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Description of Data

The data for our application is taken from the first two sweeps of the Millennium Cohort
Study, and we model the subset of main respondents (usually the cohort member’s
mother) who are single in sweep 1, in paid work and not self-employed. Analysis is
complicated by missing covariates and missing responses, and the missing responses are
thought to be generated by an informative missingness mechanism. As a simplification
we model only the sweep 2 missingness. Using this example, we demonstrate a strategy
using Bayesian methods that provides a flexible way of carrying out a ‘statistically
principled’ investigation of such data.

QUESTION OF INTEREST: does change in partnership status affect income?

1. Select a Model of Interest (MoI) based on complete cases
Our proposed model takes account of the design of the survey and the hierarchical
structure of the data.
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2. Add a Covariate Model of Missingness (CMoM)
The MoI will not run with missing covariates, so we must add a CMoM to incorporate
incomplete cases. Missing sweep 2 values for age, edu and sing are jointly imputed
using latent variables for categorical edu and binary sing. Missing sweep 2 values for
reg are set to their sweep 1 values. We compare the pattern of the imputed values
with observed values to check the model is reasonable.

3. Add a Response Model of Missingness (RMoM)
This sub-model allows informative missingness in the response, by modelling mi, a
binary missing value indicator for yi2, s.t.

mi =

{
1: yi2 observed
0: yi2 missing

mi ∼ Bernoulli(pi)

eth (ethnic group)
sc (social class)
ctry (country)
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δ1 × changei : changei < 0
δ2 × changei : changei ≥ 0

Table 1: Proportional change in pay
associated with gaining a partner

posterior mean 95% interval

MoI 0.93 (0.87,1.00)

BASE 0.90 (0.82,0.98)

AS1 0.92 (0.87,0.98)

AS2 0.88 (0.79,0.99)

AS3 0.90 (0.82,0.99)

AS4 0.85 (0.78,0.93)

4. Assumption Sensitivity
Table 1 compares the proportional change in pay asso-
ciated with gaining a partner between sweeps (eβsing)
given by the model of interest (MoI), base model
(BASE) and four assumption sensitivities (AS1-AS4).

BASE provides some evidence that gaining a partner
between sweeps is associated with lower pay. AS4 (lin-
ear functional form of RMoM) provides stronger evi-
dence that gaining a partner is associated with lower
pay. Our conclusions regarding our question of inter-
est show some sensitivity to our model assumptions.

5. Parameter Sensitivity
The values of δ1 and δ2 control the degree of departure
from MAR missingness. So for the parameter sensitivity,
a series of models is run with δ fixed to different values.

Sensitivity of the proportional change in pay associated
with gaining a partner between sweeps to the different
assumptions can be displayed graphically, and two possi-
bilities are shown (Figures 1 and 2).

If all the PS variants are plausible, then we cannot even
be sure about the direction of the effect of change in part-
nership status on income, as the models suggest a range
of conclusions from strong evidence of a positive effect to
strong evidence of a negative effect.

Figure 1: Posterior mean of proportional
change in pay associated with gaining a

partner between sweeps
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Figure 2: Proportional change in pay associated with gaining a partner between sweeps
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6. Assess fit of hold-out sample
Some sweep 2 data was collected from 7 individuals who were originally non-contacts or refusals
in sweep 2, after they were re-issued by the fieldwork agency. We set these data to missing before
fitting our models, so they can now be used for model checking.

We calculate the mean square error (MSE) of the fit of hourly pay for these 7 individuals, for
use as a summary measure of the performance of our models. For the assumption sensitivities,
Table 2 suggests that the models with the linear functional form for the RMoM (AS4) and with
the cube root transform (AS1) fit the 7 re-issued individuals best. Regarding the parameter
sensitivity, from Figure 3 this measure provides greatest support for the models in the upper
right quadrant.

CONCLUSION: there is weak evidence that gaining a partner is associated with lower pay.

Figure 3: MSE of imputed hourly pay
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Table 2: MSE of imputed hourly pay for 7
re-issued individuals

MSE for re-issues

median 95% interval

BASE 18.7 (3.1,367.0)

AS1 8.0 (1.9,73.6)

AS2 16.8 (3.2,108.8)

AS3 14.2 (2.8,295.3)

AS4 8.8 (2.9,21.7)
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