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4. Rationale:

Missing data is a common problem in epidemiologic studies. It is of particular concern in
longitudinal studies because participants who drop out over time are likely different from
those who attend study visits. Analyses of longitudinal data rely on assumptions about the



mechanisms that gave rise to the missing data, and inappropriate assumptions or analyses
may bias estimated parameters, standard errors, or both.

Missingness mechanisms can be classified into three classes using the framework
developed by Little and Rubin'~. In this framework, data are missing completely at
random (MCAR) when the probability of missing a study visit does not depend on either
observed or unobserved data. Data are missing at random (MAR) when the probability of
missing, after conditioning on observed data, does not depend on unobserved data.
Finally, when the probability of missing depends on unobserved data, even after
conditioning on observed data, the data are missing not at random (MNAR). If data are
MCAR, then a complete case analysis will yield unbiased associations between risk
factors and the outcome. However, an MCAR missingness mechanism is extremely
unlikely in practice, and a complete case analyses in the setting of MAR or MNAR may
result in biased estimates if the data are not modeled appropriately.

Multiple imputation is a common method of dealing with missing data that depends on
the assumption that data are MAR; however, use of imputation for the outcome, or
dependent, variable remains limited.’ This is because if there are sparse data for
participants who do not attend study visits (ie there is no between visit follow-up or
surveillance available for participants), then imputing the outcome only adds noise™”.
However ARIC has available a wealth of data on participants who do not attend visits,
data that provide valuable information about cognitive function, namely the score from
the informant’s clinical dementia rating (CDR), hospital and death certificate dementia
codes, and the telephone interview for cognitive status. This information can be used to
impute cognitive scores for persons who do not attend study visits. When this auxiliary
information exists on persons who do not attend visits, then multiple imputation is more
efficient than methods such as inverse probability of attrition weighting, which uses only
information from participants who attend study visits®.

Specific to ARIC and cognitive decline, analyses of the association between risk factors
measured at baseline (visit 2) and cognitive change from baseline are biased if
participants who do not return for follow-up visits have worse cognitive function, and if
the dropout is differential by the risk factors of interest. In this paper we will explore
imputation of missing cognitive scores (global Z) using multiple imputation by chained
equations (MICE), and will provide practical guidance to researchers regarding
validation. We will validate the imputation in both living and deceased participants using
existing and simulated data, and test performance of the MICE under several missingness
assumptions.

We will use diabetes as the exposure of interest for illustrative purposes. While the main
findings between diabetes and 20-year decline have been published’, this research aims to
explore several issues not addressed in the first publication.

First, at the time of our publication on diabetes and cognitive decline, we did not have
CDR data available and used IPAW to account for attrition at visits 4 and 5. In IPAW,
persons who remain in the study can be weighted so they represent the original cohort.



This assumes that there is no group of participants (given exposure and covariates) that
has a zero probability of attending a given visit (positivity assumption). A potential issue
that arises is that only approximately 3% of participants suspected of having dementia
attended visit 5, and those 3% may have less severe disease. As a result, [PAW may
underestimate the true level of cognitive decline.

Second, the imputation of scores for participants who died is debated. In this paper we do
not differentiate between participants who are alive at visit 5 and those who have died at
visit 5, although the date of imputation of these participants will differ. These results can
provide insight into the appropriateness of using MICE in this setting and examples of
validation one may conduct in this setting.

Finally, we will attempt to evaluate the missingness mechanism underlying cognitive
data. It is by definition impossible to determine if data are MNAR because they are
missing based on unobserved characteristics. However, we can attempt to investigate
whether the data may be MNAR by using data collected by ARIC on the number of
attempts made to contact an individual. Here we will examine whether the probability of
the outcome being missing depends on the value of the outcome. Estimation of this
model includes participants with observed and unobserved outcome data and will be fit
using conditional likelihood and a set of estimating equations as described by Alho et al®.

5. Main Study Questions:

We will develop a MICE model for imputing cognitive scores at visits 4 and 5, and
compare results of estimated 20-year decline before and after the imputation. We will run
models similar to those in MSP#2160 to facilitate comparison with [IPAW. The goal will
also be to validate the imputed values, and to investigate MAR and MNAR assumptions.

We hypothesize that:

- Results of estimated 20-year decline using MICE will show large absolute declines
by exposure status and faster rates of decline compared to models not adjust for
attrition.

- MICE will show stronger results than using [IPAW limited to data observed on all
participants if the CDR information differs by exposure and if it differs among
persons who did versus those who did not attend visit 5.

- Including imputations for deceased participants (scores imputed 6 months prior to
death) will show larger declines compared to including imputations for only living
participants.

6. Design and analysis (study design, inclusion/exclusion, outcome and other
variables of interest with specific reference to the time of their collection, summary
of data analysis, and any anticipated methodologic limitations or challenges if
present).

Motivating example




We will look at the association between diabetes measured at visit 2 and 20-year
cognitive decline. We may also include non-traditional markers of glycemia (eg
fructosamine, glycated albumin).

Exposure
Diabetes will be defined based on self-reported physician diagnosis, medication use, or a

HbAlc > 6.5%.

Outcome

Cognitive function was assessed in all participants at visits 2, 4, and 5 using DWRT,
DSST, and WFT. We will create a global measure of cognition by averaging Z scores of
the three tests and dividing by the standard deviation; the resulting average scores will be
standardized to their visit 2 means and standard deviations. Global Z is the outcome we
are imputing.

Models

We will utilize generalized linear models fit using GEE and random effects longitudinal
models as has been previously done”**. Models will be adjusted for age, age squared,
sex, race—field center, education, cigarette smoking status, alcohol consumption, body
mass index, hypertension, history of coronary heart disease, history of stroke, and
apolipoprotein E &4 genotype.

Exclusions

For simplicity, we will only impute the outcome, so we will exclude persons missing the
exposure (diabetes) and covariates used in the model at baseline. In the analyses of
diabetes and 20-year change, only 274 persons were excluded (<2% of the visit 2 sample
size) because they were missing model covariates or diabetes status (exposure). As a
sensitivity analysis, we will rerun models without these exclusions, imputing missing
exposure and covariate data.

MICE
MICE will be fit in Stata 13 using the “mi impute chained” command.

MICE Validation

- Method 1: Qualitative validation. This method will provide face validity for the
imputation. We will examine whether imputed scores, and distribution of imputed
scores, make sense from an “expert knowledge” perspective. For example, we
expect persons who have an ICD-9 code for dementia would have lower imputed
scores than similar persons who do not have such an ICD-9 code.

- Method 2: Quantitative validation. For this method we will use observed scores of
participants who attended visit 5. We will set scores to missing using MCAR and
MAR assumptions and see how well MICE performs. For imputation in persons
who died, we can use scores from the brain and carotid MRI visits (data that are
not used in the imputation) and compare the imputed scores of persons who died
shortly after the two visits to scores observed at the visits. We can also use




information of persons who died shortly after completing visit 5 by removing their
data from the imputation and then comparing observed and imputed values.

- Method 3: Simulation. We will simulate a complete dataset using ARIC data and
MICE. This will allow us to obtain coefficients to use in a simulation model that
are realistic. We will use the estimated coefficients to define an LDA model from
which to simulate the data. We will simulate the data, including errors and random
intercepts and obtain a complete simulated dataset. From this dataset, we can run
models for 20-year change to obtain the “true” relationship between diabetes and
cognitive change. Next, we will simulate missingness patterns to be similar to what
we observe in ARIC. We will then compare the true relationship between diabetes
and cognitive decline versus the relationship estimated before and after utilization
of MICE.

Examining MNAR assumption
We will examine the MNAR assumption using contact attempt information and notation
outlined by White et al**. Let r, be a response indicator for person i on attempt k (

r, =1if person i responded on the k™ attempt, 0 otherwise, and r, =. if no attempt was
made). Let z; be a binary indicator for the risk factor of interest (in this case diabetes),
X, be the vector of covariates, and y,be the global Z score for person . Using this

notation, the probability of response on the k" attempt can be written as:

P =1|nt .z, X, y,)=a, + bz, +gX, +ay,

The coefficient of interest, the informative missing parameter, is @. This model uses
information from participants with and without observed outcome data and is fit using a
conditional likelihood and a set of estimating equations®. We can formally test whether
d=0, which would correspond to data that are MAR. A significant @(or large
coefficient) means that the probability of missing the outcome depends on the outcome,
and indicates that the data may be MNAR.
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