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ABSTRACT
This report aims to portray the state-of-the-art in minimization and adjustment strategies for both
unit and item non-response in the framework of longitudinal surveys. First, we consider the aspects
of survey design and implementation procedures that may reduce the occurrence of non-response in
a survey. Secondly, we focus on modern weighting methods and imputation techniques that can be
used to reduce the impact of non-response on estimation and data analysis. Drawing on these reviews
we then make some recommendations for minimising the extent and impact of nonresponse and
attrition on EuroCohort

1 INTRODUCTION
Survey studies are affected by nonresponse whenever a portion of the sampled population does not
provide the requested information, or provides information that is not complete and usable. We
distinguish two types of nonresponse (Bethlehem et al., 2011):


unit nonresponse, when the respondent does not provide any information;



item nonresponse, when the respondent only provides partial information.

A direct consequence of unit nonresponse is a realized sample size that is smaller than the planned
one (assuming that no substitution strategy is used). Such a smaller sample size induces an increase
in the variance of the estimates, and thus a lower precision (Särndal and Lundström, 2005). Moreover,
if data is not missing at random (MAR, Graham, 2012), both types of nonresponse can lead to a severe
bias of the estimates. This situation is typical in the case of selective nonresponse, when some
subgroups in the sampled population behave differently with respect to the object of investigation,
resulting in their over- or under-representation in the final sample. Understanding the nature and the
causes of nonresponse is crucial in order to reduce it or to correct its effects.
These considerations apply to any kind of survey, including longitudinal panel surveys, where we
repeatedly collect data from the same respondents over time (Lynn, 2009). In this case, we add a new
dimension to the response process, the time dimension, increasing the complexity of possible
nonresponse patterns. A unit may respond in a time occasion and fail to respond in another, members
may leave the sample over time (dropouts), causing an erosion of the sample itself. This inevitable
process of “erosion” is called attrition. Panel attrition (Lynn, 2018), if not handled, can lead to both
low precision and high bias, for this reason a great amount of literature has flourished around this
topic in the past two decades.
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In this report, we aim to present some of the most recent developments in the field. We can broadly
separate two different (but complementary) streams of research that deal with the implications of
nonresponse in longitudinal survey studies:


the minimization strategies, concerning the prevention or avoidance of nonresponse
before it occurs, for example through a targeted survey design, with dedicated
implementation techniques and a focused fieldwork;



the adjustment strategies, concerning data correction, for example through weighting
and missing data imputation, in order to properly account for the nonresponse that
has already occurred.

Singer (2006) points out that statisticians have been concerned mainly with adjustment, while social
scientists and survey experts have tended to focus on minimization.

2 STRATEGIES FOR MINIMIZING UNIT NONRESPONSE
If we wish to minimize the occurrence of a phenomenon like attrition, or nonresponse in general, it is
important to understand the reasons behind it (Lynn et al., 2005; Massey and Tourangeau, 2013). In
this section, we refer mainly to unit nonresponse. In the case of longitudinal surveys, nonresponse
and sample attrition can depend on both:


endogenous characteristics of the survey design, survey protocols and modes of interview
(web surveys, CATI, CAPI, …), the type of interaction between interviewers and respondents;



exogenous characteristics of the context in which the survey is implemented, such as
demographic variables and cultural differences among groups in the population.

Under a different perspective, the practical causes of nonresponse can be sorted into three main
categories (Lepkowski and Couper, 2002): non-location, non-contact, and refusal to co-operate. In
details:


non-location refers to a failure to locate a sample unit at a particular wave of a panel survey;



non-contact refers to a failure to reach a located sample unit;



refusal to co-operate refers to the case when a sample unit, that has been successfully located
and contacted, does not agree to participate to the survey.

Problems with non-location, non-contact, and refusal can be particularly challenging in cross-national
longitudinal studies due to cultural, organizational, technical and financial barriers (Stoop et al., 2010).
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2.1 Accounting for national variation
The existence of national variation in both the extent and the correlates of nonresponse requires
various considerations regarding the design of cross-national surveys. Behr et al. (2005) analyse panel
attrition in the European Community Household Panel (ECHP), revealing strong differences in terms
of respondent participation patterns across countries. Panel attrition has high variability across
countries as well as for different waves within one country. Between-country differences in response
rates were found to be strongest in particular subpopulations, for example households that moved in
the sample period or the cases in which the interviewer changed. This cross-national variability can be
the result of demographic and cultural differences between nationalities of the respondents
(considered as subgroups of the sampled population). The impact of the characteristics of respondents
and interviewers across countries has been investigated also in Billiet et al. (2007) for the European
Social Survey (ESS), which found that the relationship between the type of respondent (cooperative
or reluctant) and some attitudinal and background variables was not characterized by the same
direction in all countries. On the other hand, analysing the ESS, Blom et al. (2011) show systematic
differences between countries are affecting not only respondents, but also interviewers. Blom et al.
(2010) gives a complete overview on cross-national differences in survey participation processes.
Interviewer training, contacting and cooperation strategies as well as survey climates differ across
countries, thus influencing differential nonresponse processes and possibly nonresponse biases. A
recent article from Bianchi and Biffignandi (2018) shows the importance of community attachment
indicator on the likelihood of contacting with members of the panel. Indicators of social participation
can be significant in explaining cooperation differences across countries, and are found to be more
significant than personality factors and well-being related variables.

2.2 Subgrouping
The phenomenon of cross-national differences in nonresponse can be explained also by interpreting
countries or geographic areas as subgroups or strata of the population to sample. Subgroups based
on this or any other criteria can be associated with response rates. A body of research is devoted to
the idea of targeting respondents on the basis of subgroups, whether they are defined by observed
characteristics or estimated propensities. As an example of probabilistic criterion, Lugtig (2014) shows
how to study attrition in a latent class framework. This method allows to distinguish different latent
groups of respondents, each following a different and distinct process of attrition. The study shows
that attriters have different types of personality, and that they value survey participation differently
from loyal stayers: attriters have less commitment and higher levels of panel fatigue. Similarly, Earp
et al. (2018) discuss a method for analysing nonresponse in a longitudinal survey using regression
trees. Regression tree models are used to identify subgroups of units that present vulnerabilities
during the data collection process. This information can be used to direct additional resources to these
groups in order to improve the response rate. In the context of Understanding Society, Bianchi and
Biffignandi (2017b) address the problem of under- and over-represented groups of individuals. Once
identified, these groups should be targeted, in order to correct the representativeness of the panel,
adapting the survey design. Fumagalli et al. (2013) suggest that a tailored approach for tracking
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strategies and respondent reports (addressing for example the needs of young people and busy
people) increases the rate of cooperation.

2.3 Improving co-operation
In order to minimize attrition in a longitudinal panel survey study it is necessary to implement
strategies aimed at improving cooperation and securing respondents loyalty. In this regard,
Aughinbaugh et al. (2017) showed how attrition in the U.S. “National Longitudinal Survey of Youth
1979” remained remarkably low, thanks to the policy of proposing the interview to all sampled
individuals in each round, regardless of their participation in previous rounds. McGinley et al. (2015)
investigates the use a social network to reduce attrition in longitudinal studies; the results of their
experiment suggest that Facebook might be an effective mean of minimizing attrition in longitudinal
studies, reducing risks on non-location and non-contact.

2.3.1

Improving cooperation by incentives

Cooperation may be improved by means of material incentives. The effect of incentives over
nonresponse is based on the social mechanism of altruistic reciprocity: an unconditionally given gift
endows trust in the social exchange between researchers and respondents. According to current
findings in survey research, unconditional gifts, in particular prepaid monetary incentives, are the
most efficient and effective strategy for reducing unit nonresponse and strengthening the cooperation
of respondents in social scientific surveys. Olsen (2005) suggests the use of targeted incentive
payments as a cost effective way of holding attrition in check. Ryu et al. (2005) give a very good
literature review on the impact of incentives; they compared cash incentive vs. an in-kind incentive in
both a face-to-face and mail survey, showing that cash incentive yielded higher response rates, while
the in-kind incentive was less effective. Laurie and Lynn (2009) give a review on the use of respondent
incentives on longitudinal surveys, producing experimental evidence that attrition rates would be
higher in the absence of incentives. Evidence of the beneficial effect of incentives in a mixed-mode
longitudinal survey is provided by Jäckle and Lynn (2008). Becker and Mehlkop (2011) carried out an
experiment to investigate whether mail survey response rates can be influenced by monetary
incentives. They showed that prepaid monetary incentives elicit higher response rates than incentives
promised once the questionnaire is returned, strengthening the respondents' trust towards the
researcher. Lynn (2001) suggests that interviewer attitudes can be a barrier to the effectiveness of
respondent incentives in interviewer-administered surveys.
McGonagle et al. (2013) examine the basic utility of the between-wave mailing and investigates how
incentives affect cooperation to the update requests. Boys et al. (2003) describe the methods
employed to maximize retention in a longitudinal study of alcohol use in 15–17 year olds with two
follow-up occasions. In this age group, rather than prepaid money incentives, the use of music
vouchers and prize-draws played an important role in encouraging participation of young people in
the study. On the other hand, the price of the vouchers comprised a significant proportion of the study
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costs. In addition, Becker and Glauser (2018) evaluate short- and long-term effects of prepaid
monetary incentives and reminders on young people's cooperation and response rate. The authors
argue that a monetary incentive has a direct and positive effect on the response rate in the shorter
field phase, while it is an insufficient instrument against panel attrition in the long-term if it is the only
strategy applied.
Sánchez-Fernández et al. (2012) show that the use of post-incentives and the use of frequent
reminders were not found to have a significant effect on retention rate in web-based survey. The
authors argue that personalization and targeting are the most effective strategies in this kind of
surveys to control attrition.

2.4 Survey modes and targeting strategies
The modes in which a survey is administered may directly affect the response rates. In the last decade,
web-surveys are becoming more and more popular: there are considerable cost and timeliness
advantages associated with web interviewing, compared to face-to-face administration and to CAPI
and CATI. However, web surveys do not perform well in terms of coverage and participation. Jäckle
et al. (2015) demonstrated that transitioning from a face-to-face longitudinal survey to a mixed mode
web and face-to-face survey is not straightforward. It can produce considerable cost savings,
increasing in attrition and item nonresponse. In addition, Lynn (2013) showed that a sequential mixedmode data collection, from telephone to face-to-face interviewing, resulted in a lower response rate
than a single-mode face-to-face protocol. However, Bianchi et al. (2017) showed that the negative
effect of a protocol transition on panel attrition was limited to the first wave after the transition, and
that it disappeared or even reversed after a few waves. Furthermore, Cernat and Lynn (2018) showed
that longitudinal surveys provide additional opportunities to boost web participation by collecting and
using email addresses for participants. Prenotification letters can effectively boost participation in
both self-completion (Taylor and Lynn, 1998) and interviewer-administered modes (Lynn et al., 1998),
but communicating additional information to sample members does not always have a beneficial
effort on response (Lynn, 1991).
In general, face-to-face protocols base their strength on the relationship that is created between
respondent and interviewer. The skills, attitudes and training of interviewers can be an important
determinant of co-operation rates in interviewer-administered surveys (Jäckle et al., 2013), as can the
extent of effort made obtain participation (Lynn and Clarke, 2002; Hall et al., 2013. Refusal conversion
can be particularly effective in a longitudinal survey context (Burton et al., 2006). Hill and Willis (2001)
illustrate how assigning the same interviewer wave after wave has a strong positive effect on response
rates. The stability of the relationship between respondent and interviewer in face-to-face or
telephone surveys is particularly important, independently from the length of the interview. Lynn
(2014a) has found no effect of the length of a first wave survey instrument on subsequent
participation propensity, however another experimental study described in Lynn et al. (2014) provided
evidence of heterogeneous effects of interviewer continuity on cooperation by panel survey
members, depending on the age and other characteristics of the interviewer. This supports the notion
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that interviewer continuity may be beneficial in some situations, but not necessarily in others.
Whether interviewer continuity is beneficial may depend on the characteristics of the previous
interviewer, the available alternative interviewers, and the respondent.
Moreover, the leverage-salience theory suggests that the “leverages” of single survey design features,
on the cooperation decision of a respondent, depended on the saliency of the attribute. Following this
approach, Groves et al. (2000) suggested a “tailored” approach, largely dependent on the
communication skills of the interviewer (on whether the attribute was made salient to during the
interview). The theme of tailoring and targeting is always present. Given that survey researchers tend
often to treat all members of a survey sample the same way, Lynn (2014b) argues that treating sample
subgroups differently, depending on what we know about them, improves participation in the
subgroups. This is what can be referred to as a targeted response inducement strategy, aimed at
improving cooperation. This concept is enforced in Lynn (2016) showing that, as an example, a
targeted initial letter can increase response rates, but these effects are uneven across sample
subgroups. Several other examples of successful targeting have been reported in the literature (Lynn,
2017).

2.4.1

Special populations and adaptive survey design

The above mentioned causes of nonresponse may be even more problematic when referring to special
populations. Flores et al. (2017) address attrition minimization in minority, low-income children
populations. The authors illustrate a successful retention strategic framework, based on optimizing
cultural/linguistic competency of interviewers, staff training on participant relationships and trust,
comprehensive participant contact information, electronic tracking database, reminders for upcoming
outcomes assessment appointments, frequent and sustained contact attempts for non-respondents,
financial incentives, individualized rapid-cycle quality-improvement approaches to non-respondents,
reinforcing study importance, and home assessment visits.
The idea of using a tailored approach and a targeted survey design fostered the literature on Adaptive
Survey Design (ASD). A very good review on this topic can be found in Tourangeau et al. (2017). ASD
implies prioritizing worst performing subgroups and attempting to equalize or balance response
propensities (Schouten et al., 2016). Within ASD, a particular issue is whether longitudinal surveys
should target hard-to-get sample members with disproportionate resources. On this topic, Watson
and Wooden (2018) show that hard-to-get cases are distinctly different from easy-to-get cases, and
that simply removing hard-to-get cases may result in severe biases.

2.5 Refreshment samples
Minimization and adjustment strategies are not to be considered alternative approaches, they often
are combined to produce better results, in particular in longitudinal panel surveys; some adjustment
strategies require auxiliary information to be collected and planned since the design phase. This is the
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case of refreshment samples, where panel data sets are augmented by replacing dropouts with new
respondents sampled from the original population. On this topic the works of Hirano et al. (2001),
Tunali and Ekinci (2007), Deng et al. (2013), Si et al. (2015) and Bianchi and Biffignandi (2017a) give a
good methodological and applied coverage. However, while refreshment samples offer the potential
to reduce cross-sectional bias, they are rarely able to provide retrospectively the data missing from
earlier waves of data collection and consequently cannot compensate for bias in (most) longitudinal
analyses.
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3 ADJUSTMENT STRATEGIES
In the previous section, we have seen how minimization strategies try to prevent attrition, acting
directly on response rates during data collection. Once data collection is over, if we are still in the
presence of selective nonresponse – unit nonresponse and/or item nonresponse – we can try to
reduce its negative effects on estimation by means of adjustment strategies. These strategies have
the potential to correct for possible bias, and can be divided into two broad families of procedures:
weighting techniques and imputation methods.
Weighting and imputation share the common technical objective to reduce the potential bias of the
estimates, using auxiliary information to rebalance the responses or to complete the missing cases.

3.1 Weighting
Weighting adjustment is typically applied to adjust for the effects of unit nonresponse. Kalton and
Flores-Cervantes (2003) and Hofler et al. (2005) give a general overview on many classic weighting
techniques, such as poststratification, raking or multiplicative weighting, linear weighting, GREG
weighting and logistic regression weighting, with a review of the major ideas and principles regarding
the computation of adjustment weights and the analysis of weighted data. A critical review can be
found in Brick (2013) with comments on the current state-of-the-art and possible future
developments.
Adjustment weights are computed on the basis of auxiliary variables, whose distribution in the
population has to be known and that have to be measured again in the survey. Weighting adjustment
is effective in bias reduction only if there is a strong population relationship between these auxiliary
variables and response behaviour. In the special case of propensity weighting, instead of adjusting for
whole set of observed auxiliary variables, the univariate response propensity score is used. Response
propensity is the conditional probability that a person responds to the survey, given her/his specific
available background characteristics. In order to compute response propensities, auxiliary information
for all sample elements is needed. Also in the case of longitudinal surveys, the problem of attrition
can be dealt with weighting adjustment. One way to do this is by inverse probability weighting; for

this purpose, we compute the probability of remaining in the sample instead of the probability of
response. This can be done again using auxiliary information, same as in a cross-sectional survey,
exploiting as well the observed target variables from previous waves of the survey.
Propensity score weighting is widely used in research and survey practice; for example, Matsuo et al.
(2010) show its good performance referring to the European Social Survey (ESS), with propensity
scores computed on the basis of key sociodemographic and attitudinal variables. In the longitudinal
framework, Mostafa and Wiggins (2015) construct inverse probability weights to adjust for sample
loss on data coming from “1970 British Cohort Study” (BCS70). Corry et al. (2017) illustrate the good
results of a comprehensive survey weighting strategy in the Millennium Cohort Family Study.
Vandecasteele and Debels (2006) examine the effectiveness of weighting in the European Community
Household Panel (ECHP). Cai and Wang (2018) compare the performance of different weighting
strategies on data collected from the Hong Kong Panel Study of Social Dynamics Survey (HKPSSD) and
the Beijing College Students Panel Survey (BCSPS). Bishop et al. (2018) use a quasi-experimental
weighting methodology based on propensity scores on National Early Intervention Longitudinal Study.
The usual nonresponse analysis and nonresponse adjustment methods do not distinguish among the
different causes of nonresponse; Iannacchione (2003) proposes the sequential weight adjustment
method for a two-stage response process consisting of contact and participation conditional on
contact. The method sequentially fits a number of logistic regression models, obtaining estimates for
the contact probability and for the participation probability, then combined in a single final weight.

3.2 Imputation
Imputation methods are a tool to deal with item nonresponse. These methods consist of replacing
each missing value by a value that is estimated on the basis of auxiliary information. Various
estimation methods are possible (Durrant, 2009; Nakai and Ke, 2011). Little and Rubin (2014) give a
complete treatment of the topic and the many variants of these methods. Single imputation is
performed when a missing value is replaced by a single synthetic value; the replacement can be
performed with either deterministic of probabilistic techniques. Multiple imputation is performed
when a missing value is replaced by a set of synthetic values. This leads to a corresponding set of
complete data sets, from which we obtain estimates of population parameters, that are then
combined to produce the final estimate and confidence intervals that incorporate missing-data
uncertainty. A milestone methodological book entirely dedicated to the extensive treatment of
multiple imputation is Rubin (2004).
Longitudinal imputation differs from its cross-sectional counterpart since it is possible, and typically
desirable, to use the observations from previous waves as auxiliary information. Fitzmaurice et al.
(2012) discuss a number of methods that can be used for longitudinal imputation. When there is
dropout in a longitudinal survey, it is profitable to use the longitudinal character of the survey instead
of cross-sectional information: previous observations on the same subject are highly correlated with
the target variables in the wave in which the dropout occurs, making good predictors for the missing
value. The quality of the imputation using information from previous waves is improved with respect
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to the case of using only cross-sectional information. In this context, Little and Su (1989) proposed a
longitudinal imputation method. It is a nearest neighbour technique, where imputation is based on
the observations that are the closest to the missing one in some defined sense. The definition of
nearest neighbours takes into account both cross-sectional and longitudinal information. The method
takes into account variation over time (previous waves) in the target variable for the unit under study
as well as variation between units for the target variable. Beaumont (2005) explores the possibility of
using paradata1 for nonresponse bias adjustment, showing that paradata can be used for nonresponse
adjustment without introducing additional bias or an additional variance component in the estimates
of population totals. In general, multiple imputation has good estimation properties, but it may
introduce issues for secondary analysts if they are not aware of the model underlying the imputation
strategy.
Many studies compare in the longitudinal framework the use of imputation methods with weighting
strategies, particularly concerning epidemiological applications. Sterne et al. (2009) emphasize the
potential for multiple imputation to improve the validity of medical research results and to reduce the
waste of resources caused by missing data. Biering et al. (2015) illustrate the use of multiple
imputation in longitudinal studies with repeated measures of patient-reported outcomes. Seaman and
White (2013) compare multiple imputation and inverse probability weighting on the British Birth
Cohort data. Examples of novel applications of multiple imputation can be found in Doidge et al. (2017)
and Nooraee et al. (2018). Multiple imputation can be performed through statistical matching, which
is a very fruitful technique to treat non response in the longitudinal case, as explored by Ucar et al.
(2016), Donatello et al. (2016) and D’Orazio et al. (2017).

4 CHALLENGES FOR THE EUROCOHORT
All of the above cited strategies and methods are highly valuable in handling nonresponse, each one
having strengths and weaknesses. In order to address this issue, Eurocohort must take into account
the peculiar nature of the population under study. Children and young adults are a special population
characterized by unique needs and problems.

1

Data about the survey data collection process. In the case of nonresponse adjustment, indicators of the
difficulty of making contact (number of interviewer visits or phone calls needed) and the reluctance of sample
members to participate (whether an initial refusal needed to be ‘converted’; interviewer assessment of cooperativeness) can be particularly helpful.
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We stress some of these peculiar factors:


children live and grow in very different environments across Europe and within countries; they
are exposed more than adults to the influence of the geographical and socio-cultural group
structure;



the family composition and the role of its members vary consistently among European
countries, influencing the mentality of children;



children and their families are exposed to economic fragility, particularly in poorer countries;



young families with children can be mobile, difficult to track and reach;



the education and the job placement systems are also different.

All these factors increase the risk of attrition and each of them can be contrasted with an appropriate
minimization or adjustment strategic proposal.
As regards minimization of nonresponse and attrition:


the extent and nature of support for the survey from institutions responsible for the sampling
frame, associated information, and access to sample members (such as government
ministries, registries and schools – depending on national sampling frames and information
systems) is likely to influence survey response rates. Gaining the full co-operation of such
institutions will be an important step towards the success of EuroCohort;



the group structure, latent or deterministic, in the population of children and young adults in
Europe suggests the use of a targeted/tailored approach to survey design. We note that the
extent to which that can be done is likely to vary between countries at the first wave,
depending on the sampling frame, but that approaches to targeting can be more standardised
at all subsequent waves, drawing upon earlier survey responses to define the targeting
groups;



Some resources should be devoted to the development of targeted strategies and the
identification of appropriate groups to target;



the economic fragility and the needs of families with young children may make them reactive
to monetary or material incentives;



taking into account a possible digital divide between countries and families, we suggest a
mixed-mode for survey administration, with face-to-face, CAPI and web-surveys (adapting the
mode to each wave);
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in addition to the use of static ASD at each wave to motivate sample members to participate,
dynamic ASD is a promising possibility for addressing unexpected field results, but relies on
responsive and flexible field management and may require additional resources;



the high mobility of young families points to the need for special measures to maximise the
chances of locating sample members at subsequent waves, we suggest collecting a range of
contact information at the end of the first interview, including phone numbers and email
addresses for both parents and “stable” contact details, to the extent that parents are willing
to provide these;



the contact information should be updated at subsequent waves and managed within a
sample management database designed to support the survey throughout is lifetime;



between-wave contacts may be a cost-effective way of maintaining respondent interest and
keeping in contact with mobile families, particularly if email can be used for a majority of such
contacts;



at each wave, an appropriate programme of reminders (if self-completion) or follow-ups (if
interviewer-led) should be planned and implemented, following best practice regarding
timing and quantity.

As regards adjustment:


an obstacle is the availability of auxiliary information at a population level. Auxiliary
information is different according to countries due to cultural and legal issues. This affects the
adjustment methods than can be used to deal with non-response at wave 1. A choice will
present itself between (limited) standardised adjustment across countries and the use of
nationally optimal procedures that may vary greatly between countries;



from wave 2 onwards, survey data from previous wave(s) can form the auxiliary data for
adjustment for attrition;



given that users of the EuroCohort data are likely to be a large and heterogenous group,
provision of general purpose adjustment weights will be important;



single imputation may be appropriate if important measures suffer relatively high item
nonresponse rates;



neither multiple imputation nor replicate weights are recommended for the majority of users,
due to the complexity of analysis using these methods. Nevertheless, some specialist users
may prefer to use these methods.
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