Wrong

e Does not argue; does not engage on controversial issues

10/13



Reverse Engineering China’s 50c Party

.. : .
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 avoids problems before they occur
® saves a fortune,

® opens many more possibilities

e Build a new discipline of data science
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