On Inferences from Completed Data

Jamie Haddock
February 14, 2019

Computational and Applied Mathematics, UCLA

joint with 2019 UCLA REU group
(D. Molitor, D. Needell, S. Sambandam, J. Song, S. Sun)



MyLymeData is a large collection of Lyme disease patient survey data
collected by LymeDisease.org (~12,000 patients, 100s of questions)

D)



MyLymeData is a large collection of Lyme disease patient survey data
collected by LymeDisease.org (~12,000 patients, 100s of questions)

e data is highly incomplete due to branching structure of surveys and
missing responses

D)



MyLymeData is a large collection of Lyme disease patient survey data
collected by LymeDisease.org (~12,000 patients, 100s of questions)

e data is highly incomplete due to branching structure of surveys and
missing responses

e research questions of interest do not require individual entries

€ 75



MyLymeData is a large collection of Lyme disease patient survey data
collected by LymeDisease.org (~12,000 patients, 100s of questions)

e data is highly incomplete due to branching structure of surveys and
missing responses

e research questions of interest do not require individual entries

Question: Can we perform statistical inferences on imputed data?
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Sampling and Imputation Techniques

Uniform Sampling: Sample each entry with uniform probability p.

Structured Sampling: Sample zero and nonzero entries with py and p;.

Nuclear Norm Minimization (NNM):

min X,

s.t. Xjj = M for all (i,j) € Q
/1-Regularized Nuclear Norm Minimization (¢;-NNM):

min || X« + «| Xqcll1
s.t. Xjj = M for all (i,j) € Q



Simple Inferences

Entrywise Mean
A(M): mean of the entries of M

e Entrywise mean error:

Ex = [A(M) — X(M)|.
x = AW (M) > original matrix, M

Row Mean > recovered matrix, M

u(M): average row of M
e Normalized row mean error:

[l = (M)
S V()| P
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> matrix recovery error and inference errors averaged over 10 trials
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MyLyme Data
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MyLyme Data
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MyLyme Data
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Preliminary Error Bounds

Inference Error Bound

_ N _1 A
Entrywise Mean | |[A(M) — A(M)| < (mn) 9||M — M||,

1
A a—1\ g
Row Mean | [|u(M) = (Mg < (2°) 7 [M — Ml

> M e R™*"

> recovered matrix, M
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Entrywise Mean Simulation

Upper Bound on Entrywise Mean Recovery Error for Synthetic Data
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Row Mean Simulation

Upper Bound on Row Mean Recovery Error for Synthetic Data
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Conclusions and Future Directions

e inference errors can be smaller than the associated matrix recovery
errors
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Conclusions and Future Directions

e inference errors can be smaller than the associated matrix recovery
errors

e structured sampling and /1-NNM often results in better matrix and
inference recovery than uniform sampling and NNM

e develop exact recovery guarantees for /;-NNM on matrices with
observed entries selected via structured sampling
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