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Results

[- Replace missing values with multiple ]

plausible values

Step 2 - Analysis

 Analyze each imputed dataset separately
using statistical methods applicable to
the complete data

e Combine results using statistical methods
applicable to the complete data,
reflecting both between — and within-

imputation variability in estimated

\\quantities /

Analysis  Linear mixed-effects model
model

Outcome Growth measure (waves 2-6)
e Height-for-age z-score (HAZ)
Analysis  HIV status, Neighborhood, Time-

variables point, Interaction between time-
point & neighborhood

Auxiliary Edinburgh Postnatal Depression

variables Score, Any alcohol use,
Married/lived with partner, Income
above 2000 RAND, Food insecurity,
Any violence, Maternal age*,
Education*, Formal housing*™

*No missing data

mutation model failure \

* Inclusive strategy did not converge

— Collinearity among predictors
Strategies for handling lack of convergence

initially

Collapse HIV status

Exclude “marital status” at wave 3
Use augmentation when using MICE
After modification, inclusion strategy
converged

* Inclusive strategy - slightly higher point
\\estimates/SE & wider Cl /
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* Interpretation: Findings robust to choice of
Imputation strategy

Future work

e Extension to covariates with missing data

e Comparison of the results with the
Longitudinal Factor Imputation Method, a
recently developed multi-level MI technique

- Linear mixed model for longitudinal
associations

— Factor-analysis strategy for cross-sectional
associations to keep the number of model
parameters manageable
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Presentation Notes
Those with complete data may differ from those with incomplete data (responders may differ from non-responders)
Bias
For example it is often those with poorer outcomes who don’t come back
Missing data reduces sample size
In particular, missing covariate data may greatly reduce sample size
Loss of precision
– particularly if lots of variables in an analysis e.g. a multivariable model, each variable may only be missing in a few participants but if we restrict the analysis to only participants with data on all variables in the analysis it can mean loosing large numbers of participants.
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