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Figure A.3: Binned residual plots for the categorical variables with missing

rates above 1%.
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Figure A.4: Binned residual plots for the categorical variables with missing

rates above 1%.
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Figure A.5: Binned residual plots for the categorical variables with missing

rates above 1%.



A.2. BINNED RESIDUAL PLOTS FOR CATEGORICAL VARIABLES137

−12 −8 −6 −4 −2 0

−0
.1

5
0.

00
0.

10

o79f

Expected Values

Av
er

ag
e 

re
si

du
al

−5 −3 −1 0 1
−0

.1
5

0.
00

0.
15

o79g

Expected Values

Av
er

ag
e 

re
si

du
al

−2 0 2 4 6

−0
.1

0
0.

00

o79h

Expected Values

Av
er

ag
e 

re
si

du
al

−3 −2 −1 0 1

−0
.1

0
0.

00
0.

10

o84a(category2)

Expected Values

Av
er

ag
e 

re
si

du
al

−1.5 −0.5 0.5 1.5

−0
.1

5
0.

00
0.

10

o84a(category3)

Expected Values

Av
er

ag
e 

re
si

du
al

−4 −3 −2 −1 0

−0
.1

0
0.

00
0.

10

o84a(category4)

Expected Values
Av

er
ag

e 
re

si
du

al

−6 −4 −2 0 1

−0
.0

5
0.

05

o86b

Expected Values

Av
er

ag
e 

re
si

du
al

−4 −2 0 2 4−0
.1

0
0.

00
0.

10

o88(category2)

Expected Values

Av
er

ag
e 

re
si

du
al

−6 −4 −2 0 2 4−0
.1

0
0.

00
0.

10
o88(category3)

Expected Values

Av
er

ag
e 

re
si

du
al

−5 −4 −3 −2 −1−0
.1

0
0.

00
0.

10

o88(category4)

Expected Values

Av
er

ag
e 

re
si

du
al

−10 −5 0 5

−0
.0

5
0.

05

o89

Expected Values

Av
er

ag
e 

re
si

du
al

−2 0 2 4

−0
.1

0
0.

00
0.

10

o90(category2)

Expected Values

Av
er

ag
e 

re
si

du
al

−6 −4 −2 0

−0
.0

5
0.

05

o90(category3)

Expected Values

Av
er

ag
e 

re
si

du
al

−10 −8 −6 −4 −2 0

−0
.0

5
0.

05

o90(category4)

Expected Values

Av
er

ag
e 

re
si

du
al

Figure A.6: Binned residual plots for the categorical variables with missing

rates above 1%.



138 APPENDIX

−4 −2 0 2 4

−0
.1

0
0.

00
0.

10

o92(category2)

Expected Values

Av
er

ag
e 

re
si

du
al

−10 −5 0
−0

.1
0

0.
00

o92(category3)

Expected Values

Av
er

ag
e 

re
si

du
al

−12 −8 −4 0 2

−0
.0

5
0.

05

o92(category4)

Expected Values

Av
er

ag
e 

re
si

du
al

−6 −4 −2 0

−0
.0

5
0.

05

o92(category5)

Expected Values

Av
er

ag
e 

re
si

du
al

−8 −6 −4 −2

−0
.0

6
0.

00
0.

06

o92(category6)

Expected Values

Av
er

ag
e 

re
si

du
al

−2 −1 0 1 2 3

−0
.1

0
0.

00
0.

10

o95a

Expected Values
Av

er
ag

e 
re

si
du

al

−5 −3 −1 0 1

−0
.1

0
0.

00
0.

10

o95b

Expected Values

Av
er

ag
e 

re
si

du
al

−6 −4 −2 0 1

−0
.1

0
0.

00
0.

10

o95c

Expected Values

Av
er

ag
e 

re
si

du
al

−2 −1 0 1 2 3

−0
.1

0
0.

00
o99(category2)

Expected Values

Av
er

ag
e 

re
si

du
al

−6 −5 −4 −3 −2 −1

−0
.0

5
0.

05

o99(category3)

Expected Values

Av
er

ag
e 

re
si

du
al

−6 −5 −4 −3 −2 −1

−0
.0

5
0.

05

o99(category4)

Expected Values

Av
er

ag
e 

re
si

du
al

−5 −4 −3 −2 −1 0

−0
.1

0
0.

00

o99(category5)

Expected Values

Av
er

ag
e 

re
si

du
al

Figure A.7: Binned residual plots for the categorical variables with missing

rates above 1%.
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A.3 Simulation study for the variance inflated

imputation model

Here we present results from a small simulation study that we conducted to

evaluate the impact on data quality for the variance inflated imputation model

described in Section 7.4.4.4. For the simulation, we generate a population of

N = 1, 000, 000 records comprising three variables, Y1, . . . , Y3, drawn from

N(0, Σ), where Σ has variances equal to one and correlations ranging from 0.3

to 0.7. From this population we repeatedly draw simple random samples of

size s = 10, 000 and treat these samples as the originally observed samples

Dobs. For the synthesis we replace values of Y3 for all records in Dobs. We

generate replacement values by sampling from the posterior predictive distri-

bution, f(Y3|Dobs), using parameter values drawn from the variance inflated

posterior distribution given in (7.9) with different levels of the variance infla-

tion factor α. For comparison, we also generate synthetic datasets with Y1

omitted from the imputation model to illustrate the negative consequences of

dropping explanatory variables from the models to obtain a higher level of

data protection. In analogy with our real data application, we generate m = 5

synthetic datasets for any one iteration of the simulation design. We obtain

inferences for 4 quantities in each simulation run, including the population

mean and the intercept and regression coefficients of Y2 (β1) and Y3 (β2) in a

regression of Y1 on Y2 and Y3. We repeat each simulation 5,000 times.

Table A.1 displays key results from the simulations. The average q̄m across the

5,000 simulation runs is always very close to the average qobs for α ≤ 100. For

α = 1, 000 we find small biases for all point estimates. The variance estimator

Tp (column four) correctly estimates the true variance of q̄m (column three)

for any given level of α. Columns six and seven summarize the percentages of

the 5,000 synthetic 95% confidence intervals that cover their corresponding Q

for the original sample and the synthetic samples respectively. We find that

the coverage rates from the synthetic samples are always close to the expected

nominal coverage of 95% for α ≤ 100. Only for α = 100 we notice a slight

undercoverage for the regression coefficient β2 compared to the coverage rate

of β2 in the original sample. The undercoverage increases for α = 1, 000. All

estimates slightly undercover and for β2 the coverage rate actually drops to

90.8%. The ninth column reports the ratio of the confidence interval length

from the synthetic datasets over the confidence interval length from the original
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samples. Not surprisingly, the ratio increases with increasing α, since the

variance inflated imputation model increases the between imputation variance

bm and thus the variance of q̄m. Comparing the confidence interval length ratio

with the root mean squared error (RMSE) ratio in the last column, we notice

that the RMSE ratio is always smaller than or equal to the confidence interval

length ratio indicating that the increased RMSE in the synthetic datasets

is likely due to the increased variance from the variance inflated imputation

model. Only for the regression coefficient β2 and α ≥ 100 we find an increased

RMSE ratio compared to the confidence interval length ratio. Overall we find

that at least for this simulation levels of α ≤ 100 only lead to reduced efficiency

in the estimation, but not to any noticeable bias. For α = 1, 000 we find a

small bias that leads to slight undercoverage, but note that we replaced all

records with variance inflated imputations in these simulations. In practice

agencies will only replace some records that are specifically at risk with draws

from the variance inflated imputation model. We expect that the bias will be

small in this context.

The results for the data generation that drops Y1 from the imputation model

to obtain a higher level of data protection are presented in Table A.2. Ȳ3 and

the intercept from the regression are not affected, but the two regression coef-

ficients are completely biased leading to a 0% coverage rate for both estimates

and a significantly increased RMSE ratio. It is obvious that the variance in-

flated imputation model provides far better results in terms of data validity.

Dropping variables from the imputation models should only be considered an

option, if the data disseminating agency knows that the data user will never

evaluate the relationship between the dropped variable and the variable to be

imputed.
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