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Background Methods Simulation Results
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Application to HHP /HAAS Data

where v is a known function. N é(Tz|Zz) o G(TZ|ZZ)

e Construct EIC-based estimators that enjoy and
model double-robustness and rate double
robustness.

We consider the data collected between 1965 and 2012 from Honolulu Heart Program (HHP) and Honolulu
Asia Aging Study (HAAS). Age is the time scale of interest. The data set contains 2318 Japanese men that
were alive at the start of HAAS, so age at death (late-life mortality) is left truncated. The covariates include
education, apolipoprotein E genotype, mid-life acohol and cigarettes consumption, systolic blood pressure,
ventricular rate, and grip strength. Since age at the start of HAAS can be predicted by education, alcohol
consumption, Systohc blood pressure, ventricular rate and grip strength, which are also risk tactors of mortahty,
left truncation is nonrandom for this data set. The first stage estimators [ and G are obtained using Cox
models with all covariates included.

e Apply our estimator to analyze a data set
related to Alzheimer’s disease research.

Notation

Double Robustness

Table: Estimates using difference methods from the HHP /HAAS data.
e (), T" left truncation time and event time.
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e The double robustness of our estimator can be easily extended to estimating the average treatment effect with
non-randomly truncated time-to-event data in randomized trials.

e The extension to the case with censoring is nontrivial and is an interesting future direction.



