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a b s t r a c t

Recent general population surveys have produced highly variable estimates of the extent of problem
gambling in Great Britain, ranging from as low as 0.4% to as high as 2.7% of adults. This level of uncer-
tainty over the true level of problem gambling creates difficulties for policy makers and those planning
treatment and support services for individuals and families affected by problem gambling. In this article,
we assess the extent to which differences in approaches to sampling and measurement between surveys
contribute to variability in estimates of problem gambling. We compare estimates of problem gambling
using the Problem Gambling Severity Index across eight different surveys conducted at approximately
the same time but which use different sampling and measurement strategies. Our findings show that
surveys conducted online produce substantially higher estimates of problem gambling compared with
in-person interview surveys. This is because online surveys, whether using probability or non-probability
sampling, overrepresent people who are more likely to gamble online and to gamble frequently, relative
to the proportions of these groups in the general population.
© 2021 The Author(s). Published by Elsevier Ltd on behalf of The Royal Society for Public Health. This is
an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.

0/).
Introduction

Since 2012, official statistics on the prevalence of gambling and
gambling harm in Great Britain have been collected using a com-
bined version of the national health surveys for England and
Scotland and a bespoke survey in Wales. These surveys use what
are considered “gold standard”methodologies of random sampling
and in-person interviewing. They have estimated comparatively
low rates of gambling harm in the adult population. The 2016
survey estimated the rate of problem gamblers to be 0.7% and the
rate of adults at risk of gambling harm to be 4.2%. Similar rates of
0.4% and 3.9% were estimated in the 2018 Health Survey for En-
gland (covering England only).

In 2019, a survey carried out by YouGov found 2.7% of British
adults identified as problem gamblers and 13.2% at risk of gambling
harm, more than three times higher than the health survey had
estimated less than a year previously for England. This survey had a
quite different methodological approach using non-probability
sampling and online self-completion of questionnaires. Such a
large discrepancy in estimates raises questions about what the true
ier Ltd on behalf of The Royal Soci
level of gambling harm is in the general population, which, in turn,
makes it difficult for policy makers and planners to determine the
appropriate level of resource allocation for treatment and support
services.

In the context of the global trend toward increased online
surveying, it is essential to better understand how survey mode
affects the accuracy of estimates of problematic gambling. Recent
evidence suggests that non-probability online samples substan-
tially overestimate problem gambling compared with probability
samples collected in person and by phone because of both selection
bias and poor measurement quality.1,2 However, it is not clear to
what extent this is because of online interviewing on the one hand
or non-probability sampling on the other.

Our objective in this article is to assess how sample design and
survey mode affect estimates of harmful gambling. We do this by
comparing estimates of gambling behavior and gambling harm
across a set of contemporaneously conducted surveys using a
consistent set of questions but different sampling and data collec-
tion methodologies. We evaluate how differences in the designs of
the surveys are related to variation in estimates of gambling
behavior and gambling harm, using this to draw conclusions about
the likely prevalence of problem gambling in the adult population
of England.
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Survey designs and measures of gambling harm

To assess how survey design features affect estimates of harmful
gambling, we consider eight near-contemporaneous surveys,
which all included the same measure of gambling harm, the
Problem Gambling Severity Index (PGSI). These were the 2016 and
2018 rounds of the Health Survey for England, the 2019 and 2020
GambleAware Treatment and Support surveys carried out by You-
Gov, and three surveys conducted for the purposes of this study in
November and December 2020 by Yonder, NatCen, and Kantar
Public. In addition, Ipsos-MORI has provided us with data from a
survey they collected for their own purposes in January 2021. The
key design features of the surveys are described in detail in
Appendix 1 and summarized in Table 1.

The Health Survey for England uses probability sampling with
in-person interviewing, and the NatCen, Kantar, and Ipsos-MORI
surveys are online probability surveys, which draw random sam-
ples from established panels of respondents who have been pre-
recruited to complete surveys on a regular basis for monetary
incentives.3 The panels are established via a “recruitment survey,”
which also uses probability sampling, although themode of contact
differs between postal (Ipsos-MORI and Kantar) and face-to-face
interview (NatCen). Of particular note is the markedly lower
response rates achieved for the probability panels (4%e15%)
compared with the health surveys (~55%). The YouGov and Yonder
surveys use a similar approach, but the established panels of re-
spondents are not drawn randomly. Instead, these panels comprise
people who have signed up to take surveys in return for monetary
incentives through a range of online and offline recruitment
strategies.4

The key variable of comparison is the PGSI.5 It is based on an-
swers to nine questions about gambling, each with four response
alternatives: 0 ¼ never, 1 ¼ sometimes, 2 ¼ most of the time, and
3 ¼ almost always. The total PGSI score is the sum of the individual
items. The total score is recoded into four categories, indicating
“non-gambler,” “low-risk,” “moderate-risk,” and “problem
gambling” for scores of 0, 1e2, 3e7, and �8, respectively. We focus
here primarily on the proportion with a score of �1 on the PGSI,
which we refer to hereafter as PGSIþ1.

Before the PGSI, respondents were asked a set of questions
asking whether they had participated in a range of gambling ac-
tivities during the previous 12 months. Those who reported no
gambling were not administered the PGSI and are given a score of
zero. Respondents were also asked how frequently they gamble.
The small number of respondents who did not provide responses to
the PGSI are excluded from analyses. The question wordings and
response alternatives are provided in the Appendix.

Results

Fig. 1 shows that estimates for the two health surveys, at 3.9%
and 4.1%, are substantially lower than all of the online surveysa,
which range from a low of 7.4% for Ipsos-MORI to a high of 16% for
Yonder.b The 95% confidence intervals for the health surveys do not
overlap with any of the online surveys, so sampling variability can
be ruled out as a potential cause of the differences.
a For simplicity, we refer to the surveys that used online self-completion as “the
online surveys,” although the Kantar and NatCen surveys used both online and
telephone interviews.

b For the random probability surveys, confidence intervals are calculated using
Taylor series linearization to account for complex design features. For the non-
probability samples, the same approach is used to account for the calibration
weights. Although this is technically not correct due to the non-random selection of
population elements, it serves as a reasonable approximation.
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The Ipsos-MORI estimate is the lowest of the online surveys, but
it is not directly comparable because it uses a 4-week reference
period for previous gambling behavior, whereas all other surveys
refer to 12 months. This likely reduces the PGSIþ1 by 1e2 per-
centage points for this survey.6 Note also that the health surveys
use a target population of adults aged �16 years, whereas the on-
line surveys, apart from Kantar (which also uses 16þ), use 18þ. It is
not possible to derive equivalent bands because the health surveys
and the Kantar survey do not contain a continuous age in years
variable. Given the small size of the 16e17 years age group and the
low incidence of PGSIþ1 in the general population, this difference
will have little or no effect on the point estimate for the general
population.

True change over time

Although we cannot rule the possibility of true change in
gambling behavior, it does not seem likely to be a major contrib-
utory factor for two reasons. First,12months is an implausibly short
interval to accommodate such a substantial increase in gambling
harm. Second, independent surveys conducted during the first
lockdown in 2020 found a decline in the frequency of gambling.7,8 It
therefore seems highly unlikely that the increase in harmful
gambling observed between the 2018 HSE and the online surveys
conducted in 2019/20 could be because of a real increase in
gambling harm in the population.

Coverage error

There are differences in the covered populations between the
health surveys and the YouGov survey, which might have caused
some of the difference in estimates. For example, the Postcode
Address File (PAF), which is the sampling frame for the health
surveys, excludes people who live in institutional addresses, such
as halls of residence, hospitals, prisons, and military barracks. The
YouGov and Yonder surveys, on the other hand, can include
members of these groups but exclude the offline population
completely. However, the Kantar, NatCen, and Ipsos-MORI surveys
also draw their samples from PAF and therefore have the same
coverage properties as the health survey. This means that coverage
error can also be ruled out as a potential cause of the differences in
estimates.

Measurement error

It is possible that some of the variability in estimates of
gambling harm derives from differences in the measurement
properties of the survey instruments. For example, answers to the
gambling questions might have been differentially affected by the
content of questions that preceded them, so-called “order effects.”9

The gambling questions in the health surveys were preceded by
questions focusing onmental health andwell-being, whereas for all
but the Ipsos-MORI survey (which first asked questions about
politics and vaccination), the online surveys asked the gambling
questions first. Although this pattern is consistent with the possi-
bility that preceding the gambling items with questions about
mental health and well-being reduces the frequency of self-
reported gambling harm, there is no obvious theoretical reason
why this should be so. Without experimental evidence to support
such a hypothesis, we conclude that the case for order effects of any
notable magnitude is weak.

There are also differences between surveys in the questions and
response alternatives. Respondents who report no gambling in the
previous 12 months on these questions are assigned a score of zero
on the PGSI, so differences in these questions could affect the



Table 1
Summary information on the sample designs of the eight surveys.

Survey Sample design Mode Sample size Fieldwork Age range Response rate Question order

HSE 2016 Probability sample,
Postcode Address File
(PAF) as the first-stage
sampling frame, all
adults in a household
are interviewed, £10
unconditional incentive

Paper self-completion
in face-to-face (f-t-f)
interview

6691 Annual continuous 16þ 55% After mental health
questions at the end of
f-t-f interview

HSE 2018 As for 2016 HSE Paper self-completion
in f-t-f interview

6927 Annual continuous 16þ 54% After mental health
questions at the end of
f-t-f interview

Kantar Probability, PAF, up to
two adults, £5
conditional incentive

Online þ phone 1795 November 24, 2020, to
December 13, 2020

16þ 5% First in questionnaire

Ipsos Probability, PAF, up to
two adults, £10
conditional incentive

Online January 21, 2021, to
January 27, 2021

18þ 4% After politics,
vaccination, views of
local area

NatCen Probability, PAF, one
adult, £10 conditional
incentive

Online þ phone 2049 November 19, 2020, to
December 20, 2020

18þ 14%

YouGov 2019 Quota sample (with
age, gender, ethnicity,
social grade, and region
as quota variables),
incentive ¼ points
toward money

Online 10499 September 24, 2019, to
October 13, 2019

18þ N/A First in questionnaire

YouGov 2020 Quota (age, gender,
ethnicity, social grade,
region),
incentive ¼ point
toward money

Online 16401 November 19, 2020, to
December 11, 2020

18þ N/A First in questionnaire

Yonder Quota (age, gender,
region, social grade),
incentive ¼ points
toward money

Online 6944 November 18, 2020 to
November 29, 2020

18þ N/A Not known

Sample sizes for England only.

Fig. 1. Estimates of the percentage of adults with PGSIþ1 across surveys.
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estimates of gambling harm. That being said, the two sets of
questions cover a large range of gambling activities, and both
include an “any other type of gambling” question, so it is not clear
why they would produce strongly different rates of gambling
prevalence. Our assessment is, therefore, that these differences in
question content and format are unlikely to be a notable contrib-
utory factor.

The health surveys include a skip instruction at the bottom of
the page of questions on gambling activities. The instructions
advise respondents who answered “no” to all these questions to
skip further forward in the questionnaire. It is possible this led
some respondents to answer “no” to all the questions to proceed
more quickly to the end of the questionnaire. However, these in-
structions are at the bottom of the page and are not especially
prominent. As there had been no similar filter questions in the self-
completion questionnaire up to that point, there was no opportu-
nity for respondents to learn that skipping questions in this way
could help them to progress faster. We therefore consider it un-
likely that this had a material impact on the estimates of gambling
prevalence in the health surveys.

It is well known that people are less willing to admit to socially
undesirable attitudes and behaviors in the presence of another
person.10 For this reason, we might expect online surveys to be
more accurate because no interviewer is present. To minimize the
risk of this kind of bias, the health surveys use a paper self-
completion questionnaire for the gambling questions. Nonethe-
less, it is still possible that the presence of an interviewer or other
household members might lead to underreporting of gambling in
the self-completion questionnaire.

We can obtain some insight on this by comparing PGSIþ1 be-
tween respondents who completed the 2016 HSE questionnaire
65
alone or in the presence of another household member. This shows
a small difference for the 2016 HSE; of the 63% who completed the
gambling questions in the presence of another household member,



Fig. 2. Estimates of the percentage of adults who have taken part in different gambling activities over the previous 12 months.
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3.9% had a PGSIþ1 compared with 4.7% for the 37% who completed
the questions alone. This difference, however, is not statistically
significant (Chi-square ¼ 0.92, df ¼ 1, P ¼ 0.354), which leads us to
conclude that socially desirable responding in the health surveys is
unlikely to be a significant contributory factor to the lower esti-
mates of gambling harm.
Table 2
Frequency of spending money on gambling (estimated percentage of adults in
England).

Frequency Kantar NatCen YouGov
2020

Yonder HSE
2018

HSE
2016

More than once a week 15.1 14.6 18.8 25.7 10.2 12.7
Once a week 22.9 27.9 26.4 27.8 23.7 27.3
Less than once a week 8.6 10.9 8.6 9.3 10.8 10.1
Once a month 18.9 19.0 17.7 16.3 13.3 12.0
Every 2e3 months 14.9 11.2 12.7 10.8 14.2 13.6
Once-twice a year 19.5 16.4 15.8 10.0 27.9 24.2
Total 100 100 100 100 100 100
Non-response error/selection bias

In probability sampling, non-response bias results from the
failure to contact sampled individuals or from their refusal to take
part in the survey once contacted. If the propensity to respond to
the survey is correlated with the population parameter of interest,
estimates will be biased.11 In general, the magnitude of non-
response bias is unknown, and we can only say that the risk of it
increases as the response rate declines.

In non-probability sampling, there is no directly equivalent
number to the response rate because recruitment typically con-
tinues until the sampling quotas are filled, and it is therefore more
appropriate to refer to themore general concept of selection bias. If,
after weighting adjustments, the kinds of people who agree to
66
complete the survey are different from people in the target popu-
lation on the characteristic(s) of interest, estimates will be biased.12

A number of existing studies have found that, on average, non-
probability surveys tend to be more biased than probability sam-
ples because of unrepresentative samples.13

Fig. 2 presents point estimates and 95% confidence intervals for
a selection of gambling activities. At the top of the chart, we see that
all surveys give similar estimates of the proportion who purchased
a National Lottery ticket, ranging from 36% in the 2018 HSE to 46%



Fig. 3. Frequency of Internet use, Kantar Public Voice survey: percentages of adults estimated from the recruitment survey and wave 7.
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in the Kantar survey. For in-person betting on horse or dog races,
however, the estimates are notably and significantly higher for the
health surveys (9%e10%) than for the online surveys (1%e5%).

The same pattern is evident for gambling at “other sports event
in person,” for which the health survey estimates are generally
higher compared with the online surveys. Some of this difference
likely reflects the cessation of in-person events in March 2020,
although the 2019 YouGov survey also shows a lower estimate than
the health surveys for in-person gambling activities, so change in
gambling behavior due to lockdown restrictions does not
completely account for the difference.

The opposite pattern is evident for online betting at book-
makers, for which the health surveys have lower estimates than the
online surveys and for online casino games, where the health
Fig. 4. Percentages of adults who engage in different online gambling activities, b
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surveys are among the lowest estimates. The health surveys, then,
also detect different types of gambling activities, with in-person
gambling more common and online gambling less common
compared with the online surveys.

Table 2 reveals a marked difference in the reported frequency of
gambling, with the online surveys showing a range of 15%e26%
gambling more than once a week, compared with 10% for the 2018
HSE. The higher rate of gambling in the online surveys is also
evident at the opposite end of the scale, with 10%e20% reporting
gambling only once or twice a year compared with 28% in the 2018
HSE.

Existing studies have found that online and higher frequency
gambling are associated with an increased risk of gambling
harm.3,14 This is also the case here, where in all the surveys, the
y frequency of Internet use, estimated from the Kantar Public Voice survey.
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estimated proportions of peoplewith PGSIþ1 broadly increasewith
higher frequency of gambling (these figures are shown in Table A2
of Appendix 2). However, it is also the case that at all levels of
frequency, this proportion is higher in the online surveys than in
the face-to-face health surveys. It therefore seems likely that dif-
ferences in sample composition in both frequency of gambling and
type of gambling activity are responsible for the higher rates of
problem gambling in the online surveys. The online surveys contain
more people more likely to gamble online and to gamble
frequently, and these characteristics are associated with an
elevated risk of harmful gambling.

We can also examine differences between the surveys in other
characteristics of the respondents, although this is limited to a
small number of variables, which are consistently available for
them. Table A3 in Appendix 2 shows the estimated distributions of
four demographic characteristics. For gender and age, these are
similar by construction because these variables are typically
incorporated in the survey weights. Estimated distributions of
ethnic group (as White vs non-White) are also very similar. Larger
differences are observed only for educational qualifications, where
the online surveys estimate more people with degree-level quali-
fications and fewer with no qualifications than do the health sur-
veys. Higher education is in turn associated with more online
betting (results not shown here), which could account for some of
the differences discussed previously.

How might these differences in sample composition have come
about? First, non-probability online panels have been shown to
produce substantially biased estimates of behaviors relating to the
Internet and technology use.15,16 Two possibilities are germane to
the question of why an online bias might be evident for the prob-
ability panel surveys. First, although the offline population and
infrequent Internet users can join these panels, they may still be
underrepresented. Fig. 3 shows the amount of time people spend
on the Internet is higher at wave 7 than at the recruitment inter-
view survey of the Kantar Public Voice panel. Because the com-
parison here is on a variable measured at the recruitment survey,
this change over time is driven by less frequent Internet users
dropping out of the panel rather than an increase in Internet use by
panel members.

Finally, Fig. 4 shows the rates of four types of online gambling in
the Kantar survey for heavy, regular, and occasional users combined
with offliners. Heavy Internet users are considerably more likely to
report all four online gambling activities. This lends additional
support to the contention that the online surveys select for people
who aremore likely to be online and frequent gamblers andwho, in
turn, are more likely to report gambling harm.

Discussion

Until 2018, official statistics on gambling in Great Britain were
delivered using probability sampling and in-person interviewing,
an approach that produced comparatively low estimates of
gambling harm. However, a survey carried out by YouGov in 2019
estimated a total of more than 6 million adults falling in the “at
risk” category. Such wide variability in estimates raises questions
about what the true level of harmful gambling is in the general
population and what the most appropriate approaches are for
estimating gambling harm. The question of how survey mode af-
fects the accuracy of estimates of gambling behavior is particularly
pressing as the COVID-19 pandemic has accelerated the shift from
interviewer administered to online interviewing.17,18

Our objective in this article has been to provide insight on the
likely rate of gambling harm in England by identifying the sources
of error that are driving disparities in estimates. To do this, we have
made comparisons between eight surveys containing a consistent
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set of gambling questions but varying approaches to sample design
and data collection. For six of the surveys, data collection was done
via online self-completion with two using a mixed-mode (online
and telephone) design, although for the mixed-mode surveys, the
vast majority of interviews (90%) were carried out online. Three of
the online surveys used probability sampling, and three used non-
probability (quota) sampling.

These comparisons have enabled us to identify selection bias as
the primary source of the differences in estimates of gambling
harm. Comparisons across a range of estimates revealed a sys-
tematic pattern: the online surveys contained gamblers who were
more likely to gamble online and to gamble frequently. Other po-
tential causes of the differences, including true change in harmful
gambling, sampling variability, coverage error, and differential
measurement error, seem unlikely to exert a notable influence.

These differences in sample composition are likely to be driving
the discrepancies in rates of problem gambling between surveys,
with online surveysdwhether based on probability or non-
probability samplesdtending to overestimate gambling harm
relative to interviewer-administered in-person surveys. A similar
pattern of online surveys overstating the true level of problem
gambling has also been observed in a recent systematic review1

(but see also Russell et al19). When samples contain dispropor-
tionate quantities of online and frequent gamblers (compared with
the general population), surveys will tend also to overestimate
gambling harm because online and frequent gambling are inde-
pendently associated with a higher probability of gambling harm.
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