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Background and aims: Online gambling operators collect detailed behavioural data that can identify
customers at risk of harmful gambling. However, there is limited clarity on how to optimally achieve
this in practice, including which variables are most useful and whether short-term data windows are
sufficient for risk detection. These details are increasingly important as regulatory frameworks
emphasise timely intervention. We examined the value of machine learning in this context by
comparing models trained on 30 days versus six months of behavioural data and exploring whether
incorporating survey responses enhanced performance. Methods: Customers from two Australian sports
and race betting sites (N = 1,470) completed a survey including the Problem Gambling Severity Index
(PGSI) and measures of employment, income, gambling satisfaction, and number of gambling accounts.
We built machine learning models to classify participants into risk groups (PGSI 1-7 [no-to-moderate-
risk] vs. PGSI>8 [high-risk]), comparing performance across data windows (30 days vs. six months),
and with or without survey variables. Results: Models using only behavioural data achieved adequate
classification accuracy (AUROC = 0.74-0.75), with similar performance across 30-day and six-month
windows. The most predictive account-based variables were age, deposits per active day, average stake,
and days since betting. Combining behavioural data with self-reported variables enhanced performance
(AUROC = 0.76-0.85). Two self-reported variables—number of gambling accounts held and gambling
satisfaction—were primarily responsible for these improvements. Conclusions: Machine learning models
can detect at-risk customers on online sports and race betting sites using only 30 days of behavioural
data. Performance can be improved by adding minimal, non-intrusive self-report measures.
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INTRODUCTION

Online gambling accounts for a large and growing proportion of the global gambling market
and, in some jurisdictions, has surpassed land-based gambling (European Gaming & Betting
Association, 2025). In Australia, more than one in ten people report gambling online
(ACMA, 2022). Participation in online gambling, compared to traditional land-based forms,

has been linked to higher rates of problematic gambling (Allami et al., 2021); although the
’j Journals highest rates are found among those who combine both forms (Hing, Russell, et al., 2022).
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Online gambling harms are attributed to structural features
relating to the speed, accessibility, ease of betting; the lower
salience of digital spending; aggressive marketing and
frequent promotions; and, in many jurisdictions, less regu-
lation and consumer protections than land-based gambling
(Hing et al., 2024; Hing, Smith, et al., 2022).

Unlike anonymous cash-based gambling, online
gambling operators collect detailed data on all customer
transactions and site interactions (Delfabbro, Parke, &
Catania, 2023; Gainsbury, 2011). This behavioural account
or tracking data offers a powerful tool for detecting cus-
tomers at risk of problematic or harmful gambling and could
enable timely, personalised interventions (Auer & Griffiths,
2014; Gainsbury, 2011; LaBrie & Shaffer, 2011). Artificial
Intelligence (Al), including machine learning algorithms, is
being increasingly used in this risk detection context (Gha-
harian et al,, 2023; Marionneau, Ristolainen, & Roukka,
2025). Machine learning presents an efficient and econom-
ical way to process large datasets of behavioural account data
and identify patterns across multiple behavioural markers of
harm (e.g, time and money spent). Machine learning
models can distinguish between lower- and higher-risk
users, supporting operators in delivering targeted harm-
reduction strategies.

Licensing bodies typically require online operators to
provide a voluntary self-exclusion (VSE) feature that allows
customers to request that operators block them from
gambling with their site(s) (Gainsbury, 2014). Studies
applying machine learning for risk detection often use VSE
as a proxy for problem or high-risk gambling as their target
or outcome variable. This assumes that VSE is primarily
motivated by gambling-related harms (Catania & Griffiths,
2021). Studies using VSE as their outcome have obtained
adequate to excellent classification performance' and often
show that Random Forest (a commonly used machine
learning algorithm that combines multiple decision trees to
make predictions) outperforms other approaches (Finken-
wirth, MacDonald, Deng, Lesch, & Clark, 2020; Hopfgart-
ner, Auer, Griffiths, & Helic, 2022; Percy, Franca, Dragicevi¢,
& d’Avila Garcez, 2016). VSE captures a clearly defined
group and is easily recorded by operators; however, it is an
unreliable proxy for problem gambling (Griffiths & Auer,
2016). Individuals may self-exclude for reasons that do not
include the experience of gambling harms, including to
prevent harms or to simply stop using the site (Hayer &
Meyer, 2011). Catania and Griffiths (2021) found half of the
customers who used VSE did so within the first seven days
of registration and spent less money than those who closed
their accounts due to gambling problems. Thus, models built
to predict VSE may subsequently fail to identify individuals
who are genuinely at risk of experiencing gambling
problems.

'As defined by Area Under the Receiver Operating Characteristic Curve
(AUROC) values in the range of 0.75-0.94. See Statistical analysis section
for a description of this metric.

Recent machine learning studies have used self-reported
problem gambling scores to provide a more reliable indi-
cation of risk than VSE. Combining self-report customer
survey and behavioural account datasets is increasingly
feasible with partnerships between researchers and opera-
tors, in some cases facilitated by gambling regulators
(Delfabbro et al., 2023; Forrest & McHale, 2022). To date, at
least six studies have built models using account data to
detect self-reported problem gambling status as determined
via the Problem Gambling Severity Index (PGSI; Ferris &
Wrynne, 2001). These studies (Auer & Griffiths, 2022;
Hopfgartner, Auer, Helic, & Griffiths, 2024; Kairouz et al.,
2023; Luquiens et al., 2016; Murch et al., 2023; Perrot et al.,
2022) have obtained adequate-good classification perfor-
mance (Area Under the Receiver Operating Characteristic
Curve [AUROC] = 0.72-0.88) and similarly find that
Random Forest models perform well.

While the understanding of online gambling risk detec-
tion has been advanced by studies linking behavioural and
survey datasets, further efforts are needed to understand
how machine learning models can be optimised in this
context. In a recent priority setting exercise, using “big data”
and approaches such as machine learning to better under-
stand indicators of risky/harmful gambling and how we can
identify and support at-risk consumers was raised as an
important research priority and ultimately ranked 22nd (out
of 41) in important topics relating to interventions. Others
have also recently highlighted the need for more research
that can assist with the early identification of at-risk in-
dividuals (Bowden-Jones et al., 2022). Several jurisdictions
now require operators to actively monitor their customers
for signs of problematic gambling, including the UK (UK
Gambling Commission, 2022) and Sweden (Lakew &
Lindner, 2025). This demonstrates the need for research that
can guide the implementation of effective risk detection
systems (for a recent overview of countries requiring
customer risk monitoring, see Auer & Griffiths, 2026).

The variation in the performance of machine learning
models by the data windows available to train the models
(e.g., one week vs. one year of behavioural data) remains an
area in need of investigation. One study of 35,048 Swedish
online casino gambling customers demonstrated that models
trained on different behavioural data timeframes (30, 60,
and 90 days) performed similarly, with marginally better
performance for the shorter timeframes (Andersson,
Carlbring, Lyon, Bermell, & Lindner, 2025). This is impor-
tant as identifying risky gambling early in a person’s account
history can prompt earlier interventions. However, partici-
pants in the study were given non-precise labels (higher- or
lower-risk) based on assessments conducted by the gambling
operator. Verification of these classifications was not
included in the study and they appear to have been partially
based on the same variables used in the classification model
(e.g., deposit patterns, session duration). This creates a risk
of circularity, wherein the accuracy of model predictions is
inflated as they were informed by the same information used
to establish initial classifications. Further studies have not
compared different windows of behavioural data for model
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development, typically focusing on a 12-month period
(Murch et al,, 2023; Perrot et al., 2022). In practice, waiting
to obtain protracted behavioural data before applying these
models may delay the identification of at-risk customers,
thus contributing to greater harms. Contemporary regula-
tory frameworks now require many operators to identify and
respond to risk over short timeframes. For example, the UK
Gambling Commission requires operators to continuously
monitor customer behaviour and act in a timely manner,
which may include real-time interventions when indicators
of harm are observed (UK Gambling Commission, 2023).

Self-reported data from consumers provides valuable
context related to risk of problematic gambling unavailable
in operator-held data (Forrest & McHale, 2022). The inte-
gration of self-reported data into machine learning models
has not yet been well researched. Recent studies indicate that
this approach may hold value. Auer and Griffiths (2023)
developed a linear model to predict responses to a single
item (“My gambling is a problem sometimes”) by combining
a small number of self-reported and account variables from
race betting consumers in Norway (N = 3,627). Sacco and
Jeong (2025) combined ticket upload data and survey re-
sponses from 5,903 US lottery players, finding that the six
most important variables in their model were all self-re-
ported, including frequency of other gambling, income,
education, age, and employment status. Overall, this nascent
approach requires more extensive investigation.

To our knowledge, no studies have developed machine
learning models for identifying at-risk consumers on Australian
sites or specifically in an online sports and race betting context.
Evidence suggests that regional differences in gambling
behaviour may impact model efficacy (Hopfgartner et al,
2024). Australia represents a unique jurisdiction with high per
capita gambling expenditure (Greer et al., 2023) and an online
market restricted to sports and race betting and lottery. Existing
machine learning studies attempting to predict self-reported
problem gambling have focused on online casino (Auer &
Griffiths, 2022; Hopfgartner et al., 2024), poker (Luquiens et al.,
2016), or mixed modalities (Murch et al., 2023; Perrot et al.,
2022), precluding specific insights into the unique risk behav-
iours in a sports and race betting environment (e.g., variability
in sports bet on, odds selections). The performance of these
models in an Australian sports and race betting context, and
which variables are most predictive of risky play, remains un-
clear. In this study, we aimed to extend the existing literature on
online gambling risk detection by:

1. building machine learning models to predict self-re-
ported problem gambling using behavioural account data
from Australian sports and race betting consumers

2. comparing the classification performance of models built
using past-30-day versus past-six-month behavioural
account data

3. comparing the classification performance of models built
with and without survey-based variables.

To enhance the practical relevance of results, survey-
based variables were included only if they satisfied two
criteria: [1] the information could be plausibly collected by
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operators or regulators with minimal disruption to con-
sumers, which was operationalised as being obtainable via a
single question, and [2] the information must have an
obvious connection with risk, such that consumers could
easily understand the request without needing additional
explanation (e.g., income, but not marital status).

METHODS

No hypotheses or data analysis plans were preregistered as
this was an exploratory study. Whilst we planned to use the
data for this purpose before collection, the methods were
finalised after observing the data. The overall methods used
were, however, preregistered on Open Science Framework
(https://osf.io/vdsmw), including the recruitment strategy,
participant eligibility, data collection survey, and variables
collected.

Participants and procedures

Customers from two online sports and race wagering sites in
Australia owned by the same parent company (Entain
Australia) were invited to take part in a survey about their
gambling. Eligible customers had to have placed at least one
bet with the site in the preceding six months, held an ac-
count for at least 30 days, and could not have a suspended
account, be self-excluded, or be on a timeout/take-a-break.
Two cohorts from the total eligible population were identi-
fied for inclusion in the study by the operator. These
included all customers flagged by the operator’s internal
risk-detection system as “at-risk” in the six months prior
and a random sample of all “not-at-risk” customers at a
20:80 at-risk/not-at-risk ratio. This resulted in a sample of
4,829 “at-risk” and 20,000 “not-at-risk” customers (rounded
to the nearest thousand). These 24,829 customers were
invited to take part in a survey about their gambling in
January 2024. Email invitations were sent via the operator,
and an SMS reminder was sent eight days later. In total,
3,867 people opened the survey and 1,470 answered all
questions. Participants were given the option to enter a prize
draw to win one of 20 e-gift vouchers valued at $250, which
could not be redeemed for cash or spent on gambling.

In a separate analysis of the data used here, we showed
that the survey sample (i.e., the 1,959 people completing all
PGSI items) was broadly representative of the wider popu-
lation invited to take part, but was more engaged on average
(Heirene, Cobb-Clark, Tymula, Santos, & Gainsbury, 2025).
Most notably, survey responders bet more regularly in
the preceding six months than non-responders (Cohen’s
d = 0.58), had placed a bet more recently (d = —0.51), were
older (d = 0.40), and made more deposits (d = 0.32).
A summary of the demographic characteristics of the two
samples used in our analyses are presented in Table 1.

Measures & feature generation

Outcome variable. The Problem Gambling Severity Index
(PGSL; Ferris & Wrynne, 2001) was used to assess
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Table 1. Sample demographic characteristics

Full sample Subsample with 6 months of betting
Characteristic N = 1,470 N = 1,349
Age 40 (30, 52) 40 (30, 53)
Gender
Female 154 (10%) 135 (10%)
Male 1,292 (88%) 1,190 (88%)
Unknown” 24 (1.6%) 24 (1.8%)
Employment
Employed 1,384 (94%) 1,273 (94%)
Unemployed 86 (5.9%) 76 (5.6%)
Education”
Year 11 or below (includes Certificate I/1I/n) 246 (17%) 224 (17%)
Year 12 359 (24%) 329 (24%)

Certificate III/IV

Advanced diploma/diploma

Bachelor’s degree

Graduate diploma or graduate level certificate
Master’s degree

Doctoral degree

Household income (pre-tax)

Negative or Zero Income

$1-$49,999/yr ($1-$959/wk)
$50,000-$59,999/yr ($960-$1,149/wk)
$60,000-$79,999/yr ($1,150-$1,529/wk)
$80,000-$99,999/yr ($1,530-$1919/wk)
$100,000-$124,999/yr ($1920-$2,399/wk)
$125,000-$149,999/yr ($2,400-$2,879/wk)
$150,000-$199,999/yr ($2,880-$3,839/wk)
$200,000-+/yr ($3,840+/wk)

Don’t know

Prefer not to say

PGSI score

Number of gambling accounts

1

2

3

4

5+

Days since site registration

Days since last bet on site

1,211 (510, 2,182)

255 (17%)
128 (8.7%)
276 (19%)
117 (8.0%)

236 (17%)
116 (8.6%)
256 (19%)
105 (7.8%)

76 (5.2%) 72 (5.3%)
13 (0.9%) 11 (0.8%)
11 (0.7%) 8 (0.6%)
169 (11%) 151 (11%)
72 (4.9%) 66 (4.9%)

148 (10%)
177 (12%)
166 (11%)
120 (8.2%)
194 (13%)
231 (16%)

136 (10%)
163 (12%)
150 (11%)
116 (8.6%)
184 (14%)
210 (16%)

28 (1.9%) 27 (2.0%)
154 (10%) 138 (10%)
3(1,7) 3(1,7)

264 (18%)
441 (30%)
363 (25%)
179 (12%)
223 (15%)

238 (18%)
398 (30%)
337 (25%)
169 (13%)
207 (15%)
1,333 (694, 2,254)

4 (2, 28) 4(2,27)

Values presented: continuous variables: Median (IQR); categorical variables: N (percent of sample).

*Gender not reported to operator.
*Ordered from lower to higher levels of education.

self-reported problem gambling via the survey. The PGSI
consists of nine items assessing problem gambling behav-
iours and adverse consequences of gambling (Ferris &
Wynne, 2001). Respondents rate their agreement with the
nine statements on a scale from 0 (Never) to 4 (Always). It is
possible that some participants may have provided inaccu-
rate or rushed responses to the PGSI and other survey
questions. Whilst we did include an attention check early in
the survey in the Gambling Harm Measure (GHM) (par-
ticipants were asked to select “Yes” to the question, which
for the other GHM items would indicate experiencing that
harm), we chose not to exclude participants who did not
pass this for two reasons. First, 78% of those who failed the
GHM attention check scored 0 on all items of the GHM,
suggesting that they defaulted to responding “No” to all
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items to indicate the absence of harm. Second, we ran our
first model (see Fig. 2) with and without those who failed the
attention check included, finding negligible differences in
model performance (AUROC = 0.748 with them excluded,
AUROC = 0.752 with them included) and variable impor-
tance (see Supplemental Figure S1 for the full outcomes
from this model). Histograms of the PGSI scores for the two
samples used in our analyses are presented in Fig. 1, showing
no clear abnormalities in distribution (e.g., large numbers of
people scoring the maximum value).

Predictor variables. Behavioural features from account
data: The operator provided account data for all 24,879
customers invited to the survey for a period spanning six
months before and after the survey. Account data included
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Fig. 1. PGSI total score distribution for the two samples
Note: Panel A: Total PGSI score distribution for the full sample (N = 1,470). Panel B: Total PGSI score distribution for the smaller
subsample with six months of betting history (N = 1,349).
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Fig. 2. Classification performance and variable importance for optimal Phase 1 model (30-day window using only account-based features)
Note: Panel A: Confusion matrix showing the model-predicted versus actual rates of consumers in each PGSI classification. Panel B:
Receiver Operating Characteristic Curve showing the relationship between sensitivity (true positive rate) and 1-specificity (false positive
rate) across decision cut-offs. Panel C: Top 20 most important variables used by the model to make its classifications. Panel D: Precision-
recall curve showing the relationship between precision (i.e., proportion of those predicted to be a positive class who are truly at-risk) and
recall (i.e., sensitivity, or true positive rate) across decision cut-offs.
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all bets and transactions (i.e., deposits and withdrawals)
made, as well as demographic details (i.e., age, sex, postcode,
and account registration date), and engagement with con-
sumer protection tools (CPTs, e.g., deposit limits, self-
exclusion) for an extended timeframe covering two years
before survey invitation (allowing assessment of CPTs set
before our six-month pre-survey window).

We engineered multiple features (variables) summarising
participants’ gambling behaviour over the 30 days and six
months preceding the date they completed the survey, which
were used as predictors in our models. For example, for the
30-day pre-survey window, features such as total number of
bets placed, total number of betting days, and deposit in-
tensity (i.e., deposits per active betting day) were computed
using each person’s past-30-day data. The same features
were computed for the six-month pre-survey window, with
the addition of monthly average variables (e.g., average
monthly net outcome, average monthly number of deposits)
alongside six-month aggregate variables (e.g., overall net
outcome, total number of bets placed). We aimed to
generate features that achieved one or both of the following:
[1] capture the general gambling profile of participants; and
[2] reflect the features most predictive of risk status in
similar studies (e.g., maximum number of bets placed in a
single day, average number of deposits in a day; Murch et al.,
2023; Perrot et al., 2022).

Income and related features: Pre-tax household income
was assessed via a single question in the survey that pre-
sented income brackets to select (e.g., $60,000-$79,999 per
year). We took the middle value within each bracket to
represent annual income (e.g., “$80,000-$99,999/yr” became
$90,000).> Estimated income values were used to engineer
features relating to participants’ percentage of income spent
on bets (i.e., staked) and deposited into their accounts.

Employment status: Assessed using a survey question
with response options dichotomised into “Employed”
(including responses indicating part-time and casual posi-
tions, full-time study, and retirement) and “Unemployed”
(including responses indicating no current employment or
being principally engaged in domestic duties).

Socio-economic status: We used customer postcodes
provided by the operator to determine each person’s Index
of Relative Socio-economic Advantage and Disadvantage
(IRSAD) score. IRSAD scores are computed by the
Australian Bureau of Statistics (ABS, 2023) and summarise
information about the social and economic conditions of
people and households in an area, including both relative
advantage (e.g., % employed as professionals; % of high-
income earners) and disadvantage (e.g., % unemployed; % of

*To identify an appropriate value for participants who indicated that their
income was in the highest bracket of more than $200,000 a year, we used
Australian Bureau of Statistics (2024) census data to look at the number of
people in their income brackets for those earning above $200,000 a year,
computed the median value for each of these brackets, and worked out
which value most closely split all people earning more than 200,000 a year
evenly 50:50 (i.e., the median). This value was $257,374 and was thus used
as the estimated income value for this group.
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low-income earners). A low score indicates relatively greater
disadvantage and a lack of advantage in general. As IRSAD
scores are determined using postcodes, each participant may
vary from this summary score.

Other betting accounts: The survey included the
following question: “Including this account, how many online
gambling accounts have you used in the past 12 months?”
(response options: 1, 2, 3, 4, and 5+). Responses were
converted to a continuous variable (1-5) to reflect each
participant’s number of active accounts.

Estimations of gambling expenditure: Five questions
asked participants about their past-30-day expenditure with
their respective site, including net outcome (total amount
won/lost), spend (total amount staked on bets), win (total
amount won on bets), deposit, and withdrawal amounts
(e.g., “Approximately, how much money did you deposit with
[site name] over the last 30 days?”). We computed partici-
pants’ actual past-30-day values to compare with their
estimates. “Percentage discrepancy” variables were engi-
neered to represent the difference between estimated and
actual values as a percentage of the actual value (e.g., a
participant who estimated that they deposited $50 but
actually deposited $75 would have a percentage discrepancy

value of 50%; (755—‘050> X100).

Life and gambling satisfaction: Modelled on a single
item measure of life satisfaction from the Household,
Income and Labour Dynamics in Australia survey (HILDA;
Ambrey & Fleming, 2014) “How satisfied are you with your
life, all things considered?”, we developed a single question to
assess gambling satisfaction: “How satisfied are you with
your gambling?” (recorded on a scale from 0 [totally
dissatisfied with my gambling] to 10 [totally satisfied with
my gambling]).

Statistical analysis

Overall design. We employed a three-phase machine
learning approach using the “tidymodels” (Kuhn & Wick-
ham, 2020) framework in R (version 4.4.2; R Core Team,
2024). All analysis code is available here: https://github.com/
Sydney-Informatics-Hub/Wagering-2025/.  Our  analysis
utilised two distinct datasets filtered to keep only partici-
pants with complete survey data: a 30-day dataset
comprising 1,470 participants and a six-month dataset
containing 1,349 participants, with the difference reflecting
the availability of extended historical data. Risk status was
determined using the PGSI, with three classification schemes
considered. First, a multiclass approach categorising partic-
ipants into no, low, moderate, and high-risk groups (PGSI
scores of 0, 1-2, 3-7, and 8+, respectively), consistent with
conventional categorisations of the measure (Ferris &
Wynne, 2001). Second, a binary classification with a PGSI

*Whilst this variable was generated from existing account data, we consider

it a “survey” feature in this study, as these variables are defined by the
inclusion of additional information not routinely used for risk detection
models.
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>5 threshold (“Moderate to high-risk” vs. “Low to no risk”).
Third, a binary classification with a PGSI >8 threshold
(“High-risk” vs. “Moderate to no risk”). Both binary classi-
fications have been used in similar studies recently (Kairouz
et al.,, 2023; Murch et al., 2023).

Model development. Data pre-processing followed a
consistent protocol across all phases. The datasets were split
into training and testing sets using a 70/30 ratio stratified to
maintain class distribution of customers who had histori-
cally been flagged by their site’s risk detection system and
those who had not. Hyperparameters were tuned using
10-fold cross-validation repeated five times. Standard pre-
processing steps included feature normalisation, categorical
variable encoding, handling of missing values (median
imputation for numeric variables and mode imputation for
categorical variables), removal of near-zero variance pre-
dictors, and management of outliers. To address class
imbalance in the outcome variable (where the minority to
majority class ratio was less than 0.3), we implemented
Synthetic Minority Oversampling Technique (SMOTE) to
generate synthetic samples of the minority class. We
confirmed that our models performed better (as measured
by AUROC) on test data after being trained on data sub-
jected to SMOTE than without its application.

Five distinct machine learning algorithms were consid-
ered: [1] Logistic Regression (using the “glm” library),
[2] Random Forest (“ranger”), [3] XGBoost (extreme
gradient boosting; “xgboost”), [4] Decision Tree (“rpart”),
and [5] Neural Network (“nnet”). For model optimisation,
we employed a space-filling design to generate 100 hyper-
parameter combinations.

Phased process of model testing and comparison. We used
a phased approach to test and compare model performance
under different scenarios. Phase 1 considered the perfor-
mance of the five model types for each of the three classi-
fication approaches using 31 features derived from 30-day
account data, including behavioural metrics such as deposit
frequency as well as demographic information (i.e., age and
gender). Phase 2 focused exclusively on the best-performing

approach (i.e., model and classification type) from Phase 1,
expanding to 62 features built from account history span-
ning six months before the survey, including both 30-day
and six-month aggregate variables (e.g., number of betting
days), as well as monthly averages (e.g., average monthly
deposit amount). Phase 3 further enhanced the feature sets
by integrating survey data covering aspects such as gambling
satisfaction and percentage of income spent (N = 11
[30-day]/13 [30-day + six-month]). The data window in all
phases was relative to the date each participant completed
the survey (i.e., 30 days or 6 months prior to the specific date
of survey completion). A summary of feature sets included
in models at each phase is presented in Table 2. A list of all
features included in models is available in Supplemental
Table S1, and feature definitions are presented in
Supplemental Table S2.

Our primary measure of model performance was Area
Under the Receiver Operating Characteristic curve
(AUROC) values, which represents overall performance in a
binary classification scenario. AUROC values typically range
from 0.5 (no better than chance) to 1 (perfect discrimina-
tion). As this was our primary outcome measure, we
computed 95% confidence intervals for these values using
bootstrapping with 1,000 re-samples. We interpreted
AUROC values using conventional guidelines: failed (0.50-
0.59), poor (0.60-0.69), fair/adequate (0.7-0.79), good
(0.80-0.89), or excellent (>0.9) (Corbacioglu & Aksel, 2023).
The performance of the final models for each phase was also
assessed using sensitivity, specificity, precision, accuracy,
and balanced accuracy ([sensitivity + specificity]/2). Finally,
we report Area Under the Precision-Recall Curve (AUPRC)
values for our final models, consistent with the recommen-
dations of Marionneau et al. (2025). AUPRC provides a
single-number summary of binary classification perfor-
mance, like AUROC, but focuses on the positive class and
may therefore be less influenced by imbalanced datasets.

Ethics

Ethics approval for this study was obtained from the
University of Sydney Ethics Committee (ID: 2023/029).

Table 2. Feature sets included in models

Phase 1

30-day window:

Phase 2

6-month window:

Phase 3

6-month window:

30-day window: account  account & survey data

Feature set account data model account data model & survey data model model
Demographic characteristics v v v v
Past 30-day betting behaviour v v v v
Active use of CPTs v v v v
Past 6-month betting behaviour v v
Past 6-month changes to CPTs v v
Average monthly betting v v
behaviour (past 6 months)
Survey response features v v
Total no. features 31 62 42 75

Note: CPT = Consumer protection tool (e.g., deposit limit).
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All participants read a study information sheet and provided
their consent before starting the survey.

RESULTS

Phase 1 models: establishing an optimal approach
using 30 days of account data

We started by comparing the overall performance of the
different model types for each of the three classification
scenarios, optimising for Youden’s ] (J = sensitivity +
specificity —1), and using the 30-day account data to
develop these baseline models. The multiclass classification
framework exhibited limited discriminative capacity, with
even the highest-performing model (decision tree) achieving
only a test AUROC of 0.613 (Table 3). In contrast, binary
classification ~ frameworks consistently  demonstrated
enhanced discriminative capability, with particularly strong
results for the PGSI >8 threshold. The binary PGSI >8 or
lower classification approach implemented through
XGBoost achieved the highest test AUROC (0.752).
Accordingly, more extensive outcomes for this model are
presented in Fig. 2. This model correctly identified 66.2% of
high-risk cases (sensitivity) and 71.5% of moderate-to-no-
risk cases (specificity).

The XGBoost algorithm provided the best discriminative
capacity for identifying high-risk gambling behaviour while
maintaining an appropriate balance between false positives
and false negatives (see Supplemental Table S3 for model
parameters when using alternative optimisation metrics for
model selection other than Youden’s J index; e.g., AUROC,

sensitivity). Based on these initial assessments, we estab-
lished the PGSI >8 threshold using XGBoost as our
preferred model architecture for subsequent phases.

Phase 2 model: expanding to six months of account
data

Changing the temporal framework to the preceding six
months yielded a marginal reduction in overall performance
(test AUROC of 0.743) but slight improvements in sensi-
tivity (67.5%) and specificity (72.1%). Figure 3 presents the
full set of results for this model.

Phase 3 models: integration of survey responses

Integration of survey data in Phase 3 substantially enhanced
overall performance, particularly for the 30-day model
(Fig. 4), which achieved the highest overall test AUROC of
0.850. Sensitivity remained at 66.2% for the 30-day model
with added survey features, whereas specificity improved to
84.4%, representing a 12.9% increase over the 30-day model
in Phase 1. The six-month model with survey features also
demonstrated improved overall performance relative to the
six-month model in Phase 2, with a test AUROC of 0.832
(Fig. 5). Gains were seen in specificity, which increased by
12.0 to 84.1%, while sensitivity decreased by 1.2 to 66.3%.

Variable importance

In Phases 1 and 2, age (20.2% relative importance in the
optimal 30-day model; 9.5% in the six-month model), de-
posit intensity (9.9%; 29.3%), average stake size (10.3%;
11.2%), and the number of days since placing a bet (10.8%;

Table 3. Comparison of classification approaches

Cross-validation metrics

Test set performance Model stability

Model AUROC Std. Error AUROC Accuracy ROC A ROC stability
Classification: multi-class PGSI groupings

Decision tree 0.628 0.005 0.613 0.317 0.014 0.008
XGBoost 0.663 0.004 0.610 0.305 0.054 0.007
Multinomial regression 0.643 0.004 0.601 0.333 0.042 0.007
Random Forest 0.656 0.005 0.595 0.319 0.061 0.007
Neural network 0.611 0.005 0.570 0.290 0.042 0.008
Classification: PGSI >5

Logistic regression 0.701 0.006 0.678 0.688 0.023 0.009
Random Forest 0.723 0.007 0.669 0.683 0.054 0.009
XGBoost 0.707 0.007 0.652 0.686 0.055 0.009
Neural network 0.653 0.007 0.647 0.654 0.006 0.011
Decision tree 0.652 0.008 0.639 0.672 0.013 0.012
Classification: PGSI >8

XGBoost 0.719 0.008 0.752 0.706 0.033 0.011
Random Forest 0.700 0.008 0.705 0.756 0.006 0.011
Decision tree 0.652 0.010 0.704 0.686 0.052 0.016
Logistic regression 0.673 0.008 0.697 0.654 0.023 0.012
Neural network 0.645 0.009 0.650 0.670 0.005 0.014

Note: AUROC = Area Under the Receiver Operating Characteristic Curve; Std Error = standard error of the mean AUROC achieved in
cross-validation folds; Accuracy = percentage of total cases correctly classified; ROC A: Absolute difference between cross-validation and
test set AUROC; ROC stability = Stability of ROC across folds. The emboldened row represents the best-performing model.
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Fig. 3. Classification performance and variable importance for Phase 2 model (six-month window using only account-based features)
Note: Panel A: Confusion matrix showing the model-predicted versus actual rates of consumers in each PGSI classification. Panel B:
Receiver Operating Characteristic Curve showing the relationship between sensitivity (true positive rate) and 1-specificity (false positive
rate) across decision cut-offs. Panel C: Top 20 most important variables used by the model to make its classifications. Panel D: Precision-
recall curve showing the relationship between precision (i.e., proportion of those predicted to be a positive class who are truly at-risk) and
“6m” = feature based on six-month window preceding participation;

recall (i.e., sensitivity, or true positive rate) across decision cut-offs.

“30d” = feature based on 30-day window preceding participation.

4.9%) served as key predictors (Figs 2C and 3C). In Phase 3,
gambling satisfaction emerged as the primary predictor
(32.2% in the 30-day model; 40.2% in the six-month model)
in both temporal frameworks (Figs 4C and 5C). Other top
predictors in Phase 3 models included the number of active
gambling accounts (12.0%; 9.0%) and the difference between
estimated and actual withdrawal (4.5%; 7.9%), deposit (4.6%;
2.3%), and net outcome (3.2%; 2.6%) amounts.

Phase 4 models: incremental gains from select survey
features
Given the predominance of two self-report variables in Phase 3

models—gambling satisfaction and number of active gambling
accounts—we conducted a fourth exploratory analysis phase,
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building a series of models that systematically integrated or
excluded these features to determine their relative value in
improving classification performance, plotting ROC and preci-
sion-recall curves for each model (Fig. 6). AUROC was highest
when both survey variables were incorporated into a base model
with account features from the 30-day history, and AUPRC was
highest when only gambling satisfaction was added (see
Supplemental Figures S2-4 for full model outcomes).

Overall model comparison

Table 4 compares the performance metrics of models from
all four phases, demonstrating superior performance among
the Phase 3 and 4 models that combined account data with
varying numbers of survey features.
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Fig. 4. Classification performance and variable importance for Phase 3 model (30-day window combining account- and survey-based

features)

Note: Panel A: Confusion matrix showing the model-predicted versus actual rates of consumers in each PGSI classification. Panel B:
Receiver Operating Characteristic Curve showing the relationship between sensitivity (true positive rate) and 1-specificity (false positive
rate) across decision cut-offs. Panel C: Top 20 most important variables used by the model to make its classifications. Panel D: Precision-
recall curve showing the relationship between precision (i.e., proportion of those predicted to be a positive class who are truly at-risk) and

recall (ie., sensitivity, or true positive rate) across decision cut-offs.

DISCUSSION

Our machine learning models achieved adequate to good
performance in correctly classifying online sports and race
betting customers into higher- and lower-risk PGSI cate-
gories (see Table 5 for a lay-summary of findings). The
models we built showed reasonable sensitivity (66.2-75.6)
and specificity (71.5-84.4), but poor precision (32.9-50.5).
This is similar to previous studies that have used a compa-
rable design to ours (precision rates: 29.5-49.6; Kairouz
etal., 2023; Murch et al., 2023). In this study, precision refers
to the proportion of customers predicted to be high-risk who
reported PGSI scores >8. Thus, a large proportion of those
flagged by these models for intervention may not be truly
high-risk, although this may be a necessary trade-off to
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ensure adequate sensitivity (i.e., detection of high-risk
customers; Murch et al., 2023).

Model performance was stronger when predicting PGSI
scores of >8 compared to scores of >5, consistent with the
>8 threshold reflecting a more distinct and severe symptom
profile (Currie, Hodgins, & Casey, 2013). Kairouz et al.
(2023) found marginally improved model performance for
the >8 over the >5 classification, although Murch et al.
(2023) found the converse. Overall, our findings and those of
previous studies (Kairouz et al., 2023; Murch et al., 2023)
indicate that these models can perform adequately across
different risk thresholds. In applied settings, the choice of
how to define the high-risk group may be better guided by
risk detection preferences, rather than model performance
optimisation. Selecting a lower PGSI cut-off may be
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Fig. 5. Classification performance and variable importance for Phase 3 model (six-month window combining account- and survey-based
features)

Note: Panel A: Confusion matrix showing the model-predicted versus actual rates of consumers in each PGSI classification. Panel B:
Receiver Operating Characteristic Curve showing the relationship between sensitivity (true positive rate) and 1-specificity (false positive
rate) across decision cut-offs. Panel C: Top 20 most important variables used by the model to make its classifications. Panel D: Precision-
recall curve showing the relationship between precision (i.e., proportion of those predicted to be a positive class who are truly at-risk) and
recall (i.e., sensitivity, or true positive rate) across decision cut-offs. 6m = variable based on six-month window preceding participation;

30d = variable based on 30-day window preceding participation.

scenarios (Bentéjac, Csorgd, & Martinez-Muioz, 2021).
Gambling researchers should consider XGBoost and other
gradient-boosted models in future risk detection studies.
Adequate classification was achieved using only 30 days
of data, and longer account histories (six months) did not
meaningfully improve model performance. This is consis-
tent with Andersson et al. (2025), who found models trained
on 30, 60, and 90 days of data performed similarly. The 30-

preferred when emphasising the early detection of poten-
tially at-risk individuals, whilst using a higher cut-off may
reflect a preference for reducing misclassifications of those
not experiencing problems.

Among the models we tested, XGBoost achieved the best
classification accuracy. To our knowledge, our study is the
first to include XGBoost when predicting self-reported
problem gambling (but not VSE), with prior studies finding

Random Forest performs best in this context (Auer &
Griffiths, 2022; Hopfgartner et al., 2024; Kairouz et al., 2023;
Murch et al, 2023; Perrot et al., 2022). Outside of the
gambling field, XGBoost models have been found to achieve
good to excellent accuracy in different classification
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day models in our study appeared to provide largely similar
sensitivity and specificity, but lower precision (i.e., lower
proportions of those predicted to be at-risk who are truly at-
risk) than six-month models. It is important to note that the
30-day data used in this study was not necessarily the first 30
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Fig. 6. Comparison of models including or excluding highly predictive survey variables (Phase 4)
Note: Outcomes for four separate models are presented in both panels, including a baseline model using only past-30-day account data, the
baseline model plus the gambling satisfaction variable, the baseline model plus the number of accounts variable, and the baseline model plus
both survey variables. Panel A: Receiver Operating Characteristic Curve plot showing the relationship between sensitivity (true positive rate)
and 1-specificity (false positive rate) across decision cut-offs for each model. Panel B: Precision-recall curve plot showing the relationship
between precision (i.e., proportion of those predicted to be in the positive class who are truly at-risk) and recall (i.e., sensitivity, or true
positive rate) across decision cut-offs for each model.

Table 4. Model performance comparison

AUROC

Model [95% ClIs] AUPRC  Sensitivity =~ Specificity ~Precision Accuracy Balanced accuracy

Phase 1

30 days - account features 0.752 0.376 66.23 71.51 32.90 70.59 68.87
[0.692, 0.808]

Phase 2

6 months - account features 0.743 0.382 67.50 72.09 37.24 71.18 69.80
[0.690, 0.796]

Phase 3

30 days - account & survey features 0.850 0.562 66.22 84.38 47.22 81.22 75.31
[0.805, 0.888]

6 months - account & survey features 0.832 0.509 66.25 84.05 50.48 80.54 75.15
[0.790, 0.874]

Phase 4

30 days - account & gambling 0.837 0.608 72.73 77.53 40.60 76.70 75.13

satisfaction [0.781, 0.883]

30 days - account & no. accounts 0.758 0.359 64.94 74.79 35.21 73.08 69.87
[0.704, 0.815]

30 days - account & both survey vars 0.850 0.596 75.64 80.27 45.04 79.46 77.96

[0.802, 0.897]

Note: AUROC = Area under the receiver operating characteristic curve; CIs = Confidence Intervals; AUPRC = Area under the precision
recall curve; Sensitivity = Percentage of at-risk participants predicted to be at-risk by the model (true positive rate); Specificity = Percentage
of not-at-risk participants predicted to be not-at-risk by the model (true negative rate); Precision = Percentage of participants predicted to
be at-risk by the model who were truly at-risk; Accuracy = Total percentage of all participants correctly classified; Balanced accuracy =
Mean of sensitivity and specificity; Emboldened values = highest rate achieved.

days of someone’s account history; nonetheless, our findings ~ models built using data from the first 30 days after account
indicate risk-detection efforts can begin early after  registration, or even shorter periods, can achieve adequate
registration. Future research should determine whether  performance.
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Table 5. Summary of key findings

e Machine learning models are computer-based algorithms that can analyse large amounts of data to find patterns and make predictions.

e We aimed to determine whether these models could be used to identify online sports and race betting customers with self-reported
gambling problems (PGSI scores >5 and >8) using behavioural tracking data that is routinely collected by betting sites.

e The models distinguished between customer risk groups better when we used PGSI scores >8 to define the high-risk group (compared to

when using scores >5).

e Accuracy: These models were able to correctly classify 71-81% of all customers according to their actual status as either no-to-moderate-

risk (PGSI <8) or high-risk (PGSI >8).

e Sensitivity: 65-76% of high-risk customers were correctly classified as high-risk by the models we tested, meaning 24-35% were incor-

rectly classified as no-to-moderate-risk customers.

e Specificity: 71-84% of no-to-moderate-risk customers were correctly classified as such by the models we tested, meaning 16-29% were

incorrectly classified as high-risk customers.

e Precision: only 33-50% of those predicted to be high-risk by our models were truly high-risk (i.e., PGSI >8).

e We built models using either 30 days or six months of customers’ behavioural account data and found they performed similarly, sug-
gesting extended periods of historical data are not needed to use these models and they can be implemented soon after registration.

e The account-based variables most predictive of risk status were young age, high deposit intensity (defined as the average number of
deposits per active betting date), high average stake size, and fewer days since last placing a bet.

e When we integrated responses from a customer survey, the models’ ability to accurately classify customers substantially improved.

o The self-report variables most predictive of risk status were gambling satisfaction and the number of online gambling accounts someone

held.

e The best model we built (see Figure 4) combined 30 days of behavioural account data with self-report variables.

One of the most novel findings from this study was the
substantial performance improvements achieved by inte-
grating survey variables into models. Our best performing
model combined 30-day account data and survey variables,
suggesting self-reports and recent behaviour may act syn-
ergistically to predict problem gambling. We observed
meaningful improvements by adding just two survey vari-
ables to models in isolation or combination: gambling
satisfaction and the number of active wagering accounts.
Gambling satisfaction was strongly predictive of problem
gambling risk status, with lower scores observed among
higher-risk customers. This novel variable is likely less
biased than directly asking customers about their experience
of gambling harms as people may deny and/or fail to
recognise these. We recommend further research to explore
the concept of gambling satisfaction and its value as an in-
dicator of risk.

There are several reasons why self-reported data may be
more predictive of risk than account-based variables. First,
the relationship between time or money spent gambling
and the perceived sense of problems may be complex and
variable. There is likely variation between individuals in
[1] the number of internal and external resources available
to help them manage the impact of their gambling, and
[2] their interpretation of the impact gambling is having on
them. Second, account-based variables only capture
behaviour on one site. Survey-based variables, by com-
parison, can reflect a person’s entire experience with
gambling. This explanation is supported by our finding that
the number of active online gambling accounts someone
held provided a strong signal for differentiating risk
groups. A single customer view of gambling using bank or
digital wallet records could provide a complete picture of
consumption across sites and has demonstrated value in a
UK-based study of open banking data (Zendle & Newall,
2024). A dedicated service that can track individuals’

Brought to you by MTA

transactions across gambling sites irrespective of their
payment method is likely to be most effective at identifying
and supporting high-risk consumers; this could be devel-
oped by regulators, financial institutions, or trusted third
parties using account data, ideally in real-time (Swanton,
Gainsbury, & Blaszczynski, 2019).

Finally, because both the survey predictors and PGSI
scores rely on self-report, any individual differences in
response styles will influence both sets of measures in a
correlated way. This shared method variance can artificially
inflate the association between survey predictors and the
outcome, a problem referred to as “common method bias”
(Kock, Berbekova, & Assaf, 2021). A second and related
reason is that the timing of collection was identical, meaning
participants’ current emotional state and recent gambling
experiences could affect all their survey responses simulta-
neously. For example, dissatisfaction with recent gambling
outcomes might lead someone to endorse more PGSI items
and report lower gambling satisfaction. These issues high-
light the need for future research to confirm the predictive
ability of key self-report variables identified here with other
possible measures of risk (e.g., reports from operator contact
with customers) and to separate the timing of predictor and
outcome measurement.

Our findings should be viewed in the context of some
limitations. We considered account data from only two
sites and were unable to track gambling beyond the single
site each customer was registered with. As our outcomes
demonstrate, high-risk individuals are more likely to
gamble with multiple sites (see also: The UK Behavioural
Insights Team, 2021). We attempted to address this by
capturing the number of other sites recently gambled
with, but this is unlikely to fully reflect the extent and
variation of gambling across other sites. Second, whilst we
obtained a moderately large sample (N = 1,349-1,470),
similar studies in the field have obtained sample sizes
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ranging from 5,404 (Perrot et al., 2022) to 14,261
(Luquiens et al., 2016), potentially enhancing the repre-
sentativeness of their datasets. However, unlike prior
studies, our survey was extensive and burdensome for
participants, including the PGSI alongside measures of
estimated expenditure, demographic characteristics,
gambling satisfaction, and several other constructs not
central to the present analyses. Sample size concerns
in this type of research highlight a limitation of using
self-reported problem gambling scores as the target vari-
able. While VSE has limitations in this context that are
discussed above (e.g., heterogeneous motivations for
self-excluding), it is routinely available in operator data
without the need to encourage customers to complete a
survey. Sample representativeness is another concern.
In a separate analysis of the dataset used here, our team
was able to determine that the sample used in this study
was not fully representative of the wider customer base, as
more engaged bettors self-selected into the survey (Heir-
ene et al,, 2025). This is unsurprising, as more engaged
bettors are more likely to be active and interested in
completing a survey about their gambling. Future research
is needed to understand how to scale the collection of self-
report measures on online sites and ensure representation
across activity levels.

Practical implications and conclusions

Our findings suggest that machine learning models can be
used to identify online bettors who may be experiencing
gambling problems. They correctly identify most customers
who report gambling problems as high-risk, although a
notable proportion of those flagged as being high-risk may
not be experiencing problems. False positives are a common
feature of these models and may be a trade-off required to
identify most truly high-risk customers. Operators can
employ these models with just 30 days of historical customer
data, using them to inform responsive interventions. Self-
report data that are not personal, sensitive, or difficult to
provide accurately can substantially enhance model perfor-
mance. Collecting information such as customers’ self-re-
ported gambling satisfaction and number of other accounts
can shift towards more person-centred approaches to risk
detection that account for individual experiences and be-
haviours across platforms.
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