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background



ethnicity recording in the health improvement network

∙ THIN is one of UK’s largest primary care databases
– Contains records 12+ million patients in over 550 practices
– Broadly representative of the UK population
– Offers many opportunities for research

∙ Complete and reliable ethnicity recording is important for
health research

∙ High level of missing ethnicity in primary care
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aims of this project

1. Explore the method of weighted multiple imputation to deal
with missing ethnicity data

2. Introduce a new Stata command to implement weighted
multiple imputation in multivariate missing data settings
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study i - impute missing ethnicity in thin



sample

∙ 7 millions+ individuals in THIN between 2000-2013
∙ Ethnicity information is extracted using Read codes
∙ 5 categories of ethnicity: white, mixed, Asian, black, other
∙ 60% of individuals had missing ethnicity status
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how should missing ethnicity data be handled?

∙ Studies often handle missing ethnicity data by
– Excluding ethnicity in the analysis
– Excluding individuals with missing ethnicity from the analysis
– Imputing missing ethnicity as white

∙ A popular alternative is to use multiple imputation (MI) ...
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how should missing ethnicity data be handled?

... However, MI does not give plausible estimates compared with
the census
−→ Census data can be use to weight MI such that the correct
ethnicity distribution is recovered
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post-stratification (ps) weights

∙ Deals with bias from non-response and under-represented
groups in analysis of survey data

Weightps = 1/(psample/pcensus)

∙ Hypothetical example:

Census Proportion Sample Proportion Weightps
White 0.6 0.8 0.75
Asian 0.2 0.1 2
Black 0.15 0.05 3
Other 0.05 0.05 1

∙ White ethnic group: pweighted = 0.8× 0.75 = 0.6 = pcensus
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weighted mi of ethnicity in thin using ps weights

Table 1: Ethnic proportions in one imputed dataset using PS
weights

Ethnicity (%) Observed Imputed Combined* Census
White 67.1 63.2 65.7 59.8
Mixed 2.9 4.3 3.4 5.0
Asian 11.7 16.6 13.5 18.5
Black 11.7 13.2 12.2 13.3
Other 6.6 2.7 5.2 3.4
Total 100 100 100 100

* Combined data = observed data + imputed data
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adjusted weights for multiple imputation

∙ Proportions required in the imputed data to get to the census
proportions after imputation

Ethnicity Observed Imputed Combined*
White pobs × Nobs preq × Nmis pcensus × Ntotal
...

...
...

...
Total Nobs Nmis Ntotal

* Combined data = observed data + imputed data

preq =
pcensus × Ntotal − pobs × Nobs

Nmis

→ WeightMI = 1/(pobs/preq)
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weighted mi of ethnicity in thin using adjusted weights

Table 2: Ethnic proportions in one imputed dataset using
adjusted weights

Ethnicity Observed Imputed Combined* Census
White 67.1 50.6 61.0 59.8
Mixed 2.9 7.4 4.6 5.0
Asian 11.7 26.6 17.3 18.5
Black 11.7 15.4 13.0 13.3
Other 6.6 0 4.1 3.4
Total 100 100 100 100

* Combined data = observed data + imputed data
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weighted mi of ethnicity in thin using adjusted weights

Figure 1: Ethnic proportions in one imputed dataset using adjusted weights
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weighted multiple imputation in stata

∙ Predictors for imputation: year of birth, sex, deprivation score,
indicator if first registration is between 2006-2013

∙ mi impute mlogit command allows for probability weights
specification:

mi impute mlogit varlist [pweights] [, mi_options …]
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comparison of missing data methods

Figure 2: Ethnic proportions under different missing data methods
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study ii - simulation study



motivation

∙ So far the weighted MI gives plausible estimates of ethnicity
proportions

∙ However, studies often focus on the association between
ethnicity and outcome of interest

∙ How to deal with missing data when ethnicity is an
exposure/covariate?

∙ Aim: evaluate the performance of weighted MI using a
simulation study
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design of simulation study
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model of interest

∙ Motivated by the association between ethnicity and myocardial
infarction

∙ Statistical model: exponential survival model for the association
between ethnicity and time to first diagnosis of myocardial
infarction, adjusted for age and sex
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data generating and mnar mechanisms

1. Data generating mechanism:
– Data are simulated that closely model a sample derived from THIN
– Ethnicity is generated as a 3-category variable: white, Asian, black,

using proportions from the census

2. MNAR mechanism:
– Ethnicity is made MNAR depending on follow-up time, sex and

ethnicity
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results - bias

∙ Define β̄ = 1
K
∑
k
β̂k −→ Estimated bias = β̄ − β
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results - empirical standard errors

∙ Empirical standard error =
√

1
K−1

∑
k
(β̂k − β̄)2

.0009

.001

.0011

.0012

.02

.022

.024

.026

.025

.03

.035

.04

.045

.03

.035

.04

.045

.05

Full 
da

ta

Com
ple

te 
ca

se

Im
pu

te 
as

 whit
e

Reg
ula

r M
I

Weig
hte

d M
I

Full 
da

ta

Com
ple

te 
ca

se

Im
pu

te 
as

 whit
e

Reg
ula

r M
I

Weig
hte

d M
I

Age Female

Asian Black

Empirical SE Emperial SE ± 2MCSE

Em
pi

ric
al

 S
E

23



results - coverage

∙ Coverage = 1
K
∑
k
1(| β̂k − β |< zα/2sk)
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summary of results

1. Complete case analysis leads to biased results and loss in
efficiency

2. Impute missing data as white biases the association between
non-white groups and outcome

3. Regular MI does not correct for bias when ethnicity is MNAR
4. Weighted MI gives closest estimates to true values and

substantial coverages
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weighted mi by chained equations



motivation

∙ Weighted MI only implemented in univariate missing data of
ethnicity so far

∙ Multiple imputation of chained equations (MICE) for
multivariate missing data problems

– To get one set of imputed values, iterate over t = 0, 1, . . . , T and
impute:

Yt+1
1 using Yt2, Y13 , . . . , Ytk

Yt+1
2 using Yt+1

1 , Yt3, . . . , Ytk
...
Yt+1
k using Yt+1

1 , Yt+1
2 , . . . , Yt+1

k−1

∙ mi impute chained only allows specification of global
weights, which are applied to all equations
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weighted multiple imputation by chained equations in stata

∙ Weighted imputation by chained equations - wice
∙ Allows weights specification for one conditional models while
no weights for others:

Yt+1
1 using Yt2, Y13 , . . . , Ytk ←− pw1

Yt+1
2 using Yt+1

1 , Yt3, . . . , Ytk
...
Yt+1
k using Yt+1

1 , Yt+1
2 , . . . , Yt+1

k−1

28



weighted multiple imputation by chained equations in stata

∙ Stata syntax:

wice (method1 impvar1 [pweight1]) . . . (methodK impvarK [pweightK]) :

indvars [, options]

∙ Current features:

1. Univariate imputation methods: regress, logit, ologit,
mlogit

2. Global options: add, cycles, seed, noisily, dryrun

29



conclusions

∙ Ad-hoc methods can lead to biased results and misleading
conclusions

∙ Regular MI fails to produce valid inferences when data are MNAR
∙ Weighted MI is a simple solution and performs better than
regular MI

∙ wice offers flexibility for weighted MI by chained equations
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