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Abstract 

This paper extends research findings about factors linked to panel bounce backs in an online 
probability-recruited panel to the content of non-probability online panels. This paper 
investigates the impact panel member attrition derived from bounce backs has on panel 
representativeness as a panel ages. Whether particular groups, formed by variables identified 
in the literature, are more or less likely to display attrition from bounce backs over time is also 
investigated. Findings indicate that factors related to attrition non-response bias in 
probability-recruited online panels do not hold for non-probability online panels and this may 
be attributable to reasons of self-selection bias.
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Introduction

Bounce backs occur when people change their email address, email service provider, or close 
their email account without informing the email sender. Also, network error, a busy mail 
server, a full mailbox, electing to block emails from a particular sender (or by reporting an 
emailed message as ‘spam’) can also result in emails being ‘bounced’. These actions, whether 
inadvertent or intentional, result in sent emails being returned to the sender without ever 
having being seen by the intended recipient. Bounce backs constitute a form of panel attrition 
in an online panel context, where attrition is said to occur when a once active panellist 
becomes inactive for one reason or another (Callegaro and Disogra, 2008). In the market 
research context of online panels, where respondents have been pre-recruited to participate in 
research surveys, this means the potential number of responses for a survey is fewer than the 
number of emailed invitations sent and that this must be accounted for when calculating 
response rates by subtracting bounce backs from this total (Callegaro and Disogra, 2008). 

The issue of erosion of an online panel’s pool of potential respondents, whether through 
unsubscribing, bounce backs, or any other forms of attrition, is of concern to panel 
administrators and organisations commissioning market research because any reduction in the 
total pool of potential respondents similarly reduces the likelihood of achieving desirable 
sample sizes and representative samples. This issue is of greater concern if the pool of 
potential respondents is small to begin with, or the people displaying the attrition, such as 
those ‘giving’ bounce backs, are skewed toward one particular demographic sub-group. 

This paper examines bounce backs as a form of attrition and the impact on an online panel’s 
demographic profile. 

Literature and Research Question

Online surveys are one of the fastest growing methods for data collection in market research, 
and this is accompanied by growth in online panels (Couper, 2000). The rapid growth of 
online data collection techniques has caused some consternation amongst marketing 
researchers and practitioners, as the same standards and benchmarks that exist for traditional 
methodologies, such as phone and mail, have not been empirically validated in this 
comparatively new context (Couper, 2000). Researchers have raised concerns regarding 
appropriate metrics to use when reporting online panel findings for both probability recruited 
and non-probability recruited panels (see Callegaro and Disogra, 2008 for a thorough 
discussion). Probability recruited panels are made from a sample that has been recruited 
randomly and thus has statistically projectable results to the population being measured. In 
contrast, non-probability recruited panels, which are more prevalent, are recruited in such a 
way that the probability of being selected to participate in the panel is unknown and thus 
results are not strictly generalisable (Bowers, 1998). The impact of attrition related non-
response and the potential implications of this in the context of non-probability recruited 
panels has been noted in the literature as an area for investigation (AAPORSC, 2010). 

Panel attrition is a natural process for every panel and, at certain levels, it is possibly a good 
thing because it minimises the impact of panel conditioning, although this is only speculative 
(AAPORSC, 2010). ‘Normal’ attrition of a panel occurs when panellists ‘leave’ and are not 
replaced, either by unsubscribing for reasons such as the panel is no longer of interest to them, 



surveys are too long for them, etc, or they ‘give’ a bounce back through any of the methods 
mentioned previously (AAPORSC, 2010). ‘Forced’ attrition involves removing or ‘dropping’ 
a panel member and is determined by rules or standards established by the panel 
administrators (AAPORSC, 2010)

For non-probability recruited online panels the amount each identifiable variable contributes 
to overall attrition is currently unclear. High levels of panel attrition may be related to 
panellists’ dissatisfaction with the panel and duration of panel membership. Research on 
online panels by the American Association for Public Opinion Research Standards Committee
(AAPORSC) (2010) established that a panel’s newest members, rather than established panel 
participants, are more likely to display attrition. Other factors linked to the phenomenon of 
attrition include age; with younger respondents being identified as a difficult segment to 
recruit initially, and one that is also more likely to drop out (Dennis, 2003; Tortora, 2009). 
However, this finding, although confirmed by other longitudinal web based panels (see Silver 
et al., 2002) appears to only have been tested for online panels recruited through probability-
based methods. A non-probability based sample may display different levels of attrition to 
that of a probability recruited panel because of self-selection bias, whereby participants have 
sought to include themselves in the panel (opted-in) because of their own interest and are 
therefore more likely to stay active, compared to a randomly recruited participant whose 
interest may be lower.

The prior noted propensity for younger people to drop out of panels might be explained by 
employment factors. In a report by the Australian Bureau of Statistics (2008) regarding job 
mobility, younger people aged 34 years or less, were found to be more likely to change 
employment over a 12 month period than their older counterparts. This higher incidence of 
job mobility could, therefore, be one factor driving higher bounce backs amongst this group, 
as the cessation of employment would potentially see that person’s work email account 
become inactive. This is one hypothesis this paper investigates. 

Other factors found to be related to attrition, and thus potential drivers of bounce backs, 
include income, education, employment, ethnicity, and political attitudes (Clinton, 2001; 
Dennis, 2003; Tortora, 2009), yet once again all of these variables and the impacts they have 
on attrition were identified only in the context of online panels recruited through probability 
methods. Given that all these variables have been identified as biases common in online 
panels because of self-selection and coverage biases, it leads to concerns that panels become 
increasingly unrepresentative as they age, especially if one particular group displays greater 
attrition than others and these groups are not replaced through panel management. The other 
concern is that as a panel ages and attrition occurs, for whatever reason, then the reliability of 
longitudinal data are reduced because the core of tracked respondents is reduced and changes 
in behaviours and attitudes become harder to measure (Dennis, 2003). 

The prior findings for probability recruited online panels are tested in this paper in the non-
probability online panel context. Variables tested include: panel tenure, age of panel member, 
education, and employment status. 

Methodology

The data is drawn from three online panels established by local government for the purpose of 
conducting research with residents. The panellists, some 2000 across the three councils, were 
residents who had volunteered to join their city council’s panel and “have a say” on local 



issues through completing online surveys. All were recruited via non-probability opt-in 
processes run by the councils, using both online and offline methods. To participate in the 
panel, members had to complete a registration survey that collected their contact and 
demographic information. The use of an individualised URL with a unique identifier for each 
panellist enabled responses to be tracked over time and matched to the information collected 
in the registration survey. If a survey could not be delivered to a panellist for any reason that 
email would be returned to the administrators and the details of that panellist would be 
recorded. The same researchers administered each of the surveys reported on here.

Members who produced a bounce back were not removed from the panel. Instead, they were 
still sent invitations to participate in each subsequent survey in the hope that their email 
account would become active again in the future. Because bounced panellists were not 
removed from the panels, as the panels aged the number of bounce backs generated represent 
a cumulative figure.

The collection of the data on bounce backs was received at varying time intervals depending 
on when new surveys were sent to each panel, and these time intervals ranged from two to 
five months. Unfortunately, no standard interval period between surveys was available in the 
data and this is a limitation of this study. However, the number of bounce backs observed 
over the measurement periods, as a proportion of overall panel membership, did fluctuate by 
one or two percent between survey periods, enough to discern changes in the individual 
proportions for each category of the variables measured and thus determine whether the 
ageing of the panels ameliorated or exacerbated the representativeness of the panels. The 
number of bounce backs as a proportion of overall panel membership varied between panels 
by up to nine percentage points, with Panel A receiving the largest proportion of overall panel 
bounce backs at 12%. This panel was used as the starting point for analysis and as a basis for 
comparison with the other two panels. 

For these panels, unsubscribing was very low (over the seven data sets considered, only three 
had unsubscribed panellists and in all instances these accounted for less than 1% of the total 
panel) and response rates high implying low incidences of multiple non-completion of 
surveys.  Therefore, for the purpose of this research, attrition is being driven almost 
completely by bounce backs.

Using descriptive statistics, demographic data (age, education and employment status) and 
panel tenure data were compared between those panellists responsible for giving bounce 
backs and the overall profile of all other panellists. Similarities and differences between the 
proportions of these two groups were compared across each of the three panels in order to 
determine whether any patterns were evident, and what impact the ageing of the panels had. 

Results and Discussion

Panel A’s bounce backs began at 11% and grew by 1% in three months (refer Table 1). Panel 
B began at the more conservative level of 3%, but similarly grew one percentage point to 4%, 
although this growth in bounce back attrition occurred over the space of almost five months. 
Panel C exhibited the largest percentage change in bounce back growth in the shortest amount 
of time, going from 8% to 10% of total panel membership within three months. The reason 
Panel B has such a low starting proportion of bounce backs compared to the other two panels 
appears to be due to the relative newness of the panel itself. At the time of Panel B’s first 
survey in May 2009, three quarters of panellists had been panel members for a year or less 



and the remaining 25% had been with the panel for 12-21 months. By comparison, only 16% 
of Panel A and Panel C’s panellists had been with their respective panels for a year or less, 
whilst 80% of Panel A’s members had already been with the panel for between 15-27 months 
and the remaining 84% of Panel C’s members had between 12-24 months of tenure accrued.

Table 1: Increase in bounce backs across three panels

Panel Survey Date Bounce Backs
n

Panel Size
n

Bounce Backs
%

A Sept-09 78 729 11
A Oct-09 95 761 12
A Nov-09 93 765 12

Average 89 752 12
B May-09 26 782 3
B Sept-09 30 804 4

Average 28 793 4
C May-09 38 460 8
C Jul-09 46 469 10

Average 42 465 9

Contrary to the suggestion by the AAPORSC (2010), as the panels aged, the newest members 
were not responsible for the greatest levels of attrition by bounce backs, as shown in Table 2. 
Instead, this tendency was more prevalent amongst panellists with a 12-18 month tenure. 14% 
of all bounce backs as a proportion of panellists in that category were exhibited by this group 
– this length of panel tenure also accounted for the largest segment of panellists with an 
average distribution of 31% of all panellists across the three panels having accrued 12-18 
months of panel tenure since the last survey. In comparison, those with three months tenure or 
less, since the previous survey, accounted for an average of only 2% of bounce backs as a 
proportion of all panellists in that category.

Table 2: Average bounce backs based on panel tenure as a proportion of people in that category

Length of time on panel since last survey (months)

≤3 3-6 6-9 9-12 12-15 15-18 18-21 21-24 24-27
Bounce back ave. – Panel A 6 0 7 4 4 8 12 15 10
Ave. panel distribution – Panel A 4 2 4 5 3 9 14 34 23
Bounce back ave. – Panel B 1 3 1 4 6 3 0 0 0
Ave. panel distribution – Panel B 10 13 24 29 13 11 1 0 0
Bounce back ave. – Panel C 0 5 4 0 10 12 4 5 0
Ave. panel distribution – Panel C 4 4 4 5 16 41 12 16 0
Bounce back ave. – total 2 3 4 3 7 7 5 6 3
Average distribution – total 6 6 11 13 11 20 9 17 8

If the age of a panellist was a factor driving higher levels of attrition, perhaps for the reason of 
greater levels of job mobility amongst the young, then we would expect the proportion of 
bounce backs amongst this group to be systematically greater than the proportions of the 
overall panel profile for the same age groups, as found by Dennis et al (2003) and Silver et al 
(2002). This was not the case here. In only Panel C did the proportion of bounce backs exceed 
the proportion for the overall profile of the panel in the 16-34 year old category, and only by 
1.5%. Aside from this, no evidence of the young being more likely to display attrition was 
seen. In fact, those aged 65 or older systematically displayed more levels of bounce back 
attrition over time than the overall panel profiles, across all three panels. 



For employment status, no observable patterns were evident in the rates of bounce back 
attrition across any of the categories, over time. Panellists working full time were responsible 
for the greatest average proportion of bounce backs at 39% and full time workers represented 
an average of 44% of all panellists across the three panels. However, the rate of bounce backs 
amongst this group, or any other group, fluctuated from survey to survey. The data on 
employment was recorded at a fixed point in time, however, so it is not possible to determine 
if panellists had changed their employment status over time and this is a study limitation.  

The variable of education did, however, show several patterns across all three panels. Those 
with an education of ‘year 11 or equivalent’ were responsible for increasing levels of bounce 
backs over time in all three panels, as shown in Table 3. Meanwhile, overall panel distribution 
for this segment actually declined marginally for panels B and C, whilst Panel A grew by just 
more than 1%, suggesting that these panels did not succeed in offsetting the attrition from 
bounce backs from this segment over time. Furthermore, those with an education of ‘year 12 
or equivalent’ actually displayed diminishing levels of bounce backs in each of the three 
surveys over time. The overall representation of this group did also drop over time for Panel 
A, B and C, yet this was marginal (2.2%, 0.9% and 0.1% respectively). This suggests that, 
bounce backs began to skew the panels over time towards slightly more educated participants. 

Table 3: Education and bounce backs over time

Panel A Panel B Panel C

Yr.11 Yr.12 Yr.11 Yr.12 Yr.11 Yr.12

Bounce backs % – initial survey 6.7 85.0 7.7 91.7 3.4 96.6
Bounce backs % – final survey 11.0 77.0 10.7 89.3 5.6 94.4

Panel distribution % – initial survey 12.1 76.1 6.4 88.9 6.3 90.1
Panel distribution % – final survey 13.3 73.9 6.2 89.0 6.2 90.3

Many of the variables said to be responsible for driving attrition of probability-based panel 
samples were tested here, yet only one – education – displayed any replicable patterns across 
all three data sets, and even this was at a very low level. In two of the tested variables – panel 
tenure and age of panellist – the results were opposite to what was reported in prior literature. 

Implications and Future Research

The impact of self-selection for non-probability recruited online panels appears to override 
the variables found in probability-based online panels to be responsible for driving attrition. 
This has two main implications; as non-probability based online panels age they appear not to 
be adversely affected by attrition bias, as in most instances the attrition from bounce backs 
appears random. Panel administrators should monitor the effect of self-selection bias, as 
excessively low levels of attrition may actually damage the reliability of future surveys 
through increased conditioning effects. A stagnant panel is likely to become conditioned over 
time as panel members become desensitised to scales and item response variability decreases. 
This is also a potential area for future research.

It was also not within this paper’s scope to investigate the impact of inactive panel members 
who did not unsubscribe. This is another key component of attrition and may show results that 
replicate those found in prior literature that examined all causes of attrition rather than just 
bounce backs. Additionally, not all variables found to drive online panel attrition, such as 
income, ethnicity and political attitudes, were tested here because of limitations with the data. 
Future research should address these issues.
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