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e Data:

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

Ignore it & every institution will have more every year

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. Our Students (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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In each: without new analytics, the new data are useless
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generation out of poverty; extremely popular

Solvency: depends on mortality forecasts: If retirees receive
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

Ignore risk factors (smoking, obesity)

Mostly informal (subject to error & political influence)
Forecasts: inaccurate, inconsistent, overly optimistic

New customized analytics we developed:

Logical consistency (e.g., older people have higher mortality)
More accurate forecasts

~ Trust fund needs ~ $1 trillion more than SSA thought
Other applications to insurance industry, public health, etc.
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e Writing Technology: Big changes
e Then: Quill tip pen & expensive paper
° Microsoft Word, Google docs, etc
¢ Reading Technology: Little change (ripe for disruption)
e Then: 50, 100, 300 years ago: Get book; read cover to cover

How often do you read a book cover-to-cover for work?

We collect 100s of documents, read a few, delude ourselves
into thinking we understand them all

e Goal: understanding from unstructured data (hardest part of
big data)

More data isn't helpful! Novel analytics needed.
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Bad Analytics:
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[ ]
[ ]

Insights: easier, faster, better
(Lots of technology, but it's behind the scenes)
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