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Discussion
SE|4;|X;] = Vvar[Ai‘Xi] = Wi\l E[Y?|X;] = Wiy Var[Y;1X;] + E[Y;]X;]2. Neural networks provide flexibility that better capture the relationship between the summarized PCDL

entropy and JAS imputation error for Soybean planted acres. However, entropy information alone is not
sufficient to determine variability of the JAS imputation errors. A key finding from this poster is the potential

Three neural networks are developed and combined in a unified framework for the simultaneous
to simultaneously produce imputation values and model-based SEs before the FSA data are available.

computations of imputed values and their standard errors.

Model 1: Predicts the acreage using semi-parametric weighted averages.

Model 2: Assesses the uncertainty of the absolute value of the relative errors. Disclaimer
. . The findings and conclusions in this poster are those of the authors and should not be construed to represent any official USDA, US Government, or NISS
Model 3: Unifies the results from the models to produce both acreage and variance. determination or policy.
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