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Can weighting improve the
representativeness of volun-
teer online panels?

Insights from the German
Wage indicator data

Introduction

Buring the last decades, the web has become a popular
toot of data coliection not only for commercial marketing
agencies but also for scientific purposes. The introduc-
tion of web surveys has triggered a heated debate about
their scientific validity (Fricker and Schonlau 2002, llieva
et al. 2002). Arguments in their favour emphasise cost
benefits, fast data colilection, ease of processing results,
flexibility of questionnaire design, and the potential to
reach respondents across national borders. Arguments
against web surveys mainly focus on traditional types of
survey errors and related questions of quality, reliability
and validity for scientific use.

These concerns relate to various sources of survey
error. At preseni, the coverage erroris a sericus problem
for many web surveys, particularly those targeting the
general population. As not every person has Internet
access, and a list of e-mail addresses covering the whole
population does not exisi, the probability of being in-
cluded in the survey is not the same for everybody.
Moreover, though Internet penetraticn rates continue to
increase, the possible bias is related not only to the num-
ber of psople having access to the Internet, but also fo
the differences among them in age, gender, education,
and behavioural characieristics (Dever et al. 2008). An-
other major difficuity concerns implementing a probabil-
ity-based web survey in the absence of an adequate
sampling frame (Couper 2000). Problems arise particu-
larly when adopting nen-probability and self-selection
recruitment methods. In this case respondents form a
convenience rather than a probability sample and fittle is
known about the degree to which the obtained resulis
cah be generalised for the whole population. Further-
mare, people who self-select info a survey may differ
from those who do not in terms of time availabifity, web
skills, or altruism to contribute to the project (Fricker
2008).
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This is particularly problematic for non-probability
based web surveys, like volunteer online panels.!. Once
a sample of potential respondents has been selected, the
methodological concerns continue. Not all sample mem-
bers may be willing or able to complete the survey. The
extent of bias depends on the rate of non-response as
well as on differences between respondents and non-
respondents with regard to the variables of interest. Non-
response hias is not unique to web surveys. But as their
response rates tend to be lower when compared to other
modes (Lozar Manfreda et al. 2008), the problem is par-
ticularly severe. Moreover, for non-probability web sur-
veys, the problem of non-response is hard to define be-
cause its evaluation is traceable only in cases where the
frame and the chance of selection are known.

ll. Different weighting techniques as possible solu-
tions

As indicated above, a representative sample of the popu-
fation is of paramount importance when conducting a
survey. The under- or overrepresentation of certain
socio-dermnographic characteristics within the collected
sample introduces bias and affects the reliability of the
results. Comparing the population distribution of a vari-
able with its sample distribution, it can be assessed
whether the sample represents the population ade-
quately with respect to this variable. If the distributions
vary considerably, the sample is selective. To correct
this, adjustment weights can be computed to align, in the
sample, the distribution of the selective variable with the
distribution observed in the population. There are several
methods allowing this adjustment. In the present context,
post-stratification weighting and propensity score adjust-
ment (PSA) will be described in more detall.

1 Covarage and sampling is less of a problem where 2l mem-
bers of the target population use the Internet and where the
e-mail addresses of all members are known, like in the case
of students or members of organizations. Here, the exis-
tence of a proper sampling frame allows the drawing of a
probability-based sample and the generalising of conclu-
sians to the whole population using standard inference pro-
cedures.
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Post-siratification weighting is one of the common
methods. It has mainly been applied to correct socic-
demographic differences between the (web) sample and
the population under consideration. The formula for such
weights w;is:

(1) W, =pp "ps
Where p; is the popuiation proportion, and

ps is the sample proportion.

Propensity Score Adjustment (PSA) was originally
developed for the comparison of populations in the con-
text of experimental designs (Rosenbaum and Rubin
1984). It aims to correct diiferences in socio-
demographic and ‘webographic’ (attitudinal or behav-
ioural} variables regarding individual decisions to pariici-
pate in web surveys {Lee and Vaillant 2009, Loosvedt
and Snock 2008, Schonlau et al. 2009). A crucial step in
designing PSA is the identification of potentially relevant
covariates which capture the difference between the web
respondents and the population of interest® To apply
PS8A, a probability-based reference survey is needed
which contains the required covariates. After merging
both samples using the variables common to both data
sets, an indicator variable (/) is defined indicating
whether the respondent belongs tc the web survey or
not. Subsequently, the web sample is adjusted to the
probability sample by estimating via a legistic regression
the probability of each respondent to participate in the
web survey using a set of selected covariates (X)) as
predictors.
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After calculating the propensity scores, the next step
is to balance the non-equivalent groups using maiching,
stratification, covariance adjustment, or weighting on the
estimated propensity score. When applying propensity

score weighting, weights (w’°) are formed as the inverse

of the propensity score (Schonlau et al. 2007). Since the
propensity sceres refer to both web and reference survey
respondents, the propensity score weights for the two

samples (/=0 and /=1) are as follows:

1/ ps;  if ;=1 (web survey)

@Brw ¢ .
1/(1-ps;} if ; =0 (reference survey}

2 Applications of PSA for web surveys show that ail research-
ers adjust for socio-demographic variables. Moreover a
variety of specific variables, such as self-assessed health
status (Schonlau et al. 2007), and selfrated social class,
employment status, political parly affiliation, having a relig-
ion and opinion towards ethnic minorities {Lee 2006), has
been used for propensity score adjusiments.
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Against this background, it becomes evident that the
development of sample weights plays an imporfant role
in the correction of selection bias in {non) probability-
based web surveys. It has been emphasised that for
generalising web survey resulis for the whole popuiation,
post-stratification and propensity-based weights are nec-
essary {Duffy et al. 2005). Nevertheless, the implications
of the different adjustment procedures are still under
discussion. Until now their application has produced
rather diverse results, and there is no certainty as to
whether the representativeness of web surveys can be
improved (Taylor 2005, Vehovar et al. 1999). Therefore,
the next section will evaluate the effectiveness of the two
described weighting techniques in adjusting biases aris-
ing from non-randomised sample selection using the
2006 German Wagelndicator Survey data (Lohnspiegel)®
and the Sacio-Economic Panel (SOEP) as a probability-
based reference survey. The SOEP is used as z refer-
ence survey because it provides the greatest overlap of
variables with the Lohnspiegel.

IIE. Analyses

Both data sets collect information on a wide range of
subjects including basic demographics, wages and other
waork-related topics. Most importantly, they also include
variables such as health and jcb satisfaction, which can
be considered as webographic variables. Furthermore,
as the applied weights shouid improve ail kind of wage
estimations, the samples have been restricted to employ-
ees, persons aged between 16 and 75 living in Germany,
and a monthly gross wage between 400-10000€. For
PSA it was also necessary to eliminate missing values
which finally led to samples of N=21914 (Lohnspiegel)
and N=7993 (SOEP).

As indicated above, before weighting techniques can
be implemented, it is important to evaluate the selection
bias by comparing the distributions of specific variables

- between the web and the reference survey. In this re-

spect, research has shown that the Lohnspiegel is af-
fected by typical selection bias: women, highly educated
persons’ older persons (45-65+), part-timers, persons in
manual occupations, persons living in a region with a
high unemployment rate, and persons who are safisfied
with their health and their job are underrepresented
(Steinmetz and Tijdens 2009).

3 Although in most countries the number of observations of
the WIS is larger than in national labour force surveys, the
samples seem to fail o be representative of the population
because of the above-mentioned methodological problems.

4 This is a rather surprising finding that might be due to the
fact that in Germany persons with ‘lower’ education might be
attracted to the project via a web-link which is prominently
placed on a trade union-related homepage.

www.concepts-methods.org



Based on these findings, post-stratification and PSA
weights are constructed. The first post-stratification
weight (PSWH1) simply contains the core demographics
variables {gender, education and age). However, as the
description revealed that part-timers are also underrepre-
sented, the second weight (PSW2) includes gender, edu-
cation, age and part time. Finally, the third weight
{PSW3) examines whether a minimum of variables (only
part time and job satisfaction), which are predominantly
affected by selection bias, is sufficient to adjust the sam-
pies.

For PSA, different models have been defined. The
first model (PSA1} includes gender, education, age, oc-
cupation, working hours, type of coniract, region, and log
wage. To test the effect of ‘webographic’ variables, the
second model (PSAZ) additionally includes variables on
heaith and job satisfaction. Running logistic regressions,
for all model specifications the variables are found to
have a significant effect on the selective participation in
the web survey (see for more detailed information on the
analyses, Steinmetz and Tijdens 2009). -

Results

The following figure 1 describes the differences in the
mean wages between the unweighted and weighted
Lohnspiegel and the SOEP. The black bar (Diff) indicates
the differences bhetween the two data sets without
weighting.
Lohnspiegel is around 173€ higher than in the SCEP.

Figure 1: Differences in gross monthly mean wages,
weighted and unweighted LS and SOEP, 2006
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Source: German LS and SOEP 20086, own czalculations
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It shows that the mean wage in the

Figure 2: Differences in the effectiveness of weights
for selected variables, weighted and unweighted LS
and SOEP, 2006

IDiffﬁPS\NZEPSWSEJPSA1PSA2|

Source: German LS and SOEP 2006, own calculations

A properly designed post-stratification and propensity
score weighi could be expected to reduce the difference
between the two data sets.

The application of the different weights indicates that
out of the three post-stratification weights, only PSW2
{gender, education, age and part time} and PSW3 (part
time and jobs satisfaction) are capable of adjusting the
mean income of the web sample to the reference sample
(striped bars). Aiso the two defined propensity score
weights (P51-2) reduce the differences between the web
and the reference survey. However, PSA1 (contfaining
only socio-demographic and labour market-related vari-
ables) seems to be more efficient in adjusting the two
samples.

In a next step, the four ‘successful’ weights were im-
plemented for the adjustment of the distribution of se-
lected variables. Figure 2 shows the differences in the
percentage of these variables between the SOEP and
the unweighted (black bar) and weighted Lohnspiegel. -
Again, it is expected that the differences between the two
unweighted surveys weaken with the implementation of
the different weights. The results indicate that the appli-
cation of post-stratification weights is capable of levelling
out the under- and overrepresentation of the combined
classes of gender, age, education and pari-time (PSW2)
or part time and job satisfaction (PSW3). However, it
does not enhance the comparability of web survey and
reference survey respondents, for instance, with regard
o their job satisfaction (when applying PSW2). With re-
spect to the propensity score weights, the results show
that the differences between the SOEP and the
Lohnspiege! became slightly smaller for all variables.

Cnly in case of job satisfaction the results for PSA1
(without any webographic variable) indicates that the
differences even became larger. However, in comparison
to the post-stratification weights, propensity score
weights do not iead to a complete adjustment of the two
samples with respect to specific variables.

o
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IV. Conclusion and Discussion

Besides several arguments in favour of web surveys,
there are, pariicularly for non-prebability based web sur-
veys, fundamental concerns about the generalisation of
resuits from such data sources for the whole popuiation.
In this contribution, pest-stratification and propensity
score weights have been applied to a German web sam-
ple in order to determine the extent to which they are
capable to correct observed selection biases. Similar to
findings from previous studies (Lee 2006, Schonlau et al.
2009), the resuits for post-stratification weights show
that, on average, the impact is very limited. Furthermore,
they ‘make the proportions of the varables used compa-
rable, bul this does nof necessarily make the answers
belween web respondents and personally inferviewed
pecple more comparable with regard lo attitude gques-
tions” (Loosveld and Sonck 2008, p. 104). Only minimal
changes could be observed when applying PSA to adjust
also for attitudinal questions. It should moreover be un-
derlined critically that the difference between the sam-
ples with respect to selected variables of interest some-
times even became larger instead of smaller (see PSA1).
Moreover, the inclusion of additional ‘webographic’ vari-
ables did not improve the adjustments considerably.

Against this background, the findings illustrate that
the different weighting methods using balancing vari-
ables do not fundamentally increase the representative-
ness of web survey data. Even though the applied
weighting techniques do not seem to provide adequaie
possibilities of generalising web survey results for the
whole population, it should be pointed out that the col-
lected ‘unweighted’ web data are nof useless. The under-
lying reasons for the failure of the applied weights could
have different reasons: the used reference survey might
alsc be affected by selection bias, there may be different
mode effects in the web and the reference sample (web
questionnaire vs. face to face interviews). With regard to
propensity scores, it could also be argued that more vari-
ables, particutarly webographic variables, have to be
included. To dlarify these problems, more analyses and
advanced correction techniques are needed.

Finally, critics stressing problems of generalising find-
ings of non-probability based web surveys should con-
sider that the problem of self-selection may also arise in
the case of probability-based samples. Persons who are
willing to participate in a survey always differ frem those
wha are not participating. In this context, it seems worth-
while to recail the advice by Couper and Miller (2008} not
to treat survey guality as an absolute goal, but to evalu-
ate it refative to other features of the design and the
stated goals of the survey.

i
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