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Background

It is well-known that both CD4 and viral load in HIV infected
persons are measured with error, both due to
physiological/biological variation and technical constraints.

Missing or unavailable laboratory data (at baseline) is common,
especially in resource limited settings.

While the problem of (ignorable) missing data can nowadays be
handled easily with multiple imputation or IPW, methods
addressing measurement error are often complicated to
implement and restricted to a particular setting or model.

Multiple overimputation, recently suggested in the area of
political sciences (Blackwell et al., 2012), can deal with both
missing data and data measured with error, can be easily
implemented, and is applicable to most analytical questions.
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Multiple Overimputation
(Blackwell et al., 2012)

1 a) multiply impute (say M times) missing values and
b) multiply overimpute (replace) mismeasured values
→ treat mismeasured data as missing but use mismeasured

values as prior information when imputing

[utilize with Amelia II package in R (Honaker et al., 2011)]

2 Conduct any inference (e.g. Cox model, KM estimator, ...) on
each overimputed set of data

3 Combine the M estimates related to the M overimputed sets of
data according to standard MI combining rules
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Measurement error model & imputation model

Classical measurement error model:

observed x∗ij = latent xij + uij, uij|xij ∼ N(0, σ2
uij
)

In our situation, based on a literature review1, we specify:

ln CD4
∗
i = ln CD4i + ui, ui|xi ∼ N(0, 0.262)

log10 VL∗
i = log10 VLi + ui, ui|xi ∼ N(0, 0.2552)

Use Amelia II imputation algorithm2, and add observation level
priors to (multivariate normal) imputation model:

ln CD4i ∼ N(ln CD4
∗
i , 0.262)

log10 VLi ∼ N(log10 VL∗
i , 0.2552)

1For example, Lew et al. (1998) and Hoover et al. (1992) among others
2Honaker et al. (2011)
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Data Analysis

We use IeDEA-SA data of nearly 30,000 patients from 4 South
African cohorts.

We apply multiple overimputation:
imputation of missing baseline CD4 and VL values
overimputation of all measured baseline CD4 and VL values
all covariates (baseline, demographics, outcome) included in
imputation model

We estimate a Cox proportional hazards model to estimate the
effect of baseline CD4 and baseline log viral load on the hazard
of death, adjusted for year of treatment initiation, sex, cohort,
and age.

The effects of CD4 and log viral load are modelled non-linearly
via p-splines.
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Effect of CD4

0 100 200 300 400 500 600

0.
0

0.
5

1.
0

1.
5

2.
0

2.
5

CD4

H
az

ar
d

Complete Case
Multiple Imputation
Multiple Overimputation



Michael Schomaker

Background

Methodology

Results

Conclusions

References

Page 7 of 10

Effect of log viral load
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Simulations
Simulated survival data with measurement error and missing data
(MAR), 2500 repetitions, evaluate parameters of Cox models.

MO removes bias, but sometimes at the expense of a higher variance.
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Conclusions

Multiple overimputation offers a convenient approach to account
for both mismeasured and missing data and can be easily
implemented.

In our analysis, it is likely that standard multiple imputation or
complete case analyses led to attenuated estimates, which could
be corrected by means of multiple overimputation.

Preliminary simulation study show a good performance of
multiple overimputation, but more work needs to be done to
fully understand limitations and implications of the approach.
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