RICHARD FREEEMAN
DAMIAN RAESSE
FEARBELLE FERRERAE

Statistical Tests for the Wagelndi-
cator Web-Survey: A Preliminary
Skirmish

Surveys that diverge from random samples of speci-
fied populations have become increasingly imporiant in
social science and husiness research. On the positive
side, the Internet offers the possibility of obtaining infor-
mation inexpensively from large samples. On the nega-
tive side, it has become increasingly difficult for standard
surveys fo obtain the sample response rates that they
had obtained in the past. Historically, researchers have
always had difficulty abtaining good response rates, so
that many surveys and analyses are based on non-
represeniative samples — in many cases, case studies.

This essay addresses the issue of data quality in web-
surveys where the sample of web-respondents is non-
random (Bethlehem 2008; Couper 2000). it focuses on
the problem of generalizability frem non-representative
web-survey samples by discussing the example of the
international Wage!ndicator web-survey - a large cross-
country non-representative international survey (see
Tidens 2005)". Specifically, it describes and explains the
statistical tests we have conducted on the US web-based
Paywizard® data. It also presents a plan for comparable
tests in other Wageindicator couniries that we think are a
necessary first step to systematically assess the data
reliability of both the national and international data set
generated by the Wagelndicator project.

1 The Wagelndicaior is an internaftional, continuous
web-based survey about wages and empioyment
Issues. It was launched in The Netherands in 2001.
It has been growing rapidly, with currently more than
40 countries participating across
4 continents (Europe, Asia, Africa, North and South
America). For more information, see
www wageindicator.org.

2 Paywizard is the specific name of the US version of
the Wagelndicator survey {see www.paywizard.org).

wwi.concepis-methods.ofg

To examine the possible bias in the data produced
through the Paywizard (PW) survey, we do run a number
of tests on data from the Paywizard and compare the
results with those generated for a reference survey
based on a representative sample (for similar strategies,
see for example Faas and Schoen 2006; Fricker et al.
2005). The first exercise is thus to identify the reference
survey for a national Wagelndicator data setl. in the US,
for example, it is the Current Population Survey (CPS).

The proposed statistical strategy to probe the gener-
alizability of the Paywizard daia applies a thres-staged
series of tesis {o the classical labor economics model of
the determinants of income. Our baseline model uses the
basic socio-demographic variables gender, age and edu-
cation as explanatory variables. Subsequent specifica-
tions may inciude employment characteristics such as
employment contract {e.g. permanent vs. temporary; full-
vs. par-time), industry, occupation, etc. In what follows
we shall explicate the three famities of tests. For illustra-
tion purposes, we present basic results for the United
States (US).

1) Summary Statistics of Variables

The first test is to compare the distribution of the vari-
ables across the two data sets. To facilitate interpreta-
tion, a summary table of the resulis containing the means
and standard deviations of the variables is desirable,
though one should also look at the entire distribution to
see if higher moments appear simitar or dissimilar.

The rafionale for this test is to examine whether the
Paywizard is biased in terms of its representation of gen-
der-, age-, education- and income-groups. Weighting can
deal with bias in the means, but more sophisticated
analysis is necessary if the distributions differ in other
ways.
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Our experience says that:

Income, a continuous variable (e.g. weekly gross
wage), might be fop-coded in the representative dataset,
in which case the same top-coding rule should be ap-
plied to the national Wagelndicator dataset.

For comparison of income, use the logarithmic func-
tion of income {loginceme), rather than income, because
income is a noniinear function with independent variables
and has a lognormal shape in most situations. Gender is
a dichotomous variable, with male=0 and female=1. The
metric variable age is censored to restrict respondents to
the working age population, for instance defined as the
18 to 65 age group. Finaily, education is a numeric varn-
able with each category measuring the number of years
of schooling corresponding te the highest grade of school
completed (e.g. 14 categories ranging from group ‘154"
grade’ or 2.5 years of schooiing to group ‘Doctorate’ or
22 years). :

For #lustration purposes, we run the tests on a simpli-
fied, baseline model of the determinants of income, com-
paring sample characteristics between the CPS and the
PW. Our simple model uses binary measures for three

independent variables, as follows: gender (‘male’=0;

‘female’=1), age group ("16-34'=0: “35-75'=1), and educa-
tion (1" grade thru high school graduation, ‘low-
medium'=0; some college and above, ‘medium-high’'=1).
Due to top-coding of the earnings variable in the CPS,
we restrict our dependent variable, hourly gross wage, to
the values ranging from US$1.5 to US$150. We use
2007 data for both the CPS and the PW. The sample
size is 158745 for the CPS, 668 for the PW.*

Our main resuits are that:

Wamen, younger people, and skilled employees are
over-represented in the Paywizard sample (Table 1).
Highly-educated people, in particular, are strongly over-
represented: nearly 80% of respondenis have attended
‘some college’ in the PW vs, 60% in the CPS.

Average wage is about 30% higher in PW (US$ 24.2)
compared to the CPS (US$ 18.7). This is partly ex-
plained by the higher share of high-educated workers in
PW. Note also the greater incidence of very high pay
(hourly wage between USS$100-150) in the PW (Figure

1),

Tabie 1. Distribution over gender, age, and education
in the CPS and PW, 2007, in %

gender age group education
men  women  16- 35- fow- - med--
34 75 med high
CPS 501 499 - 347 653 398 60.2

PW 475 525 417 583 123 87.7

3 We exclude from the samples the self-employed, the
unempioyed, the disabled, and students in full time educa-
ficn who work less than 16 hours per week..
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Figure 1. Distribution over wage in the CPS and PW,
2007, in US$

2) Some Analysis of Correlations among Variables

The second step is to compare the correlation matrixes
among variables of the model between the two data sets.
We use the Pearson correlations coefficient for all vari-
ables.

We stress the correlations between variables for two
reasons. First, even though the mean of a variable can
be biased because of the non randomness of the sam-
ple, its product-moment correlation coefficient fo a de-
pendent variable could be the same {or not so much far
off) as to the one of the representative sample.  For ex-
ample, if every person under the age of 12 screamed at
a horror maovie the correlation between age < 12 and
screaming would he the same in a sample that had a
biased age distribution as in a representative sample.
Second, focusing on correlations is relevant because one
of the crucial virtues of a non-representative survey is to
find out pafterns or relationships in the data that reflect
behavior — much as the purpose of experimental psy-
chology is to see how volunteers respond to situation,
not to use them to make a statement about the popula-
tion.
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Our correlational analysis concludes that:

The associations involving income (logwage) are
properly signed - income rises with age, with education,
and, as expected women earn less than men {although
the association is not statistically significant). Nofe that
the size of the correlation coefficient between education
and incomne is considerably smaller in the PW.

Women tend to be less educated than men in PW
(though not significantly $0) but more educated in the
CPS.

Table 2A. Correlation matrix, CPS

wWOomen iogwage age- educa-
group tion
women 1
logwage -0.16%* 1
age group Q.02+ 0.26% 4
education 0.08** 0.33% 0.03** 1

Note: ***significant at 1% or lower; ** significant at 5%,
* significant at 10%

Table 2B. Correlation matrix, PW

women logwage age group  edu-
cation
women 1
logwage -0.06 1
age -0.02 0.24% 1
group
education -0.03 0.09* 0.05 1

Note: ***significant at 1% or lower; ™ significant at 5%;
* significant at 10%

3) Analysis of Coefficients of Regression

The third test consists of comparing regression coeffi-
cients of the determinants of income with gender, age
and education as regressors between the Paywizard and
the Current Population Survey (i.e. between a national
Wagelndicator data set and its reference survey, a repre-
senfative data sef).

Logincome is a continuous variable, therefore we use
QLS io determine coefficients. Because of the nonlinear
functional form, we add the variable age? (age-square)
on the righ{-hand-side, alongside age, gender and edu-
cation. 'We compare unweighted, weighied, and quantile
regressions. Regarding weighting, we recommend to
weight the data from the Paywizard sample to render it
comparable to the representative data. The data is
weighted by education using all education-groups avail-
able. Further analyses may consider more fine-grained
weighting, not just by education, but also by gender, age
groups and occupation or industry {see de Pedraza et al.
2007).

www.concepts-methods.org

Our regression results, summarized in Table .3, show
that:*

Compared to the baseline resulis from the CPS, the
unweighted regression coefficients in the PW are cor-
rectly signed but biased and often lacking statistical sig-
nificance. This was expected because pariicipation in
the PW web-survey is volurteer (non-random).

Weighting does help in reducing the bias, although it
does not eliminate the bias.

Median quantile regressions appear fo narrow the
bias even further than simple weighting — suggesting that
the weighted and unweighted results in PW might be
driven by extreme values in the PW sample.

Table 3. Determinanis of income {Dependent vari-
able: log hourly gross wage)

CPS Pw Pw cps PW
unweighted unweighted weigmed5 quantile  gquantile
women  -0.208*** -0.076 «0.113 -0.2ie g9t
{0.002) (0.051)  (0.089)  (0.003) (0.079)
age 0.086™* 0.084** 0.045**  Q.O70**  0.086***
(0.901) (0.016)  (0.019) (0.001)  (0.024)
agesq 0007 -0.001* -0.000* -0.001* -0.001*
(0.003)  {0.000)  (0009)  (D.000)  (0.000)
education 0.364** 03.123 0.186** 0374 0.241**
(0.003) (0.678) (0.084)  (0.003)  (0.120)
constant  1.205** 1,063 1788 1.114™ D.e21™
0.011} (0.297) (0348  {0.012) {0457

4} Further steps in the analysis

The key value of the non-representative web survey is
that it obtains information on variables not necessarily
covered by any standard dafa set. In this context, the
key methodological question is, if the web survey gives
similar results to the reference survey (with random sam-
ple) on income (or en any variables present in both sur-
veys), can one conclude that the results from the non-
representative sample would generalize to the rest of the
population for the variables that exist only through the
web survey?

If the web survey gives dissimilar results on income
{or on other variables present in both surveys) to the
resulis in a reference data set, there should be ways to
adjust the moment matrix. Yet this is very new and we
are not clear on exactly which tests to conduct to render
this possible and sound.

These are far-reaching statistical questions that we
hope to address during an upcoming conference.

4 Note that here we use the continuous variable age, not the
dichotomous variable age group
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Concluding remarks

Web-surveys run the risk of bias due to the non-
randomness of the sample. I is therefore essential to
develop statistical analysis fo test the generalizability of
nen-representative sample. This memo has described a
set of statistical tests aimed at assessing the data quality
of the web-based Wagelndicator survey. Basic illustration
of the tests on US data show significant bias in the non-
representative Paywizard data, while techniques such as
weighting and median quantile regression analysis (or any
estimation that gives less weight to the extreme values)
appear promising venues for reducing the selection bias.
We hope that this and more elaboraied tests yet to be
defined will form the basis of a methods template that will
be systematically applied by every nationai Wagelndicator
team on their data in order fo generate a strong data sei
on wage and employment issues across the globe.
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