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Background

Online gambling has grown into a multibillion-dollar global industry 

with easy accessibility via smartphones, persuasive platform design, 

and aggressive advertising across Canada¹² ¹¹. Research increasingly 

points to elevated health, financial, and social harms among 

consumers⁴ ⁸.

AI-based harm detection models allow operators and regulators to 

identify many online gamblers experiencing harm⁴ ⁸. iGaming 

regulations in two provinces require such analyses for harm 

reduction and prevention¹ ¹¹.

However, little is known about which interventions gamblers would 

deem acceptable, or under what conditions they would accept 

operator intervention⁹. Public trust in these systems depends not only 

on predictive accuracy but also on fairness, proportionality, and 

procedural legitimacy⁶.

Methods
Discussion

Sample: N = 362 online gamblers (Australia = 91, Canada = 90, UK = 

90, US = 91) were recruited via Prolific. All reported at least one online 

gambling session during the past 12 months

Design: Participants evaluated 20 responsible gambling interventions 

based on existing harm-minimization tools and regulations, each 

described in a short scenario varying four experimental factors:

•  Intervention type (across 5 categories; Fig. 1)

•  Decision-maker certainty (0% to 100%)

•  Decision-maker identity (AI vs. human)

•  Voluntariness (required vs. requested)

Outcomes: Subjective ratings on 7-point Likert scales of: 

•  Efficacy (“This seems like an effective way to help people with 

gambling problems.”)

•  Rightness (reverse coded; “The gambling app should not have done 

that.”) 

•  Desirability (“I want the website(s) where I gamble to behave this 

way.”)

Vignette: Imagine a person who likes to gamble online. One day, an 

employee (prediction source) on the app where they gamble analyzes 

their past bets and is 25% certain (certainty) that this person is 

experiencing problems related to their gambling. As a result, the 

employee requires (voluntariness) that they take a test intended to 

identify healthy gambling habits (intervention type).

Results

Certainty and Intervention Type: 

• Decision-maker certainty was the strongest predictor across all 

outcomes (b = 0.018 to 0.021, all p < .001; Fig. 2). 

• Intervention type significantly predicted all outcomes (all p < 

.001). 

• Limit-setting received the highest ratings (M = 4.17 to 4.44). 

• Permanent self-exclusion received the lowest ratings (M = 2.68 to 

2.75). 

• Informational interventions were rated as highly appropriate but 

only moderately effective.

Decision-Maker Identity: 

• No significant difference for any outcome (all p > .05). 

Voluntariness: 

• No significant difference for any outcome (all p > .28).

Nationality: 

• US participants rated interventions as less desirable and effective 

than Australian participants.

• UK participants rated interventions higher on rightness. 

• Canadian and Australian participants did not differ significantly 

on any outcome.

Problem Gambling Severity: 

• Higher PGSI scores were associated with higher desirability and 

efficacy ratings overall (both p < .001).
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Intervention Type and Certainty Online gamblers’ views on 

intervention efficacy support operator requests or requirements for 

PG-related limit-setting interventions when predicted PG is 

relatively low (~25%), and self-exclusion or outreach interventions 

in cases where prediction certainty approaches exceeds ~90%⁵ ⁹. 

They were unsure whether information and self-test interventions 

would be effective.

Decision-Maker Identity and Voluntariness Acceptance of 

intervention was driven by what action was taken, and on what 

evidentiary basis, not who made the risk prediction or whether it 

was mandatory⁴ ¹⁰. Operators can therefore be transparent about 

using (highly accurate) automated systems without expecting 

reduced legitimacy.

Country Differences and Policy National differences likely 

reflect regulatory familiarity; people may accept what they already 

know¹¹. Detection accuracy should be treated as a social 

legitimacy concern, not just a technical one. As model accuracy 

improves, public willingness to accept stronger interventions may 

increase correspondingly⁴ ⁵ ⁷ ⁹.

Fig. 2 Intervention Ratings Across Certainty Levels

Note. Error bars represent 95% confidence intervals. 

Note. Ratings were made on a 7-point Likert scale. Error bars represent 95% 

confidence intervals. 

Fig. 1 Mean Desirability Ratings by Intervention Type
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