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1. Introduction 
 
In this paper, we focus on the process of attrition in the first two years of the LISS 
panel study. In this Dutch online panel study, respondents complete a number of 
questionnaires on a large variety of topics every month1. Attrition or permanent 
dropout from the panel is one the most important sources of error in panel surveys. 
Even modest attrition rates can greatly reduce the number of respondents over the 
course of the panel, reducing statistical power. When attrition is selective (i.e. when 
specific respondents have a greater propensity to drop out), attrition can more 
importantly lead to biased survey estimates. 

Analyses of attrition in panel surveys have repeatedly shown that attrition is 
selective. Most often, survival or hazard-rate models are used identify the respondents 
at risk of attrition. Most of the panel surveys used in these analyses however collect 
annual data, and attrition is in such models seen as a permanent state, as respondents 
move out of the population, die, or otherwise are assumed not to participate in any 
future waves anymore. 

In the LISS-panel respondents complete questionnaires monthly. The high 
frequency of data collection implies that wave non-response is more likely to occur 
for any respondent over the course of the study. Respondents are busy in one month, 
are on holidays for a number of weeks, or forget to complete a survey. In fact, most 
panel respondents in the LISS panel fail to complete one or more of the monthly 
surveys, before re-entering the survey at a later time. This leads to a total of 1983 
different missing data patterns for the 10229 original sample members.  

The nonresponse patterns in the LISS panel bear a resemblance to those of 
consumer or access panels, where respondents also complete surveys very often. 
Some respondents always participate, others only do so when they feel like it, and 
again others start out enthusiastically, but with time lose interest. Such complicated 
response patterns make it difficult to specify survival models, let alone interpret how 
covariates affect these responses. 

Therefore, we propose to study attrition in a Latent-Class framework in order 
to identify different types of respondents based on completion patterns of all the 
questionnaires in the first years of the LISS-panel. This will lead to a number of 
groups that are characterized by different response patterns: for example, the faithful 
stayers, the sleepers or irregular participants. Next, we analyze the characteristics of 
                                                 
1 For more background information on the LISS-panel, see www.lissdata.nl  
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the respondents in these groups. For this, we use socio-demographic and 
psychological background variables 
  
2. Modeling response patterns 
 
For now, we only use data from the first 24 full waves of the LISS panel, spanning the 
period of January 2008 to December 2009. At times, respondents in the LISS-panel 
were allowed to ‘catch up’ on questionnaires they missed at a later wave of the 
survey. For now, we coded such behavior as a wave nonresponse for the wave in 
which the questionnaire was originally fielded. This resulted in binary data for 24 
waves and 10229 cases. 
The response data were modeled using a Latent Class Framework. The advantage of 
using Latent Classes is that respondents are categorized based on the similarity of 
their response patterns. In the Latent Class model (LCA – see figure 1 left) all wave 
responses are being treated as independent from each other; i.e. the longitudinal 
nature of the data is ignored. The Latent Class Growth Analysis (LCGA) takes a 
different approach. Here the wave responses are treated parametrically, and wave 
responses are explained by a Latent intercept (i), linear slope(s) and quadratic slope 
(q) parameter (see figure 1 right). The LCGA-model is less flexible, but this is offset 
by the fact that fewer estimated parameters can lead to a better model fit (Kreuter & 
Muthen, 2008). An extension of the LCGA-model is Growth Mixture model, which 
does allow for interclass variability, and treats the class effects as random(i.e. the 
variances of the intercepts and slopes are estimated freely so interclass variability is 
allowed for (Feldman, Masyn, & Conger, 2009). In this paper we for now concentrate 
on the LCA and LCGA-model.  

 
Figure 2 shows the fit of both the LCA and LCGA models for a number of classes. 
We evaluate the model fit by looking at the values of the Bayesian Information 
Criterion (BIC) which takes absolute model fit and model complexity into account. 
The lower the value of BIC, the better the model fits the data. Apart from the BIC 
values, we also evaluated the values of a Likelihood Ratio Test of any model with one 
less class, and we evaluated the solutions of all models. We chose the LCGA model 
with ten classes as our final model, because of the fit of the data and substantive 
results from the distribution of the response patterns (Feldman et al., 2009). 
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Figure 1: LCA model (left) and LCGA/GMM model (right). I = intercepty, s= linear slope, 
q=quadratic slope, C=Latent classes. 
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Figure 2:  BIC values for 1 – 12 class solutions for the LCA and LCGA models. 
 
The resulting classes and the response propensities for each class are shown in Figure 
3. Here, we for example see that about 40 per cent of all respondents participates 
every month of the panel survey. The second largest class (13%) is comprised of 
respondents whose response propensities gradually decline over the course of the 
study, while the third largest class (12%) consists of respondent who drop out very 
quickly after the start of the study. Three smaller classes describe attrition after about 
9, 12 and 16 months of the panel study. The seventh class describes respondents who 
participate irregularly from the start of the panel study, but have no declining response 
propensities. The last three classes describe the refreshment sample which was added 
to the panel study from the summer of 2009.  
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Figure 3:Rresponse propensities and class sizes for the 10 Latent Classes (LCGA-10) 
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3. Explaining the attrition process  
 
Findings from the literature 
 
The final step in explaining the attrition process in the LISS panel, is adding 
covariates to our model. The LISS panel provides a lot of background information on 
respondents. However, due to the fact that some Latent Classes contain a lot of 
missing data, we are forced to constrain our analyses to covariates that were either 
recorded in the recruitment interview, or have been asked repeatedly and are not 
subject to large changes over the course of the study (i.e. respondent traits). We 
explicitly choose not to study any survey errors that were introduced prior to the 
recruitment interview. Most of the literature in survey methodology is focused on 
preventing survey errors during the first stage of the study. Although we want to stress 
the importance of this stage for limiting the size of total survey error, we now focus 
on the determinants of nonresponse conditional on enrolment in the survey. 

Much of the literature and theories about panel attrition stem from research 
into (cross-sectional) nonresponse. In analyzing both nonresponse and panel attrition, 
it is often useful to make a distinction into wave nonresponse caused by either 
noncontacts or refusals. The LISS-panel study is different from other panel surveys, in 
the sense that it is not interviewer-administered. All respondents are contacted 
through e-mail, although at times, phone numbers and postal addresses are used for 
reminders and ‘thank you cards’. Although noncontacts do occur in Internet panel 
studies when respondents do not read their e-mail, the distinction into noncontacts and 
refusals is here of only limited use.  

Studies into attrition over a long period (we focus on studies spanning more 
than 10 waves) have shown that the household situation is an important determinant 
of attrition. Similar to the literature on nonresponse, females have been shown to 
attrite less often than males (Behr, Bellgardt, & Rendtel, 2005; Lepkowski & Couper, 
2002). Age is not related to attrition, although the oldest old and children around the 
age of 18 are more at risk (Lips, 2007). Most of these effects seem to disappear 
however when controlling for a change in household situation (the young), or health 
(the oldest old) (Jones, Koolman, & Rice, 2006). 

People with a higher Socio-Economic Status (SES) - higher education and 
income - are sometimes found to attrite less often. Results from earlier studies are 
however mixed (see Uhrig, 2008 for a review). People from an ethnic minority attrite 
more often (Lips 2007). Most importantly however, are marital status, whether 
someone moved (or is planning to move) (Lillard & Panis, 1998) and the size of the 
household (Lips, 2007; Uhrig, 2008). The fact that household composition is very 
important is probably due to persuasion of other household members to stay involved 
in the panel survey. 

Although respondent characteristics are helpful to model attrition processes 
and possibly to prevent or correct for attrition bias, they do not always explain 
attrition adequately. Circumstantial factors are important as well. Respondents easily 
miss out on one wave, because they are moving, are busy or are on holidays. Missing 
out on one wave might lead to nonresponse at a later wave because of decreased 
involvement with the survey itself. Similarly, a gradual decrease in survey enjoyment 
or a lack of loyalty might also explain why people initially do participate in a panel 
survey, but then decide to drop out after a number of waves. Such psychosocial 
variables have not been studied very often, probably because of practical reasons 
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(they require a lot of interviewing time). Respondents in the LISS panel have all 
completed the Big Five personality scale (Stocké, 2006) which is suggested to be 
related to amongst others self-image and self-discipline that can predict attrition. We 
further add variables on perceived survey enjoyment, survey value and survey burden 
(Loosveldt and Storms (2008); Rogelberg (2001)) as well as the need to evaluate, the 
need for cognition and various questions about life satisfaction.  
 
Modeling the covariates 
 
 
The starting point of the full model including covariates is the LCGA model with 10 
latent classes, as described in section 2 of this paper. The class memberships are 
regressed on the covariates, leading to a multinomial logistic regression model. We 
use three hierarchical sets of covariates, but only show the full model here.  

 
The covariates in our model were either 
measured in the recruitment interview, or 
were repeatedly measured, so we have 
the least amount of missing data. 
Moreover, the refreshment samples, that 
were added to the LISS panel in the 
summer of 2009, were left out of the 
analysis.  
However, some 1500 cases still have 
missing values on one or more of the 
covariates. For now, we deleted these 
cases from the analysis. This brings the 
total sample size for the LCGA analysis 
to 7156 
 
 
 

Table 1 shows the results from our analysis. We chose to use Latent Class 4 as the 
reference category, as the attrition rate in this Latent Class is about average. The 
parameters shown represent multinomial logistic regression coefficients, or risk ratios. 
These ratios represent the change in the odds of being a member of a Latent Class 
versus the reference Class (latent class 4) given a one unit change in the independent 
variable (Tabachnick and Fidell 2007). 
Most of our results are insignificant. However, we do see that females attrite are 
significantly less found in those Latent Classes that never attrite, or attrite very late in 
the panel study. We find that respondents who did not receive an Internet connection 
and SimPC at the start of the panel, are more than twice less likely to attrite than 
respondents in class that attrited after about a year.  
One of the most important predictors of class membership is whether respondents find 
the survey enjoyable. An increase of one standard deviation on this variable, amounts 
to a 20% higher chance to be a member of the loyal stayer Class (1). People who find 
the survey one standard deviation more enjoyable are three times more likely to 
belong to the Latent Class that participates very infrequently. Whether respondents 
enjoy the survey, thus matters a great deal in predicting attrition. Other important 
protectors from attrition are being a conscientious person, having a strong belief in 
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Figure 4: The full LCGA model with covariates 
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scientific research, being older or having a lower income. Fast attriters (Class 6) are 
more extravert, while lurkers (class 7) are more likely to live without a partner. 
 
Table 1: results from the LCGA model with covariates explaining attrition 
Class/ odds ratios 1 2 3 4 5 6 7 
 40 13 5 5 3 12 9 
Attrition after…. never gradual late 12m 9m quick lurkers 
Gender (fem) .22** .27* .08** Ref 1.35 1.41 1.00 
Age 1.06** 1.03** 1.04** Ref 1.05** 1.04** .97 
Income (ln net.) .93* .98 .96 Ref 1.01 1.00 1.00 
Education 1.04 1.10 1.06 Ref .99 .92 1.27 
Size HH .64 .61 .67 Ref .93 2.76 .93 
urbanicity 1.18** 1.09 1.13* Ref 1.07 1.02 1.27* 
Number children 1.04 1.23 1.68 Ref .71 .27 1.37 
No Partner 
(dummy) 

1.20 .95 1.15 Ref 1.07 .84 2.74* 

No Internet access 
provided  
(dummy) 

1.23 1.12 3.31** Ref 2.91* 2.30* - 

Neuroticism 1.05 1.04 1.07 Ref 1.02 1.08 1.55 
Extraversion .92 .96 1.01 Ref 1.02 1.18* .73 
Agreeableness .85* .95 .91 Ref .82 .89 1.23 
Openness .88 .97 .86 Ref .97 .86 .49 
Conscientiousness 1.20** 1.08 1.12 Ref 1.20** 1.14 1.12 
Need to evaluate 1.09 1.05 1.04 Ref .99 .97 1.35 
Need for 
cognition 

.90 .85* .94 Ref .75** .87 .74 

Workethic .95 .86** .94 Ref .99 .90 .89 
Surveyfun 1.18** .98 .95 Ref .80** .67** .51** 
Surveyvalue 1.04 1.10 .98 Ref .92 1.08 .136 
Surveyburden 1.00 1.01 1.05 Ref 1.00 1.04 1.27 
Health 1.16 1.09 .98 Ref 1.10 1.34 - 
Satisfaction house 1.01 1.30 .94 Ref .91 .89 - 
Satisfaction 
surroundings 

.99 .92 .99 Ref .94 .80 - 

Belief in science 1.24* 1.26* 1.13 Ref 1.33** 1.13 - 
Notes: ref – used as the reference class. 
The numbers presented here are odds-ratios (for categorical variables) or multinomial logistic 
regression coefficients (for continuous variables).  
Interpretation of classes: 1  - loyal stayers, 2 - gradual dropout, 3 - late dropout, 4 - dropout after about 
12 months, 5 - dropout after about  9 months, 6 - quick dropout, 7 –lurkers (infrequent participation), 8 
- refreshment sample1, 9 - refreshment sample2, 10 - refreshment sample3 (see figure 3). 
Pseudo R-squares: Cox and Snell .76, Nagelkerke .79, McFadden .40. 
 
Future work 
 
The results presented here are preliminary work. Future work will focus on different 
missing data mechanisms for the covariates, and will take the multilevel-data structure 
(respondents within households) explicitly into account. Also, we will look more in 
detail at the differences between the GMM and LCGA models. 
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Also, in the first months of 2010, respondents who were frequent nonrespondents in 
the LISS panel, were re-contacted by phone. They were asked about their reasons not 
to participate anymore, whether they were prepared to re-enter the panel. An incentive 
was offered experimentally. We look analyze what type of respondents is re-activated 
using this approach. Also, we will see whether their re-newed participation in the 
LISS panel is permanent, or whether they drop out again at any time.   
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