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« Bias correct simulated params:
{édp, &dzp} = BiasCorrect [édp, &dp]

. Standard error: Standard deviation of 09 over simulations
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The Algorithm in Practice

Generic: almost any statistical method or quantity of interest
Statistically unbiased, lower variance
Valid uncertainty estimates
Computationally efficient
Solves political problems technologically
Implementations in progress:
« Facebook, Microsoft+Harvard/IQSS, OpenDP
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For more information

Georgina-Evans.com

GaryKing.org

MegSchwenzfeier.com

bit.ly/AbhradeepThakurta

Paper, software, slides, video: GaryKing.org/dp
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