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Variable Missing (%) Missing (n)

Gender 0.09% 4,154

Ethnicity 0.03% 1,299

Age 0.17% 7,650

Data was obtained from a synthetic dataset based on 
census data, representing approximate IIS data 
distributions (N=4,472,365)
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Results

Through MICE and Miceforest, we obtained an additional 12,557 observations 
compared to the complete case analysis.
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Flu coverage went from 49% to 24%

Computational time:
MICE = 8 hours
Miceforest = 10 minutes
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Variable Method G-Statistic P-value Degrees of 
Freedom

Between-
Imputation 

Variance

Gender STATA MICE 8715.905 <0.001 - 16.6847

Miceforest 8705.9659 <0.001 2 -

Ethnicity STATA MICE 7990.888 <0.001 - 4.1832

Miceforest 7994.5242 <0.001 1 -

Age STATA MICE 139311.949 <0.001 - 9588.596

Miceforest 142814.1625 <0.001 5 -
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Discussion

Imputation method alters initial findings.
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Ethnicity, gender, and age disparities in flu vaccination were consistently significant 
across all methods (p-value < 0.001). 

MICE and Miceforest performed similarly across all imputed variables (G-statistic). 



MICE (STATA 17): 8 hours, high CPU usage

Miceforest (Cloud): < 10 minutes, scalable
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Implications
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Imputation inflated dataset by 
0.28%, reducing estimated flu 
coverage from 49% to 24%.

Stratified rates declined across all 
groups post-imputation, revealing 
potential hidden disparities.

Cloud-based tools offer speed and 
scalability for large datasets. 
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