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Abstract
The gambling industry tends to frame gambling harms as a matter of personal responsi-
bility, which is implicit in their messages like ‘gamble responsibly’ or ‘take time to think’.
Jurisdictions such as Australia and the UK are replacing industry messages with a range
of independently designed ones, like in tobacco warning labels. Counter-industry mes-
sages have been proposed to challenge industry narratives, e.g., ‘gambling products are
designed to be addictive’. Here we tested 10 potential counter-industry messages among
UK gamblers (N = 4,094) using a mixed-methods approach. Results showed that the three
best-performing messages came from existing counter-industry campaigns. Participants
believed the messages and agreed that they were relevant to people experiencing gam-
bling harm. Participants experiencing higher levels of harm tended to see the messages
as more personally relevant to them. Free-text analysis showed that ‘gambling products
are designed to be addictive’ received the most positive responses, and also that personal
responsibility views were widespread among participants. Messages randomly shown later
in the experiment were appraised more positively, suggesting that counter-industry mes-
saging may become more effective when its core message is repeated in multiple ways.
Continual design and testing will contribute to the development of best approaches and
inform future implementation.
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Introduction
Independently designed health warnings have long been used in public health, most
notably tobacco. Inmany countries, governments and independent bodies, rather than
the tobacco industry, design and mandate health warnings on cigarette packs, and
there is evidence that these warnings increase awareness of smoking risks and pro-
mote quitting behaviour (Farrelly et al., 2002, 2005). In gambling, policymakers are
increasingly turning towards population-wide preventive measures, as evidence has
accumulated that harms are not confined to a small segment of high-risk gamblers
(van Schalkwyk et al., 2021; Browne et al., 2023; Wardle et al., 2024). Population-wide
measures can include advertising restrictions (McGrane et al., 2024) and restrictions
on harmful product design features (Newall, 2023). Given this evidence, the UK gov-
ernment recently announced that, from 2026, it will also introduce independently
designed messages, developed specifically to replace industry-designed slogans across
England, Scotland and Wales (Peacock, 2025).

In 2023, the Australian government also implemented independently designed
harm prevention messages for gambling advertising and websites (Chapman and
Priestly, 2022). This is consistent with evidence that, for example, ‘gamble responsi-
bly’ reminders are routinely ignored by sports bettors (Lole et al., 2019) and that other
industry slogans like ‘when the fun stops, stop’ or ‘take time to think’ have no posi-
tive behavioural impacts (Newall et al., 2022, 2023a). The seven Australian messages
use different communication strategies, such as helping gamblers to self-appraise their
behaviours (Gaudett et al., 2025); highlighting the likelihood of losing money (Newall
et al., 2025b); or highlighting the positive emotional benefits of not gambling (Newall,
Weiss-Cohen, Van Baal et al., 2025). However, harm prevention messages have also
been designed to counter industry narratives that gambling harm is solely a matter
of personal responsibility (Mills et al., 2023), an approach which has seen success
elsewhere in public health.

Counter-industry campaigns have shown demonstrable utility. Products like ultra-
processed food, tobacco and alcohol are all promoted by commercial interests despite
their potential harms (Kickbusch et al., 2016). These interests tend to, much like the
gambling industry, frame potential harms as issues of personal or individual con-
sumer responsibility, rather than commercial or industry responsibility (Hancock and
Smith, 2017; Chater and Loewenstein, 2023). Counter-industry campaigns aim to
disrupt this framing. Counter-industry alcohol advertisements have led to increased
perceived awareness of alcohol harms (Dixon et al., 2023). Framing healthier eating as
an adolescent rebellion against food industry advertising led to a reduced consump-
tion of sugary drinks and food (Bryan et al., 2016, 2019). The United States ‘Truth’
campaign demonstrated the effectiveness of counter-industry approaches by exposing
tobacco advertising strategies targeting youth, coinciding with a 22% decrease in youth
smoking rates between 1999 and 2002 (Farrelly et al., 2002, 2005).

A local UK government group, Greater Manchester Combined Authority, ran
a localized counter-industry gambling campaign called ‘Odds are: they win’ (Mills
et al., 2023). This campaign featured adverts on public transport and public places,
e.g., ‘Gambling harm is not only financial, it can impact your health, wellbeing
and relationships’, and ‘The main purpose of gambling companies is to maximise
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profit, generated through customer losses.’ Peer-reviewed research on this campaign
described its co-creative design involving academics and people with lived-experience
(Mills et al., 2023), but the campaign’s effects have not been studied quantitatively.
One experiment which focused just on the campaign’s title found that compared to
‘odds are: they win’, that an alternative framing of ‘odds are: you lose’ appeared more
relevant to participants, showing that small word changes can shift perceived rele-
vance (Newall et al., 2025b). Such effects bear similarities to framing effects, such
as in the rare disease problem’s mortality/survival framing difference (Tversky and
Kahneman, 1981), or it may instead be perceived as a manifestation of loss aversion
(Tversky and Kahneman, 1992). To address this issue, verbal reports from participants
exposed to different versions of the ‘odds are’ campaign could improve understanding
of the public’s reception of these messages, and how different individuals interpret and
reason about them (Ericsson and Simon, 1980). This suggests that counter-industry
message design and implementation should involve a range of message options/word-
ings, methodologies and stakeholders both prior to, and following implementation, to
ensure independently designed harm preventionmessages are both research-informed
and empirically effective.

We consulted various sources to better understand how to design counter-industry
messages, including harm-prevention information already available to the public.
Chapter-one.org is a counter-industry public information webpage developed by
people with lived experience of gambling harms. The website contains lay sum-
maries of academic evidence such as Schüll’s (2012) research on land-based casino
and electronic gambling machine design, and information on gambling stigma and
the population burden of gambling harms (Browne et al., 2016; Langham et al.,
2016; Quigley, 2022). Gamblingunderstood.co.uk was developed by the Association
of Directors of Public Health Yorkshire and Humber and has similar information as
well as a page for members of the public to add their own descriptions of gambling
harms anonymously. A wealth of counter-industry information (including from peo-
ple with lived experience) therefore exists that potential messages could be derived
from.

Counter-industry messages could also be derived from research. Gambling adver-
tising tactics, such as those showing gambling in a positive light and offering ‘free bets’
with confusing terms-and-conditions, were highlighted in one counter-industry inoc-
ulative video (Torrance et al., 2025). At one-month follow-up, this led to significant
increases in knowledge of persuasive industry strategies and a significant decrease in
the uptake of ‘free bets’. Additionally, gambling advertising’s use of celebrities (Han and
Saunak, 2025) could be particularly memorable or persuasive due to their widespread
appeal and perceived credibility (Lamont et al., 2016). The gambling industry has
been estimated to make between 79–88% of its profit from just 10% of people who
gamble (Forrest et al., 2022; Zendle and Newall, 2024). Statistics like this could be
framed either as an issue of personal responsibility, or a failing of corporate respon-
sibility via the provision of immersive and always-available gambling products (James
et al., 2019). This non-systematic summary suggests that novel counter-industry mes-
sages are worth testing alongside messages derived from existing counter-industry
campaigns and websites.
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Harm prevention messages can be tested by multiple methodologies that differ in
how closely they approximate real gambling behaviour. Randomized controlled tri-
als (RCTs) looking at messages’ effects on behavioural outcomes might produce the
most robust evidence. For instance, in naturalistic RCTs, messages are implemented
in real gambling environments and people’s own gambling accounts and money are
used to assess behavioural change (Heirene and Gainsbury, 2021). However, the small
effect sizes observed in previous RCTs means that this methodology is not well-suited
to testing large numbers of candidate messages (Auer and Griffiths, 2015). Another
approach can use incentivized experiments, in which participants’ decisions determine
realmonetary gains provided by the experimenter, and therefore have behavioural con-
sequences (Newall et al., 2023a). However, these studies are costly due to the need to
endow participants with monetary stakes, and given the large sample sizes needed to
detect reliable behavioural effects given the small effect sizes observed frommessaging.

A third, more scalable methodology, which was used to select the set of Australian
messages (Chapman and Priestly, 2022), involves hypothetical self-reports where par-
ticipants do not gamble with real money and receive no monetary incentives. Instead,
they provide self-reported ratings of their perceptions and future intentions in response
to messages (e.g., perceived relevance and perceived effectiveness), and no gambling
behaviour is directly observed (Davies et al., 2022; Newall et al., 2024; Rockloff et al.,
2024). We therefore decided to utilize a hypothetical self-report methodology with
four measures (explained further in the Methods section): (1) ‘This message makes
me want to gamble less’; (2) ‘This message is relevant to me’; (3) ‘This message is rel-
evant to people experiencing gambling harm’ and (4) ‘I don’t believe this message’.
Participants also completed the Problem Gambling Severity Index (PGSI; Ferris and
Wynne, 2001), to see if any outcomes were moderated by participants’ levels of gam-
bling harm. Participants were also able to enter free-text perspectives on all tested
messages, providing an outlet to perform exploratory natural language processing
analyses.

The present study was designed as the next step in a broader series of studies eval-
uating different types of harm prevention messages, extending the knowledge of how
different types of messagesmay potentially bemore or less effective for gamblers at dif-
ferent risk levels. Overall, the present work’s aim is to provide timely, policy-relevant
evidence on a novel class of counter-industry messages that regulators may consider
for implementation, thereby adding to the limited empirical literature and informing
subsequent work.

The following aims were preregistered:

1. For each of the four dependent measures, messages will be tested against each
other and against the scale midpoint (i.e., 4).

2. To rank all messages based on overall performance, each message will first be
ranked from best to worst on each of the four dependent measures, then by
calculating each messages’ multidimensional average rank.

3. To see if message rating depends on participants’ PGSI scores, an interaction
model will be run on each message and rated dimension.

4. Participants’ voluntary feedback for each message will be explored using sen-
timent analysis and topic modelling. Additionally, interpretative qualitative
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analysis will be used to further explore deeper meaning and implicit attitudes
within the data.

Methods
Ethical approval was obtained from The University of Bristol #27402. The full supple-
mentary results, data, code and materials are available from: https://osf.io/q6srz. The
study’s preregistration can be found at: https://osf.io/uzrvb.

Participants
Participants (N = 4,269) were recruited online via Prolific in August 2025, and paid
£1 each for their participation (£7.25 per hour pro rata). Average completion time was
8.27 minutes (SD = 7.03). Overall, 49.5% of the sample was female (see Table 1 for
further demographics). Eligible participants were UK residents aged 18 or over (Age:
M = 40.3, SD = 12.11), who had previously reported to Prolific that they have engaged
with at least one non-lottery and non-bingo gambling format (see Table 2), as peo-
ple who only gamble on these formats tend to be of lower risk of harm (Costes et al.,
2018; Maltzahn et al., 2022). A total of 175 participants were excluded (final sample:
N = 4,094), 158 for not completing the survey, 13 for self-reported careless responding
and 4 for completing the study too quickly in under 2 minutes, which were prereg-
istered exclusion criteria. For this project, producing a precise estimate of different
messages’ ranked potential effectiveness is important due to the possible policy impli-
cations. In addition, large sample sizes are key for using unsupervised natural language
processing techniques. Text responses can be noisy, exhibit uncommon thoughts, and
estimating topic distributions over the documents requires a large number of them.
We estimated that around one-third of people would leave high-effort data in the text
boxes, allowing for a large enough corpus to explore less commonly discussed topics.
Due to these two considerations, we chose a relatively large sample size of 4,000 par-
ticipants. We therefore also make limited inferences about effect sizes, rather than only
statistical significance.

Participants’ average PGSI score was 3.4 (SD = 4.7). Overall, 33.4% of participants
scored 0 (no-risk category), 26.3% scored between 1 and 2 (low-risk; M = 1.4), 25.7%
scored between 3 and 7 (moderate-risk; M = 4.5), and 14.6% scored 8 or more (high-
risk; M = 13.0).1

Materials
The 10 messages assessed in the present work, and their corresponding abbrevia-
tions, can be found in Table 3. Five messages were selected from existing campaigns
and research studies. ‘Gambling products are designed to be addictive’ (abbreviated to
Designed Addictive) was selected from Gambling Understood (2023). Two messages
were taken from Chapter One’s website: ‘Gambling is designed so there is little time to

1We use the less stigmatizing terms ‘no-risk’ and ‘high-risk’ in this study for the lowest and highest
gambling risk categories (Biggar and Wardle, 2024).
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Table 1. Demographic characteristics (N = 4094)

Demographic category N (%)

Gender

Female 2025 (49.5%)

Male 2069 (50.5%)

Ethnicity

White 3536 (86.4%)

Black 194 (4.7%)

Asian 206 (5.0%)

Mixed 126 (3.1%)

Other 29 (0.7%)

Not available 3 (0.0%)

Employment status

Full-time 2355 (57.5%)

Part-time 568 (13.9%)

Not in paid work 266 (6.5%)

Unemployed/job seeking 134 (3.3%)

Starting soon 13 (0.3%)

Other 76 (1.9%)

Data not available 682 (16.7%)

stop and reflect’ (abbreviated to Little Time). This message was adapted from a longer
quote on the website from the Clinical Director of NHS Northern Gambling Service,
which is available from Chapter One (2025a). The second is a direct quote from a per-
sonwith lived experience of gambling harms: ‘Gambling companiesmake a lot ofmoney,
and they’re not doing that by making lots of winners’ (Chapter One, 2025b; abbreviated
asNotWinners).The nextmessage, ‘Themain purpose of gambling companies is to max-
imise profit, generated through customer losses’ (abbreviated to Customer Losses), was
duplicated from an ‘odds are: they win’ advert (Mills et al., 2023). Finally, the message
“‘Free” bets are designed to make you spend your own money’ (abbreviated to Free Bets)
was taken from an experimental study testing a counter-industry intervention video
on gambling advertising (Torrance et al., 2025).

To develop the five novel messages, first, a survey was sent out to 14 gambling
researchers and lived experience advocates to gather ideas for new counter-industry
messages.The authors used these suggestions to help generate five novel messages.The
firstmessage attempted to build on othermessages about harmful products to then fur-
ther attempt to destigmatize harmful gambling ‘People are not the problem: Gambling
companies encourage us to gamble on addictive products’ (abbreviated to Addictive
Products). Another reads ‘Gambling companies want your money, and gambling can
cost you more than any leisure activity’, which challenges the industry-favoured notion
that gambling is an inherently harmless pastime (abbreviated to Cost More). Another
novel message is similar in intent, ‘Gambling companies make most of their money from
people who lose it all’ (abbreviated to Lose All), which is consistent with evidence on the
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Table 2. Online gambling engagement (N = 4094)

Gambling formata N (%)

Lotteryb 2641 (64.5%)

Slots 2440 (59.6%)

Bingob 2158 (52.7%)

Blackjack 1810 (44.2%)

Roulette 1769 (43.2%)

Poker 1594 (38.9%)

Race & Sports Book 1440 (35.2%)

Virtual sports betting 1223 (29.9%)

Video poker 519 (12.7%)

Pachinko 185 (4.5%)

Baccarat 171 (4.2%)

Craps 144 (3.5%)

None of the above 6 (0.1%)

Not applicable / rather 1 (0.0%)

not say

Notes: aParticipants could choose more than one gambling format.
bThese participants played the lottery and bingo in addition to another gambling format.

distribution of gambling losses. One novel message reads ‘Celebrity endorsements may
seem genuine, but they did not get rich by gambling ’ (abbreviated to Celebrity Endorse),
which attempts to counter the use of celebrities in gambling advertising. The last novel
message reads, ‘Online gambling is always available because the gambling companies
are always winning.’ (abbreviated to Always Available), which attempts to explain why
online gambling is made so easily available.

For the present work, we chose three self-report measures that were previously used
to assess other harm prevention messages: ‘This message makes me want to gamble
less’; ‘This message is relevant tome’ and ‘Thismessage is relevant to people experienc-
ing gambling harms’ (Newall et al., 2025b; Newall,Weiss-Cohen, Van Baal et al., 2025).
We also used a self-report measure which appeared particularly relevant to counter-
industry messages. Since any framing of corporate responsibility is relatively rare in
gambling, participants were asked to rate their agreement with the measure, ‘I don’t
believe this message.’ All measures were assessed using four 7-point Likert scales (from
strongly disagree to strongly agree). For each message, the option to provide free-text
feedback was given to participants using the following instruction: ‘Feel free to enter
any thoughts that you might have on this message’.

Procedure
Following provision of an information sheet and participants giving consent, the order
of completing the PGSI and message ratings were randomized. The order in which the
messages appeared was also randomized for each participant. Additionally, the order
of the four dependent measures was randomized at the start of the study for each
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Table 3. The 10 counter-industry messages and their abbreviations as ranked by overall performance
(average rank across each measure in brackets)

Rank Message Abbreviation Existing campaign?

1 (1.25) The main purpose of gambling companies
is to maximise profit, generated through
customer losses.

Customer Losses Yes

2 (2.50) Gambling companies make a lot of money,
and they’re not doing that by making lots
of winners.

Not Winners Yes

3 (3.25) Gambling products are designed to be
addictive.

Designed
Addictive

Yes

4 (4.75) Gambling companies want your money,
and gambling can cost you more than any
leisure activity.

Cost More No

4 (4.75) Gambling companies makemost of their
money from people who lose it all.

Lose All No

6 (5.25) Online gambling is always available
because the gambling companies are
always winning.

Always Available No

7 (7.00) ‘Free’ bets are designed to make you spend
your ownmoney.

Free Bets Yes

8 (8.75) People are not the problem: Gambling
companies encourage us to gamble on
addictive products

Addictive
Products

No

9 (8.75) Celebrity endorsements may seem
genuine, but they did not get rich by
gambling.

Celebrity
Endorse

No

10 (8.75) Gambling is designed so there is little time
to stop and reflect.

Little Time Yes

participant, but remained the same across all 10 messages shown to that participant
(e.g., if ‘relevant to me’ was the first dependent variable presented for message 1, that
remained the same for all other messages for that participant). Finally, at the end of
the survey, participants were given the opportunity to provide overall study feedback
and answer a self-reported carelessness check. The data from those who answered ‘No,
I was not paying attention, discard my data’ in the carelessness check were excluded
(Brühlmann et al., 2020).

Analytical approach
Research aim 1
Because the responses were provided on an ordinal scale, four separate cumulative-
link mixed-effects models (one per DV) were run, using the R function clmm
from package ordinal (Christensen, 2024), each with fixed effects for message
(the factor identifying each message m, with a scaled zero-sum contrast cod-
ing) and message-order (zero-indexed: 0–9), as well as their interaction.
Additionally, each model contained a random-intercept for each participant:
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DV ∼ InterceptParticipant + Messagem + Order + Messagem × Order. As per prereg-
istration, a random slope for message-order was not included as all models either
had random slope variance close to zero or did not converge. Message order was
introduced as a covariate to control for order effects; all inference was conducted by
calculating the estimated marginal mean responses with R function emmeans (Lenth
and Piaskowski, 2025), by setting Order = 0, which evaluates each message as the first
to be presented, i.e., controlling for order effects.

To reduce the potential for Type I error inflation due to the four dependent variables
being analysed, a base confidence level (α) of p< .01 was used before any adjustments
for multiple-comparisons; we divided the base confidence level by a more conserva-
tive factor of 5. Moreover, this reduction was considered a necessary precaution to
ensure significant effects were statistically robust in the context of our large sample
size (N = 4,094), and the high number of pairwise comparisons conducted across 10
messages. Compact-letter displays (CLDs) were used to identify different groupings
of similarities using pairwise comparisons across all messages, with Sidák-adjusted p-
values formultiple comparisons (adjusted α threshold equivalent = .00022).TheCLDs
provided a visual representation of the pairwise comparisons by grouping means that
were not significantly different from one another. Specifically, if twomessages shared at
least one letter group in the CLD, this meant they were not significantly different after
adjusting for multiple comparisons. In our figures, messages that share a letter group
are connected by a line. The same model was used to test if each answer was signifi-
cantly different from the neutral response (i.e., 4), with a Sidák-adjusted α threshold
equivalent = .001 due to the lower number of comparisons than the CLD.

Research aim 2
To rank messages by overall performance, each message was first ranked from best to
worst on each dependent measure, with ‘I don’t believe this message’ reverse-scored.
Each message’s multidimensional average rank was then calculated.

Research aim 3
Mean-centred PGSI scores were added as covariates to each of the four models
(with two-way interactions): DV ∼ InterceptParticipant + Messagem + Order + PGSI
+ Messagem × Order + Messagem× PGSI + Order × PGSI. The effects of PGSI scores
on the four outcomes were then tested via theirmain and interaction (Message × PGSI)
coefficients. To assess how ratings varied with PGSI scores, the slope of the PGSI inter-
action for each message was tested against zero. A CLD table was used to identify the
groups of messages with similar PGSI slopes, based on Sidák-adjusted comparisons, as
done before.

Research aim 4
Sentiment analysis was conducted with an open source model from HuggingFace,
which classifies paragraphs and sentences as negative, neutral or positive. The pur-
pose of the neutral category is to separate sentiment-rich from sentiment-poor data,
identifying feedback more likely to contain useful technical information. The present
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study’s preregistration contained several pre-processing steps for the sentiment anal-
ysis, including text cleaning, tokenization, lemmatization and removal of stopwords.
However, it was concluded that model performance improved without the text clean-
ing steps, which is not unusual for sentence-transformer models. For this reason, a
conservative filtering approach was used, such as variations of ‘none’ and ‘N/A’, before
responses were analysed.

For the topic modelling, preprocessing steps were also left out for the same
performance-related reasons stated above.However, the preregistered step of removing
excessively short comments (<3 words) was kept. After character length per response
was assessed, BERTopic was selected as the most appropriate model (Grootendorst,
2022). Due to its use of embeddings to representmeaning, this model tends to perform
better with short documents than classical models such as Latent Dirichlet alloca-
tion, which often rely on word co-occurrence to produce coherent topics. Encoded
embeddings undergo dimensionality reduction, herewith the use ofUniformManifold
Approximation and Projection (UMAP; McInnes et al., 2020), before they are clus-
tered.HierarchicalDensity-BasedClustering forApplicationswithNoise (HDBSCAN)
was then used for the clustering algorithm (McInnes et al., 2017). Finally, the
BERTopic model used ‘all-MiniLM-L6-v2’ as the embedding model (Wang et al.,
2020).

To enhance the topicmodelling, a semantic thematic analysis was also conducted on
the 50most representative responses from each topic cluster (Braun and Clarke, 2006).
This analytical approach was chosen since it is well-suited for the brief text available
here, as it focuses on surface-level content rather than latent themes (Terry et al., 2017).
Based on established research investigating online communication data (Voroshilova
and Pesterev, 2021; van den Haspel et al., 2022; Conti et al., 2024), a deductive coding
approach was used to first analyse each message as a distinct primary theme, and then
to identify subthemes related to message relevance and effectiveness. To improve the
accuracy and reliability of our interpretations, regular team meetings were conducted
to ensure analytical consistency and alignment with the study’s aims.

Results
Research aim 1: differences between each message
Results for all four dependent variables are shown in Figure 1 (full results are
available in the online Supplementary Analysis at: https://osf.io/aqvzf?view_only=
09763306726c4962b86a8ecf374b41fa). Figure 1A shows the results for the ‘I don’t
believe this message’ dependent variable. All messages were significantly below the
scale mid-point of 4, meaning that on average, participants believed the messages.
Across all 10 messages, Customer Losses scored the best (M = 1.86, 99% CI = [1.74,
1.98]), while Addictive Products scored the worst (M = 2.84, 99% CI = [2.67, 3.02]).
The CLD summarized pairwise tests into six overlapping groups, with one message
placed across three separate groups (Celebrity Endorse), and several others across at
least two groups. Because the variability range across messages was small (0.98 from
best to worst), these results indicate that the messages were quite similar to each
other.
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Figure 1. Mean responses to the four dependent variables across the ten messages. Horizontal lines
identify groups of messages that were not significantly different (nsd) from each other at p< .01 (after
adjustments for multiple comparisons). Means were estimated at Order = 0, i.e., as the first message
shown, adjusting for order effects. The dotted line at 4 identifies the neutral mid-point. Color-coding
identifies messages above (blue), at (grey) or below (gold) this mid-point.

Figure 1B shows the results for the ‘This message makes me want to gamble
less’ dependent variable. Seven messages were significantly above the scale mid-
point of four (Customer Losses, Not Winners, Lose All, Cost More, Always Available,
Designed Addictive, Celebrity Endorse), with Customer Losses showing best score over-
all (M = 5.14, 99% CI = [5.00, 5.28]). No messages scored significantly below four.
The variability range was 1.18 from best to worst, with the CLD table showing several
overlapping groups, including four messages placed in at least two groups (Lose All,
Cost More, Addictive Products, Little Time).

The results for the dependent variable ‘This message is relevant to me’ can be found
in Figure 1C. Five messages scored significantly above the scale mid-point (Customer
Losses, Not Winners, Designed Addictive, Free Bets, Always Available), with Customer
Losses showing the best overall score (M = 4.56, 99% CI = [4.41, 4.72]). Four mes-
sages scored significantly below themid-point (LoseAll, Addictive Products, Little Time,
Celebrity Endorse), with Celebrity Endorse showing the worst score (M = 3.61, 99%
CI = [3.43, 3.78]). Although the range of variation on this variable (0.95 scale points)
was similar to the one on the ‘I don’t believe this message’, the CLD placed messages in
three, more clearly defined, groups.

Figure 1D shows the results for the ‘This message is relevant to people experiencing
gambling harms’ variable. All 10 messages scored significantly above the scale mid-
point, with a variability range of 0.94 scale points. Design Addictive had the best score
(M = 6.16, 99% CI = [6.06, 6.26]) and Celebrity Endorse the worst (M = 5.20, 99%
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CI = [5.07, 5.34]). The CLD placed the messages into five groups with some, albeit
less, overlap than the first two variables, as only two messages were placed into two
groups (Customer Losses and Addictive Products).

Research aim 2: overall message ranking
Table 3 shows all 10 messages ranked according to the preregistered methodology. The
top three highest scoring messages were replicated from existing materials aimed at
informing the public and reducing gambling-related harm: ‘Themain purpose of gam-
bling companies is to maximise profit, generated through customer losses’ (Customer
Losses; Mrank = 1.25), ‘Gambling companiesmake a lot of money, and they’re not doing
that by making lots of winners’ (Not Winners; Mrank = 2.50), and ‘Gambling products
are designed to be addictive’ (Designed Addictive; Mrank = 3.25). Two of the three worst
performing messages were novel (Addictive Products and Celebrity Endorse), indicat-
ing that continued testing is needed for the development of effective counter-industry
messages.

Research aim 3: PGSI interactions
Figure 2 shows how responses varied with participants’ PGSI scores across all four
dependent variables. Interaction effect results for the ‘I don’t believe this message’
dependent variable can be seen in Figure 2A. The CLD placed messages in three dis-
tinct groups, with several messages overlapping across them.None of themessages had
a significant interaction effect, showing that the marginal effect of PGSI was not dif-
ferent from zero, indicating that participants did not disbelieve the messages overall
at any PGSI level. Figure 2B shows the results for the ‘this message makes me want to
gamble less’ variable, where no individual message saw a significant interaction effect,
and the CLD placed all messages in three overlapping groups. Participants’ ratings for
this measure were unrelated to their PSGI level.

The results for the ‘this message is relevant to me’ variable can be seen in Figure 2C.
All 10messages showed a significant positive PGSI interaction.Thismeans that partic-
ipants with higher PGSI scores saw all counter-industry messages as more relevant to
them, indicating that these messages resonate the most with individuals experiencing
higher levels of gambling-related harm. The CLD placed messages in six overlapping
groups showing that interaction effects were relatively similar. The marginal effects
plot in Section 3.6.3 of the Supplementary Analysis showed that, at a PGSI score of 2,
participants began rating the messages as personally relevant, with agreement increas-
ing at higher PGSI scores. This suggests that these messages were highly relevant to
gamblers in higher risk categories. Figure 2D shows the results for the ‘this message is
relevant to people experiencing gambling harms’. None of the messages saw a signifi-
cant interaction effect, suggesting no evidence that PGSI scores were associated with
people’s judgment of relevance to those experiencing gambling harms. All messages
were placed in one CLD group, and participants’ ratings did not change as PGSI scores
increased.
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Figure 2. PGSI interaction slopes for the responses to the four dependent variables across the ten
messages. Positive slopes represent higher responses as PGSI increases. Slopes were estimated at
Order = 0, i.e., as the first message shown, adjusting for order effects. Horizontal lines identify groups of
messages that were not significantly different (nsd) from each other at p< .01 (after adjustments for
multiple comparisons). Color-coding identifies PGSI slopes for messages above zero (blue) or at zero
(grey).

Aim 4: sentiment and topics in free-text responses
Figure 3 shows the results for the sentiment analysis, with messages in the same order
as Table 3’s ranking. For all messages, participants were more likely to give nega-
tive rather than positive feedback. The mean odds of positive feedback being given
over negative feedback were 0.27:1, indicating that negative responses were, on aver-
age, 3.7 times as likely. Designed Addictive was the message most likely to get positive
feedback, followed by Not Winners. Addictive Products and Little Time were the mes-
sages least likely to get positive feedback relative to negative ones. These findings are
broadly consistent with the results from Research Aim 2, as messages most likely to
get positive feedback ranked 2nd and 3rd overall, and the ones least likely to get posi-
tive feedback were placed in 8th and 9th places. Out of the three possible categories
(i.e., neutral, positive, negative), neutral was the most common sentiment for nine
messages: Always Available, Celebrity Endorse, Cost More, Customer Losses, Designed
Addictive, Free Bets, Little Time, Lose All and Not Winners. Negative was the top
sentiment for one message (Addictive Products), while all other messages’ most com-
mon sentiment was neutral. None of the messages had positive as the most common
sentiment.

The topic modelling produced highly interpretable and well-separated topics, with
high coherence across messages (Cv coherence: [0.688, 0.807]; Röder et al., 2015). The
thematic analysis of each main topic, with the corresponding number of responses in
that topic (i.e., the size of the model cluster (n)), is displayed below in the same order
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Figure 3. Sentiment labels assigned to feedback responses per message in percentage of the number of
feedback responses received for that message.
Note:May not add to 100 due to rounding.

as Table 3’s ranking. The semantic analysis results have different Ns because of the dif-
ferently sized main topics based on the best clustering solution for each statement.
As per the methodology, the semantic analysis focused on the 50 most representative
responses from each question’s main topic.

Customer Losses (n = 156): This message faced criticism for being ‘too wordy’ and
‘a bit long and clunky’. Despite agreeing factually, participants felt ‘it is true but doesn’t
hit the emotional notes that it needs to’. Some described it as ‘too corporate’ and preferred
‘shorter and more to the point’ messaging.

Not Winners (n = 300): Participants found this logical but potentially ineffective.
While acknowledging operators ‘couldn’t remain in business if more people win’, many
noted operators ‘will often make lots of small winners to suck people in’. Some felt it was
‘too long ’ and needed to be ‘snappier’ for greater impact.

DesignedAddictive (n= 121): Overwhelming agreement characterized responses,
with participants stating ‘100% true, no other way around it’ and describing it as
‘punchy and clear’. Most felt ‘this is a message that needs highlighting ’ and appreciated
its directness, calling it ‘straight to the point’.

Cost More (n = 255): Mixed responses emerged about gambling costs relative to
other activities. While some acknowledged ‘gambling can cost you your home, loss of
family, and even cost some people their lives’, others argued ‘I can think of lots of leisure
activities that cost muchmore than gambling.’ Overall, themessage divided participants
based on personal gambling experiences.

Lose All (n = 96): Participants questioned this claim’s accuracy, stating they ‘don’t
believe it because companies tend tomakemoney regardless, there aremanymore smaller

https://doi.org/10.1017/bpp.2026.10034 Published online by Cambridge University Press

https://doi.org/10.1017/bpp.2026.10034


Behavioural Public Policy 15

gamblers’. Many felt ‘companies make the most money from consistent gamblers’ rather
than those who lose everything, viewing the statement as oversimplified.

Always Available (n = 283): Participants accepted this as factual but questioned
its effectiveness. Most felt it was ‘not really a statement that would put people off from
gambling, more stating facts’. Many noted that ‘the majority of people who gamble know
that gambling companies always win’ but ‘it won’t stop people from gambling ’.

Free Bets (n = 452): Strong recognition emerged that free bets ‘are a con so you will
spend your own money’. Participants understood they ‘are designed to hook you in’ and
noted ‘absolutely true, win a little in a free bet then you chase that with your ownmoney’.

Little Time (n = 103): This received a weak response, with participants finding it
‘not powerful’ and lacking clarity. Many stated that they ‘didn’t find the message to be
that obvious’ and that it was ‘not powerful to get across its meaning ’. Participants also
struggled with its vagueness, calling it ‘too philosophical’.

Addictive Products (n = 382): This message revealed polarized views on per-
sonal versus corporate responsibility. While participants acknowledged that operators
‘encourage addiction through freebies’, many maintained that ‘people are the problem’.
Some recognized that ‘addiction is more complex’ than the message’s implication and
that it may ‘give gamblers an excuse to carry on gambling ’.

Celebrity Endorse (n = 182): Strong consensus emerged that celebrity endorse-
ments are morally questionable. Participants stated ‘celebrities should not endorse gam-
bling at all’ and that they ‘lose respect for celebrities who promote gambling ’. However,
some questioned the message’s relevance, arguing that ‘celebrity endorsements are not
the reason for people suffering from gambling addiction’.

Exploratory analyses
To assess potential order effects, we also conducted exploratory analyses (non-
preregistered), with full details in Section 3.7 of the online results document. Results
showed that PGSI scores were significantly lower (M = 3.2) when the PGSI scale was
given to participants after the messages (i.e., at the end of the study), and significantly
higher (M = 3.6) when given before the messages (t(4078.9) = −3.09, p = .001).
Responses to each dependent variable were not significantly influenced by order of
blocks, meaning that showing messages before or after the PGSI did not affect partici-
pants’ ratings across all 10 messages (Sidák-adjusted α threshold of p< .01, see section
3.7.1).

Analyses were also conducted to investigate order effects across the 10 messages.
Because we tested 10 messages across 4 separate dependent variables, there were 40
possible interaction terms (10 messages × 4 dependent variables). Out of the 40 pos-
sible interactions, 19 were significant. In each significant interaction, later messages
tended to be appraised more positively than earlier messages: Not Winners (‘this mes-
sage is relevant to people experiencing gambling harms’); Designed Addictive (‘all four
dependent measures’); Free Bets (all four dependent measures); Little Time (‘this mes-
sagemakesme want to gamble less’, ‘this message is relevant tome’);Addictive Products
(‘this message makes me want to gamble less’, ‘this message is relevant to me’, ‘this mes-
sage is relevant to people experiencing gambling harms’); Celebrity Endorse (all four
dependent measures); and Lose All (‘this message is relevant to me’).
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The detailed analysis and results document in OSF (https://osf.io/q6srz/files/
7vu2g?view_only=09763306726c4962b86a8ecf374b41fa) also shows the results of the
additional exploratory investigations controlling for demographics (age and sex: see
Section 3.7.2), as well as a between-subjects robustness check using only the first
message seen by each participant (see Section 3.7.3).

Discussion
The gambling industry’s messaging emphasizes personal responsibility (Hancock and
Smith, 2017), much like the messaging of other harmful industries (Kickbusch et al.,
2016; Chater and Loewenstein, 2023). Given the success of counter-industrymessaging
in some of these other industries (Hersey et al., 2005; Bryan et al., 2016, 2019; Dixon
et al., 2023), counter-industry messaging in gambling appears logical yet relatively
underexplored. Among the ten tested messages, the best-performing three all came
from existing campaigns or websites, suggesting that these counter-industry efforts
might have validitymore broadly. Participants believed themessages on average despite
the novelty of this messaging approach and rated all ten messages as relevant to people
experiencing gambling harm. However, only seven messages made participants want
to gamble less, and five were rated as personally relevant to participants. Importantly
however, personal relevancy rates did increase significantly with PGSI scores, indi-
cating that the tested messages may be particularly relevant to high-risk gamblers.
Moreover, participants displayed more negative than positive sentiment in their feed-
back, although neutral was the top sentiment across the vastmajority ofmessages, with
only one message showing negative sentiment as the most common. Overall, these
findings suggest multiple ways in which counter-industry gambling messages can be
optimized moving forward.

Findings from the topic and semantic thematic analysis highlight important rec-
ommendations for future research. Consistent with one previous study (Newall,
Weiss-Cohen, Van Baal et al., 2025), several comments emphasized preferences for
shorter messages. Importantly, although Designed Addictive and Addictive Products
both emphasized the link between product design and harm, the former received over-
whelming agreement and was the message most likely to get positive feedback. In
contrast, Addictive Products was the only message with negative sentiment as the most
common, with participants also showing clear polarized views on the ‘people are not
the problem’ phrase in this message. Overall, this highlights a widespread agreement
with personal responsibility framing (Marko et al., 2022), which can inform the design
and also highlight the need for counter-industry messaging.

Two key findings from the exploratory analysis should be highlighted and may also
provide important insights for future research. PGSI scores were significantly lower
when participants completed the PGSI after rating the 10 counter-industry messages.
One possible interpretation is that exposure to counter-industry messages was associ-
ated with a difference in participants’ sense of personal responsibility, contributing to
reduced feelings of self-blame, which are often observed in individuals experiencing
gambling-related harm (Marko et al., 2022; Van Baal et al., 2025). However, this inter-
pretation is made with caution, and further research is needed to see if these results
can be replicated. Secondly, all of the significant order interactions effects showed
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that counter-industry messages tended to be appraised more favourably after partic-
ipants had rated previous messages. This suggests a ‘mere exposure effect’ (Zajonc,
1968), where anti-smoking advertising has been shown to become more effective with
repetition (Reinhard et al., 2014). The mere exposure effect could also partly explain
why messages from existing campaigns were ranked highest here, as these were the
statements that participants may have read before. Counter-industry messaging may
become more effective when its core message is repeated in multiple ways and from
multiple sources, which would align with evidence that repeated advertising exposure
is associated with changes in consumer behaviour (Schmidt and Eisend, 2015).

Different gambling harm prevention message types are thought to resonate best
with different groups (Newall et al., 2023b; Ray et al., 2024). Previous studies have
looked at likelihood of loss (Newall et al., 2025b) and positive emotional message types
(Newall, Weiss-Cohen, Van Baal et al., 2025), while using three of the same dependent
measures including here and also recording participants’ PGSI scores. An exploratory
re-analysis of the combined data of all three experiments (Figure 4, see OSF for full
results) showed there were significant interactions between PGSI scores and message
type for ‘this message is relevant to me’ (χ2(2) = 30.31, p< .001). There were no signif-
icant interactions for the other two measures (‘this message makes me want to gamble
less’, p = .19, and ‘this message is relevant to people experiencing gambling harm’,
p = .078). Figure 4 shows that for the ‘relevant to me’ outcome, all three message types
converged as PGSI increased. However, personal relevancy began to appear at lower
PGSI scores for the counter-industry messages (counter-industry ≈ 2.5; likelihood of
loss≈ 3.3; positive emotional messaging≈ 6.2). These preliminary findings tentatively
support the implementation of counter-industry messages in campaigns targeting the
wider population, while positive emotional messages could be better suited for high-
risk groups (e.g., in-game pop-ups). Overall, these results provide support for more
controlled future investigations comparing different harm prevention message types
across different audiences.

Several limitations can be identified in the present work. The sample was recruited
using a crowdsourcing platform,whichmeans the findings cannot be generalized to the
population of people who gamble (Pickering and Blaszczynski, 2021). Moreover, while
hypothetical self-reporting ratings have been used in similar studies (Chapman and
Priestly, 2022), perceived message effectiveness may not correspond with behavioural
outcomes (Noar et al., 2020). This intention-behaviour gap has been extensively
researched and highlights the potential discrepancy between self-reported intention
(e.g., wanting to gamble less) and actual behaviour change (Conner and Norman,
2022). Future research should therefore complement self-reports with more robust
naturalistic field trials that measure real world gambling behaviour (Heirene and
Gainsbury, 2021).We also identified discrepancies between Likert ratings and free-text
feedback, which could have several potential explanations. First, these discrepancies
could suggest that, to some extent, participants might have felt inclined to give rat-
ings they perceived as appropriate in the Likert scales, indicating a degree of social
desirability (Mensch andKandel, 1988; Fisher andKatz, 2000). Additionally, our Likert
items focused on belief, perceived relevance andmotivation to gamble less, whereas the
open-text responses often emphasized different dimensions (e.g., perceived tone and
message structure), which were not directly measured on the rating scales. Moreover,
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Figure 4. Results of a combined ordinal analysis comparing effects of PGSI interactions between the 10
counter-industry messages in this study, the 10 positive emotional messages from Newall, Weiss-Cohen,
Van Baal et al. (2025) and 10 loss messages from Newall et al. (2025a).

usable free-text comments were provided on only 5,162 of 40,940 possible message
ratings (12.6%), indicating that our sentiment analysis was based on a relatively small
subset of trials. Given that voluntary feedback can attract more dissatisfied respon-
dents, negative comments might have been disproportionately represented (Poncheri
et al., 2008). Finally, trials with usable comments displayed somewhat more critical
quantitative responses than trials without comments. For example, on the reverse-
scored belief item, mean scores were 5.46 vs 5.34 in non-comment and comment trials
respectively, with a similar pattern for ‘this message makes me want to gamble less’
(4.60 vs 4.33), perceived personal relevance (4.21 vs 4.13) and perceived relevance to
those experiencing gambling harm (5.68 vs 5.49).

Nevertheless, this study’s potential policy value lies more in relative comparisons
between messages, rather than absolute estimates of attitudes and beliefs. Further,
even within this commenting subset, ratings generally remained above the scale mid-
point, suggesting that negative feedback may reflect more critical scrutiny rather than
overall rejection of the messages. Future studies may consider making a small num-
ber of feedback prompts mandatory to reduce selection bias and potential negative
skew. Because the study did not explore how message effectiveness might change with
repetition (McCullock et al., 2025), future longitudinal studies should also explore this
factor. Finally, while steps to improve data quality were outlined in the preregistration
(i.e., excluding participants that reported lack of attention, and those who responded
in under 2 minutes), we acknowledge that our methodology was somewhat limited
in its ability to effectively detect potential AI-generated and AI-assisted responses.
Compared to other platforms, Prolific has been found to produce some of the highest-
quality data, with robust protections against less sophisticated bot-generated data
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(Douglas et al., 2023; Haycraft Mee, 2025). However, the current evidence shows
that the use of AI in online surveys is rapidly increasing, and multimodal strategies,
in addition to those implemented by crowdsourcing platforms, are more effective
than single methods for preventing and identifying bot-generated data (Pinzon et al.,
2024; Asher et al., 2025). Future studies should, therefore, consider several evidence-
based approaches, such as keystroke tracking, which can improve the detection of
AI-generated, and in particular, AI-assisted free-text responses (Asher et al., 2025).

In conclusion, the present work demonstrates how counter-industry messages can
be designed, evaluated and implemented as a novel approach to harm prevention
messaging. As the UK government prepares to roll-out independently designed mes-
sages from 2026, continual research in this area can ensure that future campaigns are
informed by evidence.
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