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Summary

This report describes the flexible Stata code used to create multiple imputations (MI) of the
missing monetary variables collected in the Survey of Health, Ageing and Retirement in
Europe (SHARE). Unlike missing data on other types of variables that are imputed by the
hot-deck approach (see the SERISS deliverable D2.12), missing monetary amounts on openended questions about income, wealth and consumption expenditure items are imputed by
fully conditional specification (FCS) method proposed by van Buuren et al. (1999) and
Raghunathan et al. (2001). The main advantage is that all monetary variables are imputed
jointly to preserve their correlation structure.
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1. Introduction

In this deliverable of the SERISS project, Work Package 2, Task 2.4, we describe the flexible
Stata code used to create multiple imputations (MI) of the missing monetary variables
collected in the Survey of Health, Ageing and Retirement in Europe (SHARE).
As documented in the SERISS deliverable D2.12 (De Luca, 2018), the non-monetary variables
collected in SHARE have negligible amount of missing data (usually lower than 5%) which
are multiple imputed through a sequence of univariate hot-deck imputations. Non-negligible
amounts of missing data occur instead for monetary variables about incomes, assets and
consumption expenditures. Figure 1 illustrates the relevance of this problem by showing the
cross-country distribution of the item nonresponse rates on six variables: annual income
from employment, regular payments from public old age pensions, value of the house,
expenditure on food consumed at home, amount hold in bank accounts, and liabilities.
Figure 1. Percentage of missing values for some monetary variables by country.
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The cross-country average of the item nonresponse rates for these variables ranges
between a minimum of 9 percent for regular payments from public old age pensions to a
maximum of 36 percent for amount hold in bank accounts. Denmark and Sweden show low
percentages of missing data (usually lower than 10%), while Spain, Slovenia, Luxemburg and
Israel exhibit item nonresponse rates that are considerably higher than the average. In these
countries, item nonresponse becomes particularly worrisome for some wealth components
with more than 60 percent of the data missing.
The approach adopted by SHARE to impute these large fractions of missing data is the fully
conditional specification (FCS) method proposed by van Buuren et al. (1999) and
Raghunathan et al. (2001). This method imputes multiple variables jointly by an iterative
sequence of univariate models for the conditional distribution of each variable given all
other variables in the sequence. Despite the lack of a rigorous theoretical justification (see,
for example, Arnold et al., 1999, 2001; van Buuren et al. 2006; van Buuren, 2007), the FCS
method is one of the most popular multivariate imputation procedures due to its flexibility
in handling complicated data structures. Recent comparisons of the FCS method with other
multivariate imputation methods can be found in Lee and Carlin (2010) and references
therein.
The FCS algorithm implemented in SHARE provides multiple imputations of the missing
monetary amounts by exploiting independent draws from the predictive distribution of the
missing data given the observed data. Our implementation of the FCS algorithm takes into
account the availability of partial information obtained from the sequences of unfoldingbracket (UB) questions. In case of initial nonresponse to open-ended questions for
monetary variables, the respondent was asked whether the amount was larger than, smaller
than, or about equal to three predefined thresholds defined at the country level. The
threshold in the first UB question was assigned randomly and the sequence of UB questions
either stops or continues with the next threshold depending on the answer given to the
previous questions. The information collected through the sequence of UB questions can be
an approximate point estimate (i.e. about equal to one of the three thresholds) or an
interval estimate. If the sequence of UB questions provides approximate point estimates,
then we directly set the imputed values equal to the available UB values. For cases where
only interval estimates are available, we limit instead the range of imputed values by means
of individual-specific bounds to shrink as much as possible uncertainty on the missing
monetary amounts.
www.seriss.eu
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The FCS algorithm implemented in SHARE also gives particular attention to the imputation
of the two available measures of total household income. The first measure (thinc) is
obtained by a suitable aggregation at the household level of all individual income
components, while the second (thinc2) is obtained from the one-shot question on monthly
household income (HH017_). The choice between these two alternative measures is not
obvious. On the one hand, there is evidence that asking about an exhaustive list of
disaggregated income components leads to a more accurate measure of total household
income than asking about a single one-shot question (see, for example, Browning et al. 2003
for a related issue in the context of consumption expenditure questions). On the other
hand, however, the aggregation of a larger number of income components usually leads to a
considerably larger amount of missing data. In addition, for couples where only one of the
two partners agreed to be interviewed, the aggregated measure of total household income
is likely to suffer from a systematic downward bias due to the lack of information on the
income components of non-responding partner (NRP). These considerations suggest that
none of the two measures of total household income could be strictly preferred to the
other. Moreover, the availability of these two alternative measures may greatly improve the
imputation process because each measure could contribute relevant information on the
missing values of the other measure.
The strategy for imputing the two available measures of total household income is based on
the following partition of the country-specific subsamples:
•

Stage 1 (singles and 3rd respondent 1). We first imputed all monetary variables using
a standard FCS algorithm. At the end of each iteration, we also compute thinc,
household net worth (hnetw) and total household expenditure (thexp) by suitable
aggregations of the imputed income, wealth and expenditure items. We finally
impute thinc2 using thinc, hnetw, thexp, and characteristics of the household
respondent as predictors. The imputed values of thinc2 are constrained to fall in the
bounds derived from the sequence of UB questions for HH017_.

•

Stage 2 (couples with both partners interviewed). The imputation strategy for this
subsample is similar to that adopted in stage 1, but we use a larger set of predictors
that also includes characteristics of the partner of the designed respondent.

•

Stage 3 (all couples – with and without NRPs). Imputed values of all monetary
variables for the subsample of couples with both partners interviewed is obtained
from stage 2. In stage 3, these couples entered the imputation sample only as donor
observations to impute the missing values on the subsample of couples with NRPs.
As for the previous stages, we first impute all monetary variables for the responding
partners by standard implementation of the FCS method. The main difference with
respect to stage 2 is that the predictors referring to the NRPs now consists of age
and years of education only. At the end of each iteration, we also impute thinc2
using hnetw, thexp and characteristics of the responding partner as predictors and
bound information derived from the sequence of UB questions for HH017_. Finally,
for all couples with NRPs, we impute thinc using thinc2, hnetw, thexp and
characteristics of the responding partner as predictors, couples with two partners

1

Third respondents are singles living together with a couple, e.g. parents or relatives. Usually, these respondents
entered the SHARE sample at the time of wave 1, when all 50+ household members were eligible sample persons.
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interviewed as donor observations for the estimation step, and the imputed sum of
incomes of the responding partner as lower bound.
Against this background, Figure 2 illustrates a screenshot of the wave 6 folder containing the
do-files that are necessary to perform the SHARE MI algorithm. As said before, multiple hotdeck imputations of non-monetary variables are discussed in the SERISS deliverable D2.12
(De Luca, 2018). In this deliverable of the SERISS project, we describe the Stata do-files of
the FCS algorithm used to impute the monetary variables.
Figure 2. Screenshot of the wave 6 folder.

The remainder of the report is organized as follows. Section 2 describes the datamanagement operations to edit the monetary variables collected in SHARE. Section 3
describes the aggregation step used to reduce the number of monetary variables that are
imputed jointly by the FCS algorithm. Logical constraints on monetary variable and
prevalence of missing monetary amounts are described in Sections 4 and 5, respectively.
Section 6 discusses the setup of the FCS algorithm, while Section 7 gives a detailed
description of the imputation algorithm for the subsample of single and third respondents.
Extensions of the FCS imputation algorithm for the remaining subsamples of couples with
both partners interviewed and all couples (with and without NRP) are discussed in Sections
8 and 9, respectively. Section 10 illustrates the Stata do-file used to finalize the SHARE
public-use MI dataset. Finally, Section 11 concludes.
The Stata do files used to carry out the imputations described below are made available
alongside SERISS deliverable D2.12 (De Luca, 2018) to be adapted as required by other
surveys whilst bearing in mind that each survey has its own characteristics – including
potentially different survey items and patterns of missing data – and presents unique
challenges for statistical and economic data analysis.
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2. Editing of monetary variables

The data-management operations for monetary variables on income, asset and
consumption expenditure items address the following issues:
a) Since some monetary items are asked to only one person per household, we
want to construct a set of binary indicators in order to identify the subsample of
eligible respondents to each question.
b) Monetary data are expressed in national currencies. Moreover, the time
reference period, periodicity and frequency of payments may vary across
different questions and different respondents. For inferential purposes, we want
to transform all monetary data in annual Euro amounts. We do not apply
additional adjustments for cross-country differences in the purchasing power
parity because the missing values of all monetary variables will be handled
separately by countries.
c) Several monetary variables consist of semi-continuous data that are
characterized by a point mass at zero followed by a right-skewed continuous
distribution with positive support. In addition to binary eligibility indicators, we
want to construct a set of binary ownership indicators that take value 1 for the
positive support of these distributions and value 0 otherwise. In the later steps of
the imputation algorithm, we will use these indicators to fit the underlying
marginal distributions by two-part models.
d) In addition to non-substantial answers (i.e. “Don’t know” and “Refusal”), we
want to impute outliers that have a disproportional influence on the distribution
of these continuous/semi-continuous variables. Specifically, after converting the
monetary values in annual Euro amounts, we will trim two percent of complete
cases from the lower and the upper tails of the country-specific distributions.
e) In case of initial nonresponse to open-ended questions for monetary variables,
the respondent was asked a sequence of unfolding-bracket (UB) questions aimed
to recover either an approximate point estimate or an interval estimate of the
missing monetary amount (see, e.g., Section 11.5 of the SHARE release guide
6.0.0). Here, our object is to exploit the information obtained from each
sequence of UB questions to shrink as much as possible uncertainty on the
underlying missing values. Specifically, if the sequence of UB questions provides
approximate point estimates, then we will directly set the imputed values equal
to the available UB values. For cases where only interval estimates are available,
we will instead limit the range of possible imputed values by means of individualspecific bounds.
Efficient programming of these data-management operations is important because each of
the above tasks requires very long pieces of code with nested loops over a large number of
intermediate variables. Further, we have to repeat such operations for each monetary
variable included in our set of core variables. To address these issues, we have created a
Stata ado-file that implements the desired data-management operations by a single call to
the command shareub. Figure 3 illustrates the syntax of this command applied to the
variable ep205 for earnings from employment.
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Figure 3. Syntax of the data-management operations for earnings from employment.

There are four sections. In the first section (lines 1156-1163), we set the name of the
outcome variable to be generated and the missing value codes associated with the “Don’t
know” and “Refusal” answers to the item ep205_ and its sequence of UB questions. In the
second section (lines 1165-1176), we generate the two binary indicators for eligibility and
ownership on earnings from employment. In the third section (lines 1178-1185), we check
consistency of the data stored in the sequence of UB variables ep905_ra – ep211_ by means
of the command ubcheck (another self-written ado-file stored in the ado folder). Finally, in
the fourth section (lines 1187-1199), we use the shareub command to perform the desired
data-management transformations. In addition to the list of variables defined in the lines
1188-1191, the shareub command requires to specify the following arguments: the name
outcome variable (line 1192), the exchange rate for non-euro currencies (line 1192), the
thresholds for the outliers in the left and the right tails of the country-specific distributions
(lines 1193-1194), the missing value codes (lines 1195-1196), the label of the outcome
variable (line 1198), and the name of the folder in which we want to store a kernel density
plot of the country-specific distributions (line 1199).
By this procedure, we compute six relevant variables: earnings from employment expressed
in annual Euro amounts, the two binary indicators for eligibility and ownership, a flag
variable for the missing values, the individual-specific thresholds for the lower and upper
bounds of the missing values. Finally, we check the output by suitable tabulations of our
output variables (see, e.g., lines 1201-1215) and by graphical inspection of the kernel
density plots created by our shareub command.
For example, Figure 4 illustrates two tabulations of the flag variable against the ownership
indicator and the country variable, while Figure 5 illustrates the kernel density plots of the
country-specific distributions for earnings from employments.
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Figure 4. Tabulations of the flag variable for earnings from employment.

Figure 5. Kernel density plot of the earnings from employment distribution by country.

A clear advantage of our programming strategy is that we can now extend the above syntax
to all monetary variables by changing only the flexible arguments of our ubcheck and
shareub commands. Figure 6 illustrates this point by presenting the syntax of the datamanagement operations for earnings from self-employment (i.e. the variable ep207_). The
only difference with respect to the syntax of the data-management operations presented in
Figure 3 is the names of the input and the output variables.
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Figure 6. Syntax of the data-management operations for earnings from self-employment.

As additional example, Figures 7 illustrates the syntax of the data management operations
for public old age pensions (i.e. variable ep078_1).
Figure 7. Syntax of the data-management operations for public old age pensions.

The question for public old age pensions presents two relevant differences with respect to
the questions for earnings from employment and self-employment. First, with regard to the
ownership, the wave 6 questionnaire asks all respondent's entitlements in a set of thirteen
public pension sources. Second, with regard to the amount, the wave 6 questionnaire asks
the average amount of a typical payment, the period covered by this payment, and the
number of months in which this payment was received during the last calendar year. For
www.seriss.eu
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taking into account these differences, we first used the raw data on the thirteen public
pension sources to create a set of binary ownership indicators and a set of variables for the
individual-specific frequency of the pension payments (see lines 1291-1424 of the do-file
2_11_Clean_ep). After this standardization, we applied again the standard syntax of our
shareub command by adding only one optional argument for the individual-specific
frequency of the pension payments.
In the same do-file, we employ a similar strategy for data management operations of other
public pensions, private occupational pensions, other regular transfers, and the lump-sum
payments associated with these different income sources. In the other do-files, we also
extend the same syntax to the data management operations of other income sources (the
do-file 2_19_Clean_hh), consumption expenditure items (the do-file 2_20_Clean_co), as
well as real and financial asset components (the do-files 2_18_Clean_ho and
2_21_Clean_as).
At the end of each do-file, we always store an intermediate dataset with the transformed
variables of each module. After merging the datasets of various modules, our wave 6
working dataset (i.e. the dta-file mydata stored in the “Output datasets” folder) includes
68,231 observations for 1,184 variables.

3. Aggregation of monetary variables

So far, our working dataset includes all monetary variables collected in a given wave of
SHARE. In the do-file 3_1_Aggregate, we aggregate sets of two or more monetary variables
into a smaller number of generated variables to reduce the dimensionality of the
multivariate imputation method. Notice that, unlike univariate imputation methods,
multivariate methods aim to preserve the correlation structure of a set of variables by
imputing their missing values jointly with the aid of some Markov Chain Monte Carlo
(MCMC) technique. However, as the number of variables to be imputed jointly increases,
these iterative techniques often require significant effort in programming and fine-tuning.
From this perspective, our aggregation strategy aims to establish a feasible compromise
between complexity and generality of our multivariate imputation procedure in SHARE.
Of course, this simplification has theoretical and practical implications. From a theoretical
viewpoint, aggregation corresponds to imposing linear restrictions that may undermine
validity of the analyses performed on imputed data (see, e.g., Rubin 1996). From a practical
viewpoint, our algorithm will provide imputations only for the chosen set of aggregated
variables, but not for their components. In addition, the underlying editing operations
require preserving the partial information that is available for missing aggregate values. For
example, in aggregating several items, it is likely to find cases where only some (but not all)
components are missing. In these cases, we set the values of the aggregate variable equal to
missing and define individual-specific bounds for the missing values by combining the
complete and the partial information available from the various components. To perform
these operations, we have implemented the ado-file aggregate_ubv. Figure 8 illustrates the
syntax of this ado-file for the variable outpa (i.e. paid out-of-pocket for outpatient care),
obtained by aggregating doct (i.e. paid out-of-pocket for doctor visits) and dent (i.e. paid
out-of-pocket for dental care).
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Figure 8. Syntax of the aggregation step for paid out-of-pocket for outpatient care.

This piece of code allows us to generate the set of six relevant variables for the new
aggregate variable outpa: the monetary variable expressed in annual Euro amounts, the two
binary indicators for eligibility and ownership, the flag variable for missing values, the
individual-specific lower and upper bounds for missing values. Figure 9 shows a list of the
first 25 observations of this aggregate variable and its two components, together with the
underlying bounds for the missing values.
Figure 9. List of observations on paid out-of-pocket for outpatient care.

We focus on the 12th and 16th observations where the aggregate variable outpa is missing.
For the 12th observation, the first component is missing and the second component is zero.
Thus, we set the value of outpa equal to missing with the bounds for this missing amount
www.seriss.eu
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taken directly from the bounds for the missing value of the first components. More
interesting is the 16th observation where the first component is complete and the second is
missing. As before, we set the value of outpa equal to missing. In this case, however, we
also define the bounds for this missing amount (i.e. the interval 270-7250) by augmenting
the bounds for the missing value on the second component (i.e. the interval 20-7000) with
the observed value of the first component (i.e. the value 250).
Within this step of the imputation algorithm, we also deal with country-specific deviations
from the generic version of the questionnaire. Figure 10 shows, for example, the syntax of
editing operations required to aggregate old age, early retirement and survivor pension
items. Here, we use the aggregate_ubv command (line 136) within a country-loop (lines
129-145) in order to specify the country-specific list of items to be aggregated (lines 132133).
Figure 10. Syntax for aggregating old age, early retirement and survivor pensions.

In total, the do-file 3_1_Aggregate allows us to aggregate 53 monetary variables into a
considerably shorter list of 17 generated variables that still have a meaningful economic
interpretation. The intermediate dataset from this step is stored within the folder “Output
datasets” under the name “mydata_agg”.

4. Logical constraints

In the next step of the imputation algorithm, we check and impose (if needed) a minimal set
of logical constraints on the observed data of some variables. Independently of branching
and skip patterns in the SHARE questionnaire, our logical constraints aim to avoid
unreasonable combinations of the variables selected within the imputation process. More
precisely, we require that:
www.seriss.eu
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•
•
•
•
•
•

Respondents who are not the owner of their main residence cannot have a
mortgage.
The two variables for share and value of own business must have the same binary
indicators for ownership.
Respondents must own a bank account if they own other financial assets such as
bonds, stocks and mutual funds.
Respondents cannot own bonds, stocks and mutual funds if they do not own a bank
account.
Respondents cannot have interest from financial assets if either they do not own a
bank account, or they do not own bonds, stocks, and mutual funds and they have
debs in their bank accounts.
Respondents cannot have rent expenses if they live in their dwelling as owner,
member of a cooperative, and rent-free.

We have implemented these logical constraints in the do-file 4_1_Impose_LC_Obs_Data.
Checks on the observed data revealed that our logical constraints were not always satisfied:
the third logical constraint was not satisfied for 217 observations, the fourth for 34
observations, and the fifth for 10 observations. In these cases, we have changed the
observed data to ensure that – in the following steps of the algorithm – the same
constraints will be also satisfied in the imputed data. The intermediate dataset from this
step is again stored in the folder “Output datasets” under the name “mydata_agg”.

5. Prevalence of missing data

After implementing the data management operations discussed in the previous steps, we
analyze the prevalence of missing data for all monetary variables included in our working
dataset. We do not compute the item response rates for the non-monetary variables
because they always have negligible amounts of missing data.
For each monetary variable, the do-file 5_1_Prevalence_missing_y allows us to monitor the
following descriptive statistics:
• The number of eligible respondents for the ownership question (denoted as n_o).
• The ownership response rate in the subsample of eligible respondents (i.e. the
fraction of complete answers to the ownership question – denoted as orr)
• The ownership rate in the subsample of eligible respondents (i.e. the fraction of
observation with positive ownership – denoted as owr).
• The number of observations with positive ownership (denote as n_a).
• The fraction of complete observations in the subsample of respondents with positive
ownership (denoted as arr)
• The fraction of point UB answers in the subsample of respondents with positive
ownership (denoted as pub)
• The fraction of range UB answers in the subsample of respondents with positive
ownership (denoted as pub)
• The number of complete observations on the amount question (denoted as n_e);
• Three alternative definitions of item response rates (i.e. the fractions of valid
answers in the subsample of eligible respondents), in which the definition of valid
www.seriss.eu
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answers includes only complete cases (RR1), complete cases plus point UB answers
(RR2), complete cases plus point and range UB answers.
Similarly, the do-file 5_2_Prevalence_missing_y_a computes the same descriptive statistics
for the monetary variables generated by the aggregation step.
For documentation purposes, these two do-files create a set of tables in latex format with a
cross-country breakdown of these descriptive statistics. Figure 11 illustrates the table of
descriptive statistics for the missing values of earnings from employment.
Figure 11. Missing data statistics for earnings from employment.

Notice that, in addition to the descriptive statistics for the prevalence of missing data, we
also monitor the number of complete cases with positive ownership available in three
subsamples: single and third respondents, couples with both partners interviewed, and all
couples. This check is relevant because we will impute the missing values of each monetary
variable separately by country and subsample. Furthermore, the complexity of the
underlying imputation model will depend on the number of observations available in each
subsample.
This step of the SHARE imputation algorithm ends with the do-file 5_3_Renaming, where we
rename few variables and store the final version of our working dataset in the folder
“Output datasets” under the name “mydata_final”.

6. Setup of the imputation process

The setup of the SHARE imputation process starts in the do-file 6_1_Country_data, where
we split the original SHARE sample in nineteen country-level datasets with an expanded
number of observations to initialize the MI datasets. These datasets are stored in the
country-specific subfolders of the “Country datasets” folder under the name “imp_data”. In
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this step of the algorithm, we also define a set of global macros containing various lists of
variables for specific purposes of the imputation process. Finally, we transform all monetary
variables by either the inverse hyperbolic sine (IHS) or the log transformations depending on
whether they may or may not take negative values.
Figure 12. Screenshot of the do-file 6_1_Country_data.

Figure 12 shows the syntax of four relevant sections in this do-file. In the first section, we
select the subsample of country-specific observations. In the second section, we expand the
number of observations contained in the country-specific dataset according to the desired
number of multiple imputations (i.e. the global macro num_imp specified in the do-file
1_1_Master). In the third section, we run the do-file 1_macro_varlist which defines (among
other things) the global macros Y_list_log and Y_list_ihs for the two lists of monetary
variables transformed, respectively, by the log and the IHS transformations. Finally, in the
fourth section, we apply these transformations to the two lists of monetary variables and
their lower and upper bounds for the missing values.
To speed up as much as possible the FCS algorithm, we initially select from each countrylevel dataset only the non-monetary variables used as predictors for the imputation of the
missing monetary amounts. Next, we partition each country-level dataset in three
subsample-level datasets for single and third respondents (subsample 1), couples with both
partners interviewed (subsample 2), and all couples (subsample3). The basic idea is that we
want to impute the missing values of all monetary variables separately by subsample to take
into account differences in the economic choices and the response behaviors of these
alternative groups. Notice that subsample 3 includes the same records of subsample 2 plus
an additional set of records for the respondents of couples with one nonresponding partner
(NRP). As discussed at length in Section 9, we want to use this overlapping partition of the
last two subsamples to obtain a meaningful estimate of total household income in the group
of couples with one NRP.
The distinction between subsample-level datasets has also relevant implications for the set
of variables that can be used as predictors of the missing monetary amounts. Since
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decisions of the two partners of a couple are likely to be correlated, we want to exploit an
additional set of predictors for the available characteristics of the partner of each designed
respondent in the last two subsamples.
As in the case of hot-deck imputations of non-monetary variables (see the SERISS
deliverable D2.12), each subsample-level dataset contains M records per respondent, where
M is the desired number of multiple imputations. However, the imputation of householdlevel variables (e.g. total household income, total household expenditure on food consumed
at home and household net worth) now requires special attention because there may exist
households whose members are included in various subsamples. One example is a
household with three eligible respondents: the two partners of a couple and the mother of
the first partner. If the second partner is not interviewed (i.e. we have a couple with a NRP),
then we observe only two respondents: the first partner will be included in subsample 3 and
his/her mother will be included in subsample 1. At the beginning of the do-file
2_2_Clean_dn, we have generated the variable H_type to trace the various types of mixed
households. We shall expand on this issue in Section 8.

7. Single and third respondents (subsample 1)

This section focuses on the imputation of the monetary variables for the subsample of single
and third respondents (i.e. the do-file 8_2_FCS_Y_s1). Here, we take advantage of the
simpler structure of data for this subsample to provide a detailed description of the key
programs used to implement the FCS algorithm. Later we will employ an extended version
of these programs for the imputation of the monetary variables in the other two
subsamples.

7.1. Groups of monetary variables

The imputation method for the monetary variables 𝑌𝑌 = �𝑦𝑦1 , ⋯ , 𝑦𝑦𝐽𝐽 � varies across
subsamples depending on the number 𝑛𝑛𝑠𝑠,𝑗𝑗 of complete cases with positive ownership
available for the imputation of the missing amounts. Specifically, we use a different
imputation method for each of the following groups of variables:
𝐺𝐺𝑠𝑠,ℎ = �𝑦𝑦𝑗𝑗 : 𝑛𝑛�𝑠𝑠,ℎ−1 ≤ 𝑛𝑛𝑠𝑠,𝑗𝑗 < 𝑛𝑛�𝑠𝑠,ℎ �,
where 𝑠𝑠 = 1, ⋯ ,3 is an index for the subsamples, ℎ = 1, ⋯ ,4 is an index for the groups, and
the 𝑛𝑛�𝑠𝑠,ℎ are thresholds for the numbers of observations required in each group (see Table
1). In the do-file 8_2_FCS_Y_s1, we generate these four groups by the piece of code in the
lines 75-136.
Table 1. Thresholds for the number of
various groups of monetary variables.
𝑛𝑛�𝑠𝑠,0
𝑛𝑛�𝑠𝑠,1
Subsample
1
0
2
0
3
0

complete cases required in each subsample by the
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10
15
15

𝑛𝑛�𝑠𝑠,2

30
45
45

𝑛𝑛�𝑠𝑠,3

100
150
150

𝑛𝑛�𝑠𝑠,4
∞
∞
∞
18

Figure 13 shows the groups of variables for Germany. In total, for the subsample of single
and third respondents, we want to impute 40 monetary variables. Of these, 9 are included
in the first group, 3 in the second group, 9 in the third group, and 19 in the fourth group. For
each item in the fourth group, we also compute the ownership and amount response rates.
Below, we discuss briefly the imputation method used for each group of variables.
Figure 13. Output for the groups of monetary variables (Germany – subsample 1).

7.2. Group 1

For the monetary variables in the first group, where precision of sample-based estimates is
likely to be a serious concern, we rely on a rather rudimental two-step imputation
procedure. In the first step, we impute randomly the missing values on the binary
ownership indicator with probability of success equal to the observed fraction of positive
ownership. Conditional on positive ownership, in the second step, we set the missing
amounts equal to their individual-specific lower bounds. Even though we use this
rudimental procedure to impute only few missing values, Figure 14 shows the underlying
syntax because it involves a number of intermediate steps that will appear also in the later
steps of the algorithm.
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Figure 14. Two-step imputation procedure for the monetary variables in the first group.

For any monetary variable in the group 𝐺𝐺𝑠𝑠,1, we first impute randomly the missing values of
its ownership indicator (lines 147-154). Next, we run the do-file 4_1_LC_Ownership stored in
the “RUP” folder to impose a set of logical constraints on ownership. Notice that, before this
intermediate step, the logical constraints hold only for the observed data. The do-file
4_1_LC_Ownership ensures that the logical constraints hold also for the imputed data.
Similarly, after imputing the missing values in any amount variable (lines 161-164), we run
4_2_LC_Amount to extend the logical constrains on monetary amounts to the subsample of
imputed values. After performing these operations, we first monitor the imputed values
(lines 160-187) and then run the do-file 4_4_SK_Variable to extend the imputed ownership
and amount values to other household members who are not designed to answer that
specific question (line 190). This additional do-file is effective only for the monetary
variables asked to one person per household. The basic idea is that, in the imputation step,
we always focus on the designed respondents. After imputing the missing values, we extend
(if needed) the imputed values to the other household members. Using the do-file
4_5_Adjust_Missing_SK, we finally assess that the previous operations fill in all missing
values by design due to skip patterns in the questionnaire. We want to stress that these
intermediate steps do not depend on the specific group of variables under examination. In
what follows, we implement the same operations also for the other groups of variables.

7.3. Groups 2 and 3

For the monetary variables in the second and the third group, our imputation method is
based on a two-part model that involves a probit regression for the ownership indicator and
a linear regression for the conditional distribution of the amount given positive ownership.
The only difference between the two groups of variables 𝐺𝐺𝑠𝑠,2 and 𝐺𝐺𝑠𝑠,3 regards the set of
predictors used to fit the regressions above. For the subsample of single and third
respondents (i.e. 𝑠𝑠 = 1), the set of predictors for 𝐺𝐺1,2 includes four variables: a dummy for
female, a dummy for good self-reported health, age, and years of education (see the
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definition of the global macro S1_X_g2 in the do-file 1_macro_varlist). In addition to these
four variables, the set of predictors for 𝐺𝐺1,3 includes the number of children, the number of
chronic diseases, the score of the numeracy test, three binary indicators for the current job
status, and a binary indicator for good willingness to answer (see the definition of the global
macro S1_X_g3 in the do-file 1_macro_varlist).
Figure 15. Two-step imputation procedure of monetary variables in the second and the third
group.

Figure 15 illustrates the two-step imputation procedure for the monetary variables in 𝐺𝐺1,2
and 𝐺𝐺1,3. Notice that, for each item, we now impute the missing values of the associated
ownership indicator and amount variable by the ado-files impownership and impamount,
respectively. However, the intermediate steps used to account for logical constraints and
missing values due to skip patterns are the same as before. Here we do not describe in
detail the syntax of these two ado-files. Both commands are stored in the “ado” folder of
the SHARE imputation algorithm. For the purposes of our documentation, it is sufficient to
notice that they admit a number of flexible arguments for regulating the various features of
the imputation process: the monetary variable imputed at each stage of the process, the
underlying set of predictors, the subsamples used in the estimation and the prediction
steps, and so on. The different sets of predictors associated with 𝐺𝐺1,2 and 𝐺𝐺1,3 are specified
by the global macros S1_X_g`gg', where `gg' is the index of a loop for the two groups of
variables. Another worth noting difference with respect to 𝐺𝐺1,1 is that we now have an
additional loop to control for the mth replicate of the multiple imputations.
Figures 16 and 17 show, respectively, the output of the ownership and amount imputation
procedure for social assistance in the German subsample of single and third respondents.
The flag variable for this item shows that there are three missing values in ownership and
other four missing values in the amount variable. The ownership rate is very low and our
model predicts no ownership (i.e. zero amount) for the 3 missing ownership values. For the
missing amounts, we have 1 UB point estimate, 1 UB range estimate and 2 outliers. Since
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the UB point estimate is directly used as an imputed value, we impute only three missing
amounts based on a subsample of 24 complete cases.
Figure 16. Output of the ownership imputation procedure for social assistance (Germany –
subsample 1 – Group 2).

Figure 17. Output of the amount imputation procedure for social assistance (Germany –
subsample 1 – Group 2).

Figures 18 and 19 show a similar output for out-of-pocket expenditure on nursing home and
home care, a variable included in the third group. Notice that, since for this item there are
80 complete cases, our regression models for ownership and amount now exploit a larger
set of predictors.
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Figure 18. Output of the ownership imputation procedure for out-of-pocket expenditure on
nursing home and home care (Germany – subsample 1 – Group 3).

Figure 19. Output of the amount imputation procedure for out-of-pocket expenditure on
nursing home and home care (Germany – subsample 1 – Group 3).

www.seriss.eu

GA No 654221

23

7.4. Group 4

At this stage of the algorithm, we have already imputed all monetary variables in the first
three groups. These variables have been store in the local macros Y_covlist_g`gg'. We are
left with the fourth group of variables, for which there are at least 100 complete cases with
positive ownership. The imputation model for the fourth group of variables is the fully
conditional specification (FCS) method (see, e.g., van Buuren et al., 1999; Raghunathan et
al., 2001). Our implementation of the FCS algorithm is similar to the imputation procedure
used for the second and the third group of variables. The main difference lies in the
additional syntax required to account for the iterative and sequential nature of the FCS
method. Figure 20 shows the syntax for the initialization step (i.e. iteration 0). This is almost
identical to the syntax illustrated in Figure 15. The main difference is that, in addition to the
variables in the global macro S1_X_g3, our set of predictors now includes all monetary
variables belonging to the first three groups (i.e. the three local macros Y_covlist_g1,
Y_covlist_g2 and Y_covlist_g3).
Figure 20. Syntax for the initialization step of the FCS method.

Figures 21 and 22 show the output of this code for earnings from employment, which has
260 complete cases with positive ownership and is therefore included in the fourth group of
monetary variables. The set of predictors used to impute the missing ownership and
amount values are considerably larger than before. We also notice that our ado-files
impownership and impamount automatically omit predictors that lead to collinearity
problems in the regressions for ownership and amount. Here, we impute 3 missing values
on ownership. Of these, only 2 imputed values have positive ownership. For the amount, we
impute 23 missing values. The mean for the imputed observations is larger than the mean
for the complete cases, while the opposite holds for the standard deviation.
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Figure 21. Output of the ownership imputation procedure for earnings from employment
(Germany – subsample 1 – Group 4 – Iteration 0).

Figure 22. Output of the amount imputation procedure for earnings from employment
(Germany – subsample 1 – Group 4 – Iteration 0).

At the end of the loop for the variables in the fourth group, this initialization step gives us a
set of starting values for the missing values of all monetary variables. The iteration 𝑡𝑡 = 0 of
the FCS imputation procedure ends after two additional steps. First, we exploit the long list
of income components, consumption expenditure items, and real and financial assets to
compute total household income (thinc), total household expenditure (texp) and household
net worth (hnetw). The editing operations for generating these aggregate variables are not
particularly difficult, but they require an extended syntax to account for the transformations
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applied to the various components (i.e. log or inverse hyperbolic sine transformations), the
aggregation of variables measured at the individual and the household-level, and the
generation of flag variables for the underlying missing values. As shown in Figure 23, we
perform these calculations by means of the ado-files compute_thinc_w6, compute_texp_w6
and compute_hnetw_w6.
Figure 23. Syntax for total household income, total household expenditure and household
net worth.

Figure 24. Syntax for imputing the one-shot version of total household income (thinc2).

Second, we complete our initialization step by imputing the variable thinc2 – the alternative
measure of total household income obtained by asking the household respondent a oneshot question on the average amount of monthly household income. Figure 24 shows the
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syntax used to impute thinc2, which is similar to before. The main difference is again in the
list of predictors, which now consists of the variables included in the global macro S1_X_g3
and the three household-level variables thinc, texp and hnetw.
After the iteration 𝑡𝑡 = 0, the next piece of code (lines 484-686) of the do-file 8_2_FCS_Y_s1
implements the subsequent iterations of the FCS procedure. In particular, at the
iteration 𝑡𝑡 ≥ 1, we augment the set of predictors used to impute the missing values of the
(𝑡𝑡)
variable 𝑦𝑦𝑗𝑗 with the following set of variables:
(𝑡𝑡)

(𝑡𝑡)

(𝑡𝑡)

(𝑡𝑡−1)

(𝑡𝑡−1)

𝑌𝑌−𝑗𝑗 = �𝑦𝑦1 , ⋯ , 𝑦𝑦𝑗𝑗−1 , 𝑦𝑦𝑗𝑗+1 , ⋯ , 𝑦𝑦𝐽𝐽
�.
This additional set of predictors contains the most updated version of all other variables in
the FCS sequence that are imputed jointly with 𝑦𝑦𝑗𝑗 . As shown in Figures 25-28, our
implementation of this iterative process follows four logical steps:
• Figure 25 – Initialization of the Gibbs sampler iterations. At the beginning of the
iteration 𝑡𝑡 ≥ 1, we store the observed and imputed values of all monetary variables
resulting from the previous iteration in the set of variables
(𝑡𝑡−1)

𝑌𝑌 (𝑡𝑡−1) = �𝑦𝑦1

•

•

•

(𝑡𝑡−1)

, ⋯ , 𝑦𝑦𝐽𝐽

�

(𝑡𝑡)

(𝑡𝑡)

and then set the imputed values of all components in 𝑌𝑌 (𝑡𝑡) = �𝑦𝑦1 , ⋯ , 𝑦𝑦𝐽𝐽 � equal to
missing.
Figure 26 – Imputation of the Gibb sampler sequence. Within a loop over all
monetary variables (𝑗𝑗 = 1, ⋯ , 𝐽𝐽), we impute again the missing values of each
(𝑡𝑡)
𝑦𝑦𝑗𝑗 using as predictors the selected list of non-monetary variables included in the
global macro S1_X_g3, the monetary variables in the first three groups (i.e. those
included in the local macros Y_covlist_g1, Y_covlist_g2 and Y_covlist_g3), and the
most updated version of the monetary variables in the fourth group
(𝑡𝑡)

(𝑡𝑡)

(𝑡𝑡)

(𝑡𝑡−1)

(𝑡𝑡−1)

𝑌𝑌−𝑗𝑗 = �𝑦𝑦1 , ⋯ , 𝑦𝑦𝑗𝑗−1 , 𝑦𝑦𝑗𝑗+1 , ⋯ , 𝑦𝑦𝐽𝐽

�.

Figure 27 – Computation of the aggregate components (thinc, texp, hnetw, thinc2)
(𝑡𝑡)
within the Gibbs sampler algorithm. After imputing each component 𝑦𝑦𝑗𝑗 of 𝑌𝑌 (𝑡𝑡) , we
compute the tth iteration of total household income (thinc), total household
expenditure (texp) and household net worth (hnetw) and then impute again the
missing values of thinc2 using as predictors the selected list of non-monetary
variables included in global macro S1_X_g3, and the updated iteration of thinc, texp
and hnetw.
Figure 28 – Iterations and convergence of the Gibbs sampler algorithm. We repeat
these three steps several times, between a minimum of 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 = 7 burn-in iterations
and a maximum of 𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 = 37 iterations2. For each 7 ≤ 𝑡𝑡 ≤ 37 we assess
convergence of the Gibbs sampler algorithm by the Gelman-Rubin criterion (Gelman
and Rubin 1992; Gelman et al. 2004) applied to the mean, the median and the 90th
(𝑡𝑡)
percentile of the marginal distributions of each 𝑦𝑦𝑗𝑗 and each aggregate component
(thinc, texp, hnetw, thinc2).

2

The minimum and maximum numbers of iterations are defined, respectively, by the global macros
GR_burnin_2 and CS_iter in the do-file 1_1_Master.
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Figure 25. Initialization of Gibbs sampler iterations

Figure 26. Imputation of Gibbs sampler sequence.
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Figure 27. Computation of the aggregate components within the Gibbs sampler algorithm.

Figure 28. Iteration and converge of the Gibbs sampler algorithm.

Figures 29 and 30 show the output of this code for the 20th iteration of the process for
imputing earnings from employment. We see that, in contrast to the output of the iteration
𝑡𝑡 = 0, the ownership and amount regressions now include an additional set of predictors
for all other variables that were imputed jointly with earnings from employment.
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Figure 29. Output of the ownership imputation procedure for earnings from employment
(Germany – subsample 1 – Group 4 – Iteration 20).

Figure 30. Output of the amount imputation procedure for earnings from employment
(Germany – subsample 1 – Group 4 – Iteration 20).

Figure 31 shows instead the results of the Gelman-Rubin criterion at the 37th iteration of
the Gibbs sampler algorithm. According to this criterion, we have reached convergence for
42 of the 48 target parameters of interest.

www.seriss.eu

GA No 654221

30

Figure 31. Output of the Gelman-Rubin convergence criterion (Germany – subsample 1 –
Group 4 – Iteration 37).

8. Couples with both partners interviewed (subsample 2)

The imputation of the monetary variables for subsample 2 follows the same logical steps
implemented for subsample 1. As noticed above, one important difference is that we now
to use a larger set of predictors that also include variables related to the partner of each
designed respondent. Further, for mixed types of households, our imputations of the
household-level variables must now take into account the components for the third
respondents already imputed in the previous subsample. For sake of brevity, we summarize
below the most relevant differences between the do-files 8_2_FCS_Y_s1 and 8_3_FCS_Y_s2:
• We first focus on mixed households that include couples with two interviewed
partners and some third respondent. For cases where the third respondent coincides
with the household respondent (i.e. the household member who answered
household-level questions), we augment the datasets of subsample 2 with the
household-level variables already imputed in subsample 1. This new step is
implemented by the piece of code between lines 55 – 181.
• As before, we distinguish four groups of monetary variables based on the available
number of complete cases with positive ownership. Here we impose larger
thresholds for the number of complete cases because subsample 2 usually includes a
greater number of observations than subsample 1 (see Table 1). Further, in
subsample 2, we want to use a relatively larger set of predictors. For example, in
Germany, we now find 23 monetary variables included in the fourth group. The
imputation model for each group of variables is the same as before (see Section 7).
The main difference is the set of monetary and non-monetary variables used to
impute the various missing values.
• The new set of non-monetary variables used as predictors to impute the missing
monetary amounts are defined by the global macros S2_X_g2 and S2_X_g3 in the
do-file 1_macro_varlist. Thus, in addition to socio-demographic characteristics of the
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•

•

designed respondents, the new set of predictors also includes the sociodemographic characteristics of his/her partner.
When imputing the monetary variables in the fourth group by the FCS method, we
also include as predictors all individual-level income components of the partner.
Figures 32 and 33 show, for example, the outputs of ownership and amount
regressions for earnings from employment in the first iteration of the FCS algorithm.
In total, these two regressions now include 68 and 71 predictors, respectively.
Individual-level income components of the partner are denoted as L_P_varname.
As before, we compute the aggregate components thinc, texp and hnetw by the adofiles compute_thinc_w6, compute_texp_w6 and compute_hnetw_w6. Here, the
syntax for these commands includes however additional arguments for specifying
the amount of total household income, total household expenditure and household
net worth due to third respondents in mixed households.

Figure 32. Output of the ownership imputation procedure for earnings from employment
(Germany – subsample 2 – Group 4 – Iteration 1).
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Figure 33. Output of the amount imputation procedure for earnings from employment
(Germany – subsample 2 – Group 4 – Iteration 1).

9. All couples (subsample 3)

Subsample 3 includes the same records of subsample 2 (i.e. couples with both partners
interviewed), plus an additional set of records for the responding partner of couples with
one NRP. For brevity, we shall refer to this additional set of records as subsample 3b. In the
previous stage of the algorithm (i.e. in the do-file 8_3_FCS_Y_s2), we have already imputed
the missing values of the monetary variables in subsample 2. In the do-file 8_4_FCS_Y_s3,
we now want to use the observed and imputed records in subsample 2 only as donor
observations for imputing the missing monetary amounts in subsample 3b. The objective of
this sequential imputation strategy is to compute a plausible aggregate measure of total
household income (i.e. the thinc variable) in subsample 3b which takes into account the
unobserved income components of the NRPs. In particular, any couple in subsample 3b
consists of only one record for the responding partner, but it does not include the record for
the NRP. The latter is excluded from the SHARE raw data because it represents a problem of
unit nonresponse. Thus, even if we impute the missing values due to item nonresponse on
the income components of the responding partner, our thinc variable would give a
downward biased estimate of total household income that still neglects the income
components of the NRP. Our strategy for handling this issue consists of imputing the
unobservable aggregate measure of total household income in subsample 3b using the
records available in subsample 2 as donor observations and the partial information in thinc
as a lower bound for the missing values. Below, we summarize the key steps needed for the
implementation of this imputation procedure:
• To handle the issue of mixed households, we first augment the datasets for
subsample 3 with the household-level variables imputed in subsample 1. Moreover,
we update all individual and household-level variables with the imputations obtained
in subsample 2. At the end of this preliminary stage (lines 56-314), missing monetary
amounts are confined to the responding partners in subsample 3b.
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Next, we focus on the imputation of the missing monetary amounts in subsample 3b.
The imputation procedure for this task is similar to that used for the imputation of
the missing monetary amounts in the two previous subsamples. There are only two
major differences in the set of predictors for the various ownership and amount
regressions. First, the subset of predictors for basic socio-demographic
characteristics of the NRPs now consists of age and years of education only (see, e.g.,
the global macros S3_X_g2 and S3_X_g3 in the do-file 1_macro_varlist). Second, at
the iteration 𝑡𝑡 ≥ 1 of the FCS imputation procedure, we do not use anymore the
subset of predictors for individual-level income components of the NRPs (i.e. the
variables named as L_P_varname).
At the end of the FCS imputation loop of the fourth group of monetary variables, we
first compute the tth iteration of total household expenditure (texp) and household
net worth (hnetw) and then impute thinc2 using as predictors the selected list of
non-monetary variables in global macro S3_X_g3 and the updated iteration of texp
and hnetw. Notice that, unlike the subsamples 1 and 2, we do not use anymore thinc
as a predictor of the missing values of thinc2. Figure 34 shows the slightly different
syntax required for the implementation of this change.

Figure 34. Imputation of total household income (thinc2) in subsample 3.

•

After imputing thinc2, we now compute thinc using the standard syntax of the adofile compute_thinc_w6. For subsample 2, our interpretation of this measure is the
same as before. In contrast, for subsample 3b, we now assume that the current
measure of thinc provides a downward biased estimate of total household income
that neglects the income components of the NRPs. Our procedure to correct this
source of bias will use the predictive information available from subsample 2 and the
partial information available from the current measure of thinc in subsample 3b.
Figures 35 and 36 show the syntax used in this stage of the algorithm. The first piece
of code computes and preserves the preliminary information on thinc, while the
second piece imputes the missing information on total household income using the
out-of-sample predictions from a linear regression model. Here, our set of predictors
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consists of the selected list of non-monetary variables in the global macro S3_X_g3
and the updated iteration of texp, hnetw and thinc2. Thus, unlike in subsamples 1
and 2, we now use thinc2 as predictor of the missing values for the bias-corrected
measure of thinc.
Figure 35. Syntax of the program for computing and preserving the preliminary information
on thinc in subsample 3

Figure 36. Imputation of the aggregate measure of total household income in subsample 3.

10. The SHARE public-use MI dataset
www.seriss.eu

GA No 654221

35

In the last step of the algorithm (i.e. the do-file 9_1_Pooling_Imputations), we finalize the
SHARE public-use MI dataset. The operations implemented in this step are straightforward,
but also extremely important for the ultimate users of the data. We distinguish five stages:
• In the first stage (lines 57-114), we merge the complete (i.e. observed and imputed)
data of all monetary variables and their flag variables from the various subsamplelevel datasets of each country.
• In the second stage (lines 116-129), we retransform all monetary variables from
log/IHS scale into annual Euro amounts.
• In the third stage (lines 131-551), we check coherency of the monetary variables and
their flag variables, correct numerical errors in household-level variables, and
generate additional variables with a substantive economic interpretation. Figure 37
illustrates the syntax of these operations for the aggregate measure of total
household income (i.e. the variable thinc). First, we reconstruct total household
income by a suitable aggregation of the various income components asked to all
respondents, the household respondents and the financial respondents. Second, for
households with NRPs, we use the difference between the imputed version of thinc
and the variable generated in the above step to define total income of the NRPs.
Third, for households without NRPs, we check that these two measures of total
household income differ only because of numerical errors. The output of this code is
illustrated in Figure 38. Similar checks are extended to total household expenditure
(texp) and household net worth (hnetw), all flag variables, and the two subsets of
monetary variables asked to the household and the financial respondents. In
addition, we generate other aggregate variables such as household real assets and
household gross/net financial assets.
Figure 37. Syntax of the final checks on the aggregate measure of total household income.
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Figure 38. Output of the final checks on the aggregate measure of total household income.

•
•

In the fourth stage (lines 553-598), we augment the country-level dataset with the
hot-deck imputations of the non-monetary variables and the associated flag
variables.
In the fifth stage (lines 600-1060), we rename, format and label all variables included
in the SHARE public-use MI dataset by the flag variables listed in Table 2.

Table 2. Description of flag variables associated to imputations.
Varname_f
Label
Description
Missing values due to skip patterns in the
-99
Missing by design
questionnaire
Missing values depending on the type of
1
Not designed respondent
respondent designed to respond
2
No ownership
No declared ownership
3
Regular obs.
Regular observation
4
Imp: UB point
Imputation based on UB threshold
5
Imp: UB range
Imputation based on UB range information
Imputation is based on unfolding brackets
6
Imp: UB incomplete
partial information
7
Imp: UB uninformative
UB uninformative
8
Imp: ownership
Ownership has been imputed
9
Imp: amount
Imputed amount
10
Imp: outlier LB
Imputed value if lower than LB
11
Imp: outlier UB
Imputed value if lower than UB
12
Imp: aggregate
Imputation of aggregate variable
13
Imp: NRP
(only for thinc)
(only for non-monetary variables imputed
14
Imp: missing value
by hot-deck)
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11. Conclusions

In this deliverable of the SERISS project, Work Package 2, Task 2.4, we have described the
more challenging steps of the flexible Stata algorithm used to create MI of missing data on
monetary variables collected in SHARE. The imputation method relies on the FCS imputation
procedure proposed by van Buuren et al. (1999) and Raghunathan et al. (2001). Our FCS
algorithm permits to impute the missing values of several types of variables (such as binary,
ordinal, nominal, count, semi-continuous, and continuous) over specific subsamples by
taking into account possible skip patterns and restrictions. In the SHARE MI algorithm, we
have applied the FCS method to impute jointly only the set of monetary variables with
substantial item nonresponse. In principle this multivariate method can be extended to
other types of variables because each variable is imputed using its own imputation model.
This iterative imputation algorithm is entirely coded with the aid of global macros and adofiles to ensure that each step of this method can be adapted to the specific needs of other
studies. Among other things, it specifies as flexible arguments the number of multiple
imputations, the list of the imputed variables, the order in which they are imputed, the
model for the conditional distribution of each variable, the underlying set of predictors, the
numbers of maximum iterations and burn-in iterations of the Gibbs sampler, and the
parameters entering the Gelman-Rubin convergence criterion. Nevertheless, the extension
of the SHARE MI algorithm to other studies requires very good knowledge of the variables in
the respective datasets as well as substantial effort in adapting several programs to the
specific needs of each study.
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