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Summary

This report describes the flexible algorithm used to produce multiple hot-deck imputations
(MHDI) of the non-monetary variables in the first six waves of the Survey on Health, Ageing
and Retirement in Europe (SHARE), excluding the retrospective wave in 2008. After
discussing the rationale and the key logical steps of the SHARE algorithm, we focus on its
implementation in the statistical software Stata (version 13.1) by providing a detailed
description of the programs used for handling a number of issues in the construction of the
SHARE public-use imputation dataset.

1. Introduction

Nonresponse is a serious problem that affects most survey datasets, especially in the
medical, social and economic sciences. At the outset, it is useful to distinguish between two
types of nonresponse. The first – unit nonresponse – occurs when eligible sample units fail
to participate in a survey because of noncontact or explicit refusal to cooperate. The second
– item nonresponse – occurs when responding units do not provide useful answers to
particular items of the questionnaire. The potential implications of the two types of
nonresponse are similar, namely selectivity bias and loss of precision. The key difference is
that for unit nonresponse all items of the questionnaire are missing, while for item
nonresponse missing values are confined to specific items of the questionnaire. This
distinction has therefore relevant implications on the auxiliary information which is
available for ex-post adjustment procedures. For unit nonresponse, the auxiliary
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information is usually confined to that obtained from the sampling frame or the data
collection process, whereas for item nonresponse one can also exploit the additional
information collected during the interview process.
This report focuses on item nonresponse in the Survey of Health, Ageing and Retirement in
Europe (SHARE) and the multiple imputation (MI) approach adopted to fill-in the missing
values in the key variables of interest. The key idea of the MI approach is to use the
distribution of the observed data to predict a set of plausible values for the missing data.
The goal is not to get the most accurate predictions of the missing values, but to replace
them by plausible values such that inference about population parameters is still valid.
Unlike other methods, this approach allows the ultimate users to analyze the observed and
imputed data by standard statistical procedures for complete data. Furthermore, combining
the set of estimates obtained from repeated applications of the same statistical procedure
over multiple complete datasets results in MI inference that properly reflects the
uncertainty generated by the imputation of missing values.
Despite recent advances in the survey imputation methodology, the imputation of missing
values in large-scale surveys is never a trivial task. Each survey has its own characteristics
and presents unique challenges for statistical and economic data analysis. The imputation
strategy adopted in SHARE relies on different multiple imputation methods depending on
the prevalence of missing values. More precisely, we use multiple hot-deck imputations for
non-monetary variables that are usually affected by low/moderate fractions of missing
values (lower than 5 percent for the entire sample and lower than 10 percent at the country
level). Monetary variables with fractions of missing values above these thresholds are
instead imputed jointly by the fully conditional specification (FCS) method (van Buuren et
al., 1999, 2006; van Buuren 2007; Raghunathan et al., 2001). In this deliverable of the SERISS
project, Work Package 2, Task 2.4, we provide a detailed description of the flexible Stata
algorithm used to produce multiple hot-deck imputations (MHDI) of the non-monetary
variables. The Stata algorithm used to produce MI imputations of the monetary variables by
the FCS method is described in the SERISS deliverable D2.14 (De Luca et al, 2018). Since our
focus is on the Stata algorithm used to construct the SHARE public-use MI dataset, we shall
assume that the reader has some basic knowledge of both SHARE (http://www.shareproject.org/) and Stata.
The remainder of the report is organized as follows. Section 2 gives an overview of the
SHARE MI algorithm. Section 3 describes a number of preliminary data-management
operations needed to create an intermediate working dataset that imposes a common
structure to all variables involved in the imputation process. Section 4 describes the setup of
the imputation procedure, while Section 5 describes the implementation of MHDI
algorithm. Section 6 concludes.
The Stata do-files used to carry out the imputations described below as well as for the
imputations of the monetary variables by the FCS method (De Luca et al, 2018) are made
available alongside this report to be adapted as required by other surveys whilst bearing in
mind (as noted above) 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. Overview of the SHARE imputation algorithm

The Survey of Health, Ageing and Retirement in Europe (SHARE) is a unique panel dataset
with rich micro-level information on people aged 50 and older in – as of wave 6 – 19
European countries (Austria, Belgium, Czech Republic, Denmark, Estonia, France, Germany,
Greece, Hungary, Ireland, Italy, Luxemburg, Netherlands, Poland, Portugal, Sweden,
Slovenia, Spain and Switzerland), plus Israel. SHARE is also harmonized with the US Health
and Retirement Study (HRS) and the English Longitudinal Study of Ageing (ELSA) and has
become a model for several ageing surveys worldwide (JSTAR in Japan, CHARLS in China,
ELSI in Brazil, KLOSA in South Korea, and LASI in India).
To date, the SHARE data include 5 regular panel waves (2004, 2006, 2011, 2013, 2015) on
current living circumstances and one retrospective wave (2008-2009, SHARELIFE) on life
histories. The 2017 regular wave will be delivered in 2019, and additional regular and
retrospective waves are planned every two years until 2024. The data collected in each
wave give a broad picture of life after the age of 50 years, measuring physical and mental
health, biomarkers, cognitive abilities, economic and non-economic activities, income and
wealth, consumption and health expenditures, expectations, transfers of time and money
within and outside the family, as well as life satisfaction and well-being. The scientific value
of SHARE rests on three key pillars: (i) its panel design, which captures the dynamic nature
of the ageing process and the need of controlling for unobserved heterogeneity; (ii) its
multidisciplinary approach, which delivers an integrated picture of individual and societal
ageing; and (iii) its cross-nationally harmonized design, which permits international
comparisons of health, economic and social outcomes.
Like most other sample surveys, all SHARE cross-sections suffer from unit nonrespose that
may lead to biased representations of the target population of interest. To cope with the
selection effects due to unit nonresponse, the public-use SHARE data include a set of crosssectional weights based on the calibration methodology of Deville and Särndal (1992).
SHARE is also affected by substantial item nonresponse on key variables, such as income,
wealth, and expenditures, collected through a number of open-ended and retrospective
questions that are sensitive and difficult to answer. To cope with the loss of precision and
the potential selection effects due to item nonresponse, the public-use SHARE data include
MI of key survey variables.
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Figure 1. Screenshot of the SHARE imputations folder.

As illustrated in Figure 1, the imputation algorithm contains one folder for each regular
wave of the SHARE data collection. Two remarks are worth noticing. First, SHARE does not
provide imputations of the data collected in SHARELIFE because the static setup of its
imputation model is likely to be inconsistent with the dynamic nature of the process that
generates missing values on people’s life histories.
Second, despite the static setup of the imputation model (i.e. missing values are imputed
separately by wave without using lagged variables from previous waves as predetermined
predictors), the algorithms of different waves are not completely separated one from each
other due to the presence of missing values on follow-up questions that are skipped to save
interview time. As discussed in Section 3.4, most missing values on time-invariant variables
can be recovered from the data collected in the previous waves of the panel.
In what follows, we shall focus on the MI algorithm of wave 6 because the algorithms of the
other waves have a similar structure.

Figure 2. Screenshot of the wave 6 folder.
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Figure 2 illustrates a screenshot of the wave 6 folder, which contains 40 do-files and 7
subfolders used to store additional do and ado-files (i.e. Stata programs), log-files for tracing
the output of imputation algorithm, graphs, and intermediate datasets. The SHARE MI
algorithm has a modular structure. In total, there are 9 logical steps (indexed by the first
digit in the name of each do-file) and each of them may consist of various sub-steps
(indexed by the second digit in the name of each do-file). In the following sections we
provide a detailed description of the Stata do-files used to impute the subset of nonmonetary variables. The do-files concerned with the imputation of monetary variables are
described in the SERISS deliverable D2.14.

3. Working dataset

The first step of the imputation algorithm aims to transform the raw data collected in a
given wave of SHARE to create a working dataset that imposes a common structure to all
variables involved in the imputation process. Of course, this step of the algorithm is surveyspecific as it depends crucially on the structure of the original raw data. Even for SHARE, we
had to implement several adjustments to the associated set of do-files for taking into
account changes occurred in the interview process of different waves. For other studies,
similar or even larger adjustments are necessary that require very good knowledge of the
respective datasets and the underlying structures. The creation of a working dataset
requires in general a number of data-management operations such as recoding and
renaming of the original variables, implementation of specialized routines for dealing with
currency conversion issues, branching and skip-patterns, proxy interviews, and partial
information on missing values, definition of criteria for outliers, and creation of flag
variables for various item nonresponse errors. To our experience, the coding of these
operations can be time-consuming and prone to coding errors. The key ingredient for this
step of the imputation algorithm is a good knowledge of the raw data and the data
management capabilities of Stata.
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3.1. General principles to program in Stata

In SHARE, we have implemented a separate do-file for each module of the interview
process. We have neglected only few modules (e.g. the Blood Sample and the Peak Flow
modules) concerned with the collection of experimental data that do not fit the
methodological setup of our imputation model. Few general principles for programming
with Stata revealed to be very helpful to manage this step of the imputation algorithm:
a) We never overwrite the raw data. Data-management operations are applied only
to backup copies of thereof.
b) We always trace the effects of the data-management operations implemented by
each do-file within an associated text file (i.e. a Stata log-file stored in “Log files”
folder). For each relevant operation, we show comparisons between the raw
data and the transformed data that help identify possible coding errors. Of
course, to be useful, the log-files must have a readable format. In that respect, it
is important that the do-files make a proper usage of the Stata commands quietly
and noisily.
c) We always comment relevant pieces of do-files and indent each single line of
code with a consistent style to improve as much as possible the interpretation
and the readability of our programs. Subsequent revisions of the do-files will
benefit a lot of the initial effort putted in these operations.
d) We never take for granted the correctness of the raw data. In addition to
standard checks performed during the coding stage, our do-files perform some
automatic checks on the coherency between the raw data and the instructions of
the questionnaire. In SHARE, this helped us to discover several inconsistencies in
the raw data. Instructions for correcting these data inconsistencies are usually
placed at the beginning of each do-file (after loading the raw data of a given
module) until when they are not approved and internalized by the SHARE dataproduction team.
e) Whenever possible, we try to avoid unnecessarily long do-files by coding similar
operations with the aid of loops and auxiliary do/ado-files (such as those stored
in “RUP” and “ado” folders).

3.2. The Master do-file

The file 1_1_Master contains a distinct section for each step of the SHARE MI algorithm.
After setting the current Stata working section (e.g. version of the software, amount of
memory, number of processors, seed for random-number generator, current working
directory, and directory for user-written ado-files), we define in the first section some
flexible features of the algorithm that the researcher may want to change by modifying a
single line of code. Among other things, we define in a flexible way the name of various
depository folders, the number of multiple imputations, the number of maximum iterations
and burn-in iterations for the Gibbs-sampling algorithm discussed in the SERISS deliverable
2.14. In the remaining sections of the file 1_1_Master, we simply execute in a sequential
order all other do-files of the SHARE MI algorithm. This structure allows us to execute the
entire MI algorithm by running the file 1_1_Master. Moreover, it is possible to execute the
algorithm on different workstations by changing only one line of code for the path of the
“SHARE imputations” folder.
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3.3. Selection of core variables

The first object of the do-files associated with this step of the SHARE MI algorithm is to
select a rather large number of core variables expected to be relevant for either the key
purposes of the survey or the missing data mechanism. Notice that the core variables can
have various formats: binary, categorical, count, semi-continuous and continuous.
Moreover, the subsample of respondents who are eligible for each variable varies across
different items of the SHARE questionnaire due to branching, skip patterns, and proxy
interviews. For our purposes, this implies that the raw data contain the so-called “missing
values by design” (i.e. missing values generated by the design of the interview process).
Since this type of missing values requires special attention in the subsequent steps of the
imputation algorithm, we have created a binary eligibility indicator for each core variable
that takes value 1 for the subsample of eligible respondents and value 0 otherwise.
Conventionally, we name the binary eligibility indicator of a generic variable y as y_r.

3.4. Editing of non-monetary variables

In SHARE, most of the editing operations required for binary, categorical and count variables
are straightforward. Sometimes, we have used a slightly more complex syntax for some
specific purposes. Below, we discuss two examples taken from the do-file 2_2_Clean_dn.
The first example concerns cases where we need to recover the missing information due to
follow-up questions on time-invariant variables.
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Figure 3. Syntax of the editing operations for citizenship.

Figure 3 illustrates the syntax used for dealing with this issue in the data-management
operations for the citizenship dummy variable. There are three logical stages here. First, we
load data from previous waves. Second, we generate a binary variable for longitudinal
interviews. Third, we recover the missing information in the variable dn007_ by using the
time-invariant data collected in the previous waves.
Figure 4. Output of the editing operations for citizenship.
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Figure 4 illustrates the output of this code, as it appears in the log-file associated with this
do-file. The first tabulation shows that the variable dn007_ has apparently a huge amount of
missing values. This problem arises because the CAPI instrument of wave 6 does not ask the
citizenship question to most people interviewed in some previous wave of study. By
exploiting the data collected in the previous waves, our code allows us to recover most of
these missing values. Finally, we have only 722 missing observations (i.e. about 1% of the
sample).
Our second example is about the syntax of the editing operations for ISCED coding of
education, for which the SHARE data-production team have already implemented a
specialized set of Stata do-files for mapping the country-specific educational categories into
international comparable data. Here we avoid reproducing this complex set of operations
because this strategy could be subject to coding errors.
Figure 5. Syntax of the editing operations for ISCED coding of education.

Figure 5 illustrate our implementation of the editing operation for ISCED coding of
education. More precisely, in line 316, we execute the do-files written by our experts in this
field on the raw data of wave 6. Like the data-management operations used to construct the
citizenship dummy variable, we then recover (lines 318-339) the missing values for ISCED
coding of education using the data from previous waves.
Figure 6 presents the output of this code. Notice that ISCED coding of education is one of
the core variables used in the subsequent steps of our imputation algorithm. In this step of
the algorithm, we do not want to impute the missing values of this variable. We only notice
that non-substantial answers (i.e. “Don’t know” and “Refusal”) to the items required for the
ISCED coding of education represent a negligible fraction of the sample (less than 1.5%).
Moreover, our tabulations do not show evident signals of coding errors.
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Figure 6. Output of the editing operations for ISCED coding of education.

4. Setup of the imputation process

So far, we have implemented only a number of preliminary editing operations aimed to
standardize as much as possible the structure of our working dataset. However, the
variables included in the file “mydata_final.dta” still contain missing values. 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”.

5. Multiple hot-deck imputations of non-monetary variables

In the do-file 7_1_Impute_X, we produce multiple hot-deck imputations of the nonmonetary variables that are affected by negligible amounts of missing values. The hot-deck
method involves replacing missing values of one or more variables for a nonrespondent
(called the recipient) with observed values from a respondent (the donor) that is similar to
the nonrespondent with respect to a set of observable characteristics and is selected
randomly from a set of potential donors (see, e.g., Andridge and Little 2010). Specifically, we
apply an ordered sequence of univariate hot-deck imputations separately by country. For
each variable, we always create multiple imputations of its missing values using
independent draws of the donors in the various hot-deck classes.
In this step of the algorithm, we first impute few missing values for basic socio-demographic
characteristics (namely, gender, age, education and self-reported health status) which are
then used as conditioning predictors when performing hot-deck imputations of the other
variables. For some non-monetary variables, we use a slightly larger conditioning set. For
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example, our set of conditional predictors also includes the number of children when
imputing the number of grandchildren and an indicator for being a patient in a hospital
overnight during the last year when imputing other health-related variables. For variables
that are logically related to each other (e.g. such as weight, height and body mass index), we
create multivariate hot-deck imputations by drawing the imputed values of two more
variables simultaneously from the same donor.
Figure 7. Hot-deck imputations for age and years of education.

Figure 7 shows the syntax used to create hot-deck imputations of the few missing values on
the age variable. Conditional on eligibility, we first construct a binary missing data indicator
that takes value 1 for the missing values and value 0 for the complete cases. Provided the
age variable contains some missing values, we generate multiple hot-deck imputations by
the ado-file myhotdeck stored in the “ado” folder. This command allows us to specify as
flexible arguments the list of variables used to construct the conditioning set, the count
variable used to index multiple imputations, the binary eligibility indicator, the binary
missing data indicator, and the respondent’s identifier. After imputing the missing values,
we generate an age-group indicator that is used as conditional predictor in the hot-deck
imputations of the other variables. For example, when imputing years of education, our
conditioning set includes the binary indicator for being female and the age-group indicator.
Figure 8 shows the syntax used to create hot-deck imputations for number of children,
number of grandchildren, weight, height, and body mass index. There are three worth
noticing aspects. First, eligibility to the first two variables is restricted to the subsample of
household respondents only. When creating hot-deck imputations, we take into account
this restriction by the binary eligibility indicator associated with each variable. Notice
however that, after imputing the missing values for the household respondents, we also
extend the imputed values of each replicate to the other household members.
Second, the conditioning set usually consists of the list of variables specified in the global
macro S1_X_g1 (see the do-file 1_macro_varlist stored within the RUP folder). The only
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exception is the conditioning set used to impute the number of grandchildren, which
includes the number of children as an additional predictor.
Figure 8. Hot-deck imputations for number of children, number of grandchildren, weight,
height and body mass index.

Third, for the two variables regarding respondent’s weight and height, we create
multivariate hot-deck imputations by the ado-file myhotdeck_multiv. This command has the
same syntax of the myhotdeck command, but it allows us to impute jointly two or more
variables. After imputing these two variables, we also impute passively body mass index (i.e.
we use the imputed values of respondent’s weight and height to determine the imputed
values of body mass index).
In total, the do-file 7_1_Impute_X allows us to create multiple hot-deck imputations for 69
variables. For each missing value, we generate M=5 independent imputations. The resulting
datasets are stored in the country-specific subfolders of the “Country datasets” folder under
the name “imp_data_x”.

6. Conclusions

In this deliverable of the SERISS project, Work Package 2, Task 2.4, we have described the
Stata algorithm used to create the public-use MI datasets in the first six waves of SHARE
(excluding the retrospective wave in 2008). Although the modular structure of the programs
can theoretically be adapted to a variety of other datasets, some features of the algorithm
are unavoidably tailored to the specific structure of the SHARE data. First, we have
transformed and recoded a large number of variables of varying type (e.g., binary, ordinal,
nominal, count, semi-continuous, and continuous) using flexible and efficient Stata
programs that account for possible skip patterns, partial information on the missing values,
and currency conversion issues. Then, we have created multiple hot-deck imputations of the
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missing values of non-monetary variables that suffer from moderate item nonresponse. This
imputation method does not rely on model fitting for the variables to be imputed and thus
is potentially less sensitive to model misspecification than an imputation method based on a
parametric model, such as regression imputation. A disadvantage is that some assumptions
are implicit in the choice of the metric to match donors to recipients and the observable
variables included in this metric. Moreover, sequences of univariate hot-deck imputations
may not preserve the correlation structure of the imputed variables. In the SHARE MI
algorithm, we address this challenging issue only when imputing the missing values of the
monetary variables that suffer from substantial item nonresponse. For a description of the
iterative FCS algorithm used to impute this type of variables, we refer the reader to the
SERISS deliverable D2.14 (De Luca et al, 2018).
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