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ABSTRACT

Background and Aims: The digitalization of gambling provides unprecedented opportunities for early
identification of problem gambling, a well-recognized public health issue. This study aimed to advance
current practices by employing advanced machine learning techniques to predict problem gambling
behaviors and assess the temporal stability of these predictions. Methods: We analyzed player account
data from a major Swedish online gambling provider, covering a 4.5-year period. Feature engineering
was applied to capture gambling behavior dynamics. We trained machine learning models, XGBoost, to
classify players into low-risk and higher-risk categories. Temporal stability was evaluated by progres-
sively truncating the training dataset at various time points (30, 60, and 90 days) and assessing model
performance across truncations. Results: The models demonstrated considerable predictive accuracy
and temporal stability. Key features such as loss-chasing behavior and net balance trend consistently
contributed to accurate predictions across all truncation periods. The model’s performance evaluated on
a separate holdout set, measured by metrics like F1 score and ROC AUC, remained robust, with no
significant decline observed even with reduced data, supporting the feasibility of early and reliable
detection. Discussion and Conclusions: These findings indicate that machine learning can reliably
predict problem gambling behaviors over time, offering a scalable alternative to traditional methods.
Temporal stability highlights their potential for real-time application in gambling operators’ Duty of
Care. Consequently, advanced techniques could strengthen early identification and intervention stra-
tegies, potentially improving public health outcomes by preventing the escalation of harmful behaviors.
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INTRODUCTION

Due to the high societal and individual costs associated with problem gambling, early identi-
fication is crucial (Eadington, 2003; Hofmarcher, Romild, Spångberg, Persson, & Håkansson,
2020; Jonsson, Abbott, Sjöberg, & Carlbring, 2017). The digitalization of gambling (Jonsson,
Munck, Volberg, & Carlbring, 2017) offers unprecedented opportunities to do so, since every
login, deposit, bet, and outcome is logged. Once identified, timely interventions can signifi-
cantly increase the likelihood that individuals are helped before gambling-related harm
accumulates (Clune et al., 2024). Existing methods for identifying problem gambling, such as
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self-report questionnaires and behavioral tracking, have
varying degrees of validity and reliability (Edgren et al., 2016;
Jonsson, Munck, et al., 2017). Self-report methods depend on
individuals accurately reporting their behaviors and experi-
ences. However, these methods can be susceptible to under-
reporting and bias (Goldstein et al., 2017; Sato & Kawahara,
2011), whereas behavioral tracking requires sophisticated data
analytics to interpret effectively (Bitar et al., 2017; Catania &
Griffiths, 2021; Haeusler, 2016; Kuentzel, Henderson, &
Melville, 2008). Thus, the multifaceted nature of gambling,
which involves various psychological, social, and situational
factors, makes it challenging to assess with a singular
approach (Browne et al., 2017; Hahmann, Hamilton-Wright,
Ziegler, & Matheson, 2021). For example, individuals may
stop gambling for diverse reasons, including not only harm or
financial loss but also personal or strategic considerations
(Weatherly, Montes, Peters, & Wilson, 2012).

Much of the existing literature on identification focuses
on cross-sectional data (Gainsbury, Sadeque, Mizerski, &
Blaszczynski, 2013), which provides only a snapshot of
gambling behavior at a single point in time and fails to
capture the temporal dynamics by design. While under-
standing the temporal patterns of gambling behavior is
crucial, as it allows for a more accurate identification of
problem gambling at different timepoints (Braverman,
LaPlante, Nelson, & Shaffer, 2013; Braverman & Shaffer,
2012; Deng, Lesch, & Clark, 2019), it is equally important to
consider aggregated behavioral data that captures broader
trends and patterns over time. Longitudinal studies,
although more complex, offer the potential for deeper in-
sights into the evolution of gambling behavior and the onset
of problem gambling (Dowling et al., 2017) and could in
theory extend the prediction window, allowing identification
of not just current problem gamblers, but also future ones.

With access to player account data, predictive analytics
can develop scalable, data-driven methods to identify prob-
lem gamblers (Auer & Griffiths, 2022; Perrot et al., 2022).
Various machine learning models have shown promise in
identifying problem gamblers (Kairouz et al., 2023; Murch
et al., 2023; Perrot et al., 2022), revealing that they can
leverage complex datasets and scientifically informed feature
engineering to identify patterns of gambling behavior related
to problem gambling. However, while these studies demon-
strate significant potential, they also have limitations. For
instance, many existing models often rely on self-reported
data, which can be prone to biases and inaccuracies (Percy,
França, Dragi�cević, & d’Avila Garcez, 2016). Moreover, in
many predictive studies, researchers often not only utilize
cross-sectional data but also frame the prediction problem
itself as a cross-sectional analysis, rather than leveraging
longitudinal or retrospective data windows (Paterson, Tay-
lor, & Gray, 2020). This approach, particularly in how data is
aggregated and features are engineered, often overlooks the
temporal richness inherent in the raw data (Suzuki, Naka-
mura, Inagaki, Watanabe, & Takagi, 2019), potentially
skewing the results towards recent data points while missing
out on longer-term trends and broader progressions over
time (Park, Eom, Seo, & Choi, 2020).

The Swedish Gambling Act, mandates counteracting
excessive gambling through continuous monitoring of
gambling behavior (Swedish Gambling Act, 2018). Whether
the Duty of Care should extend to predictive analytics that
foresee problematic patterns before they fully develop re-
mains to be thoroughly examined and empirically validated.
This study aims to enhance understanding of the temporal
dynamics in identifying problem gambling by applying
advanced machine learning methods focused on predicting
manual assessments and evaluating the temporal stability of
these predictions through truncating the training set at
various time points. Our approach leverages aggregated data
to capture broader behavioral indicators, ensuring compre-
hensive analysis and improved prediction accuracy. By
transitioning from monitoring to proactive prediction, our
research enables gambling operators to implement timely
interventions to prevent the escalation of problem gambling
behaviors. Such advancements align with legislative frame-
works and could significantly improve public health out-
comes by reducing gambling-related harms through early
prediction.

METHODS

Participants

We utilized player account data from one of Sweden’s largest
licensed online gambling providers, covering 4.5 years from
January 1, 2019 (at which point Sweden switched to a
licensed gambling market), to July 1, 2023. The dataset
included extensive behavioral and transactional details for
n 5 35,048 unique, authenticated players, all of whom are
based in Sweden, allowing for a comprehensive analysis of
gambling behaviors within this specific context.

Measures

Data preprocessing and feature engineering. All data pre-
processing and analyses were conducted using Python
(3.11); the fully reproducible code is available online (https://
github.com/SamAndersson-C/temporal-dynamics-problem-
gambling). We performed extensive feature engineering on
raw data consisting of 11 data frames, which included in-
formation on bets, transactions, sessions, demographics,
payments, responsible gambling actions and predictions,
manual risk assessments, and multiple accounts. Using
SQL scripts, we combined the data shards into raw tables
within a PostgreSQL database. As in past research (Hopf-
gartner, Auer, Griffiths, & Helic, 2022, 2024) features were
derived to reflect various aspects of online gambling
behavior, such as loss chasing, betting frequency, session
lengths, and spending patterns. Accurate alignment of all
tables was crucial due to the granularity of the timestamps,
ensuring meaningful feature engineering (Wang et al., 2009)
and to capture the evolution of gambling behaviors and
detect significant changes or trends, we ensured temporal
alignment of data tables and took specific care to avoid
data leakage (using information from outside the training
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set in model training). We enhanced performance through
indexing, partitioning, and query optimization. By precisely
aligning and securely managing the data, we prevented
inadvertent leakage that could produce overly optimistic
results. All feature aggregations strictly used activity data up
to each labeling date (Fig. 1).

Nominal variables were numerically coded to facilitate
modeling. Features with more than 50% missing values were
excluded, while others underwent median imputation to
preserve data integrity. Heavily skewed features with an
excess of zero values were log-transformed to achieve a more
normalized distribution. To evaluate the temporal stability
of our predictions, we implemented a temporal division for
training and test sets, reserving the final year’s data for
testing. This ensured the model was evaluated on unseen
data, simulating a real-world deployment scenario (Barros,

Nascimento, Guedes, & Monsueto, 2023). We employed a
data truncation strategy based on timestamps from the
gambling operator’s raw data to further assess temporal
stability. Using June 1, 2022, as a general reference, we
truncated each player’s data by removing records 30, 60, and
90 days prior to their maximum timestamp in the training
set. This resulted in three distinct datasets: 30-day, 60-day,
and 90-day truncated data, each undergoing the same
feature engineering for model training and evaluation. This
allowed us to analyze how model performance varies with
different amounts of historical data, providing insights into
the temporal stability of the predictions over varying time
horizons.

Labeling. The primary label indicating customer risk was
derived from manual assessments conducted by the

Fig. 1. Data pre-processing and analysis pipeline
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gambling provider as part of their Responsible Gambling
operations as per their Duty of Care commitment (Cisneros
Örnberg & Hettne, 2018). These assessments targeted
players exhibiting concerning gambling behaviors, classi-
fying them into five risk levels based on deposit patterns,
session length, denied transactions, and responsible
gambling tool use. Higher-risk cases involved persistent high
deposits, prolonged play, or self-reported loss of control.
Additionally, certain customers were flagged for manual
review by the support team if communication raised con-
cerns. Since assessments focused on flagged individuals
rather than a random sample, the study population pri-
marily reflects at-risk players rather than all gamblers,
congruent with the aim of prediction algorithms in this
context. A database logging error was discovered during the
analysis, revealing that most of the manually assessed labels
were concentrated at the beginning of the dataset’s time
frame, with some customers (n 5 5,848) being flagged with
“unknown risk” as their label. These were accounts that the
operator’s RG analysts began to review but could not com-
plete due to unsuccessful attempts to contact the individual
in question, resulting in the suspension of the review. These
accounts were temporarily restricted from gambling until
the company could establish contact with the individuals,
allowing them to complete the review process in accordance
with the Responsible Gambling (RG) procedures. These
customers were included in the training data if they had a
corresponding risk label from the RG prediction table on the
same date as the “unknown risk” label (n 5 1,844). If such a
label was available, we replaced the “unknown risk” with the
corresponding RG prediction label. Subsequent customers
labeled as “unknown risk” without a corresponding RG
prediction label were discarded from the training data
(n 5 4,004) while all “unknown risk” customers were dis-
carded from the hold-out set (n 5 1,902). This approach
aimed to fill the gaps in the training data, thereby enhancing
the dataset’s coverage and the robustness of the predictive
models and providing us with a more comprehensive and
temporally distributed training dataset.

We acknowledge that this imputation method, while
beneficial, does introduce some potential noise into the
model. However, this noise can have a regularizing effect on
the complex model. Since the imputation was applied only
to the training data, we avoided any potential data leakage.
Without imputation, large temporal gaps between manually
assessed labels could have led to overfitting on sparse data
patterns. By filling these gaps, we provided a more contin-
uous and diverse set of training examples, helping the model
generalize better to unseen data. This regularizing effect
reduced overfitting, enhancing the robustness and reliability
of the model’s predictions.

Initially, customers were categorized into six risk levels,
creating a multi-class classification problem. However, pre-
liminary models performed poorly, as fine-grained classifi-
cation can introduce unnecessary complexity and variance
(Blanco, Perez-de-Viñaspre, Pérez, & Casillas, 2020; Elyan &
Gaber, 2017). To gain deeper insight into risk labels and
reduce the number of categories, we first generated average

SHAP (SHapley Additive exPlanations) (Lundberg, Allen, &
Lee, n.d.; Ukhov, Bjurgert, Auer, & Griffiths, 2021) value
plots based on our preliminary models. From these plots, we
selected the top 25 most influential variables and used them
in a hierarchical clustering analysis with the complete link-
age method, known for its robustness to noise and outliers
(Laurikkala & Juhola, 2001). Euclidean distance was used;
single linkage was also considered but found unsuitable due
to data noise. This analysis revealed that the data naturally
clustered into two groups: low-risk and higher-risk. This
supported our decision to binarize the labels into low risk
and all other risk levels. This binary framework allowed us to
focus on distinguishing low-risk customers from those at
elevated risk, aligning with responsible gambling objectives.

Procedure

Feature selection. After initial feature engineering in SQL,
we conducted feature selection using SHAP values (Lund-
berg et al., n.d.; Ukhov et al., 2021) and Generalized Matrix
Learning Vector Quantization (GMLVQ) (Lövdal & Biehl,
2024) to identify the most relevant features for the binary
classification task. SHAP values decompose a model’s pre-
diction for an individual instance into contributions from
each feature, providing local and consistent explanations.
They ensure that the sum of SHAP values equals the dif-
ference between the model’s prediction for that instance and
the average prediction over the dataset, making them useful
for interpreting complex models with clear, additive feature
contributions.

In parallel, we applied GMLVQ, a supervised learning
technique designed to enhance the discriminative power of
features by optimizing a relevance matrix. GMLVQ adjusts
the feature space to maximize the margin between classes,
which is crucial for effectively distinguishing between clas-
ses. GMLVQ assigns different levels of relevance to each
feature, thereby improving the model’s ability to focus on
the most discriminative features for accurate predictions.
This approach not only aids in classification but also pro-
vides a way to interpret the contribution of each feature to
the decision boundaries defined by the model.

To ensure equal contribution of all features during model
training, we scaled them using a standard scaler. We reduced
redundancy by calculating a correlation matrix and
removing one feature from each pair of highly correlated
features (Yu & Liu, 2003). Subsequently, we trained a model
on the scaled training dataset: XGBoost (Chen & Guestrin,
2016). SHAP values were computed to evaluate the impor-
tance of each feature in the prediction process.

To finalize the feature selection, we combined the top 25
features identified by each method. Choosing 25 features
was a heuristic decision to balance model complexity and
interpretability. This subset size ensured the final models
were both accurate and interpretable, maintaining manage-
able complexity. By merging the most informative and
discriminative features from both methods, we created a
comprehensive and optimized feature set for the classifica-
tion task.
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Statistical analysis

We used XGBoost to classify customers into low-risk and
higher-risk categories. Comprehensive hyperparameter
tuning was conducted using Optuna (Akiba, Sano, Yanase,
Ohta, & Koyama, 2019), an automated optimization
framework, to ensure the model’s accuracy and generaliz-
ability across different datasets. We focused on optimizing
the F1 score to balance precision and recall, exploring
hyperparameters such as learning rate, number of estima-
tors, maximum tree depth, subsampling ratio, column
sampling ratio, and regularization parameters. We also
optimized a probability threshold for converting predicted
probabilities into binary classifications. To respect the
chronological structure of the data during model selection
and avoid any leakage from future observations, we
employed a nested forward-chaining cross-validation pro-
cedure. Specifically, we sorted all training instances by date
and split them into a 5-fold outer loop using a time-series
split, ensuring that each validation fold came strictly after
the training folds in time. Within each outer training fold,
we performed a 3-fold time-series split in an inner loop to
refine hyperparameters, again preserving the temporal order.
This approach minimized overfitting and ensured that each
step of hyperparameter tuning, and model evaluation
respected the temporal sequence of events.

We ran up to 1,000 Optuna trials, training XGBoost with
different hyperparameters and selecting the best based on
average F1 score across inner cross-validation folds. Using
these optimal parameters, we trained final models on the full
dataset and each truncation period (30-day, 60-day, 90-day)
before evaluating them on a hold-out test set (the unused
data) to assess real-world generalizability.

Predicted probabilities were converted into binary pre-
dictions using the optimized threshold, and performance
metrics—including F1 score, ROC AUC, precision, recall,
accuracy, and confusion matrices—were computed. To
assess the stability of predictions across different amounts of
historical data, we repeated this process for each truncation
period (30-day, 60-day, 90-day, and full) and compared
performance metrics. Finally, we applied linear regression to
these metrics to identify trends as the amount of data
decreased and used bootstrapping to compute confidence
intervals for the slopes, determining whether changes in
performance were statistically significant over time.

In addition to classification, we conducted a regression
analysis to predict continuous risk scores, providing a more
granular understanding of the model’s predictive capabil-
ities. We used XGBoost as a regressor to predict risk scores
on a continuous scale, which were subsequently categorized
into low, medium, and high-risk levels.

Ethics

The study procedures were carried out in accordance with
the Declaration of Helsinki. The study was reviewed and
approved by the Swedish Ethical Review Authority (Dnr
2023-07288-02). Informed consent was waived by the review
board to permit research on pre-existing registry data.

RESULTS

Predictions of problem gambling exhibited considerable
temporal stability, even with progressively truncated data.
Across all truncation periods (30-day, 60-day, 90-day, and
full data), “loss chasing behavior weekly log transformed,”
“net balance trend,” “max deposit log transformed,” “session
sum p25,” and “total bets daily log transformed” consistently
had the highest SHAP values, indicating a strong influence
on the model’s predictions (Fig. 2). As shown in Fig. 3, hold-
out set metrics improved slightly with more data, suggesting
larger datasets enhance generalization and decision bound-
aries—particularly in identifying true positives. Overall,
model performance was modest yet consistent (Table 1).

A bootstrap analysis of linear slopes across truncation
periods (Full → 30-day → 60-day → 90-day) found no
significant trend for most metrics, as their 95% confidence
intervals included zero: Accuracy [�0.009, 0.031], Recall
(Sensitivity) [�0.018, 0.095], F1 Score [�0.008, 0.035], and
ROC AUC [�0.008, 0.008]. However, Precision (PPV) had a
95% CI entirely below zero [�0.005, �0.001], indicating a
consistently negative slope with increasing truncation.
Practically, Precision dropped slightly when moving from
full to truncated data. Despite this, overall model perfor-
mance remained stable across all truncation periods.

We used a regression model to predict continuous risk
scores—grouped as low, medium, and high risk—to evaluate
performance by risk level (Table 2 and Fig. 4). The model
performed well for medium- and high-risk categories, with
predicted means closely matching true means. For instance,
in the 30-day dataset, the medium-risk group’s actual mean
was 0.618 vs. a predicted mean of 0.500, and the high-risk
group’s actual mean was 0.761 vs. 0.758. In the 60-day
dataset, the high-risk group’s actual mean was 0.765 vs.
0.755. However, the model consistently underestimated risk
for the low-risk category in every dataset: for example, in the
60-day dataset, the low-risk group’s true mean was 0.529 vs.
a predicted mean of 0.248, and in the full dataset, 0.557 vs.
0.219. Thus, the model effectively identifies medium- and
high-risk individuals but struggles to accurately capture low-
risk cases.

Figure 4 shows better performance in medium and high-
risk groups, with smaller gaps between true and predicted
means, whereas the model underestimated risk in the low-
risk group (the gap increased with longer truncation). This
was most pronounced in the full dataset, where the differ-
ence for low-risk cases reached 0.337, compared to 0.188 for
medium risk and 0.057 for high risk.

DISCUSSION

The results suggest that machine learning predictions of
problem gambling, assessed manually or through proxy
measures, show relative stability over time, with time being
intrinsically linked to data amount. This indicates that early
predictions are consistent and reliable, highlighting our
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Fig. 3. Temporal evaluation and prediction stability

Fig. 2. Feature importance plot
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model’s robustness. Our claims are based on the model’s
performance on a holdout validation set. By reserving a full
year of data for validation, we evaluated the model on un-
seen data, mimicking real-world conditions for Duty of Care
obligations. Our findings confirm that predictive analytics
and machine learning are promising in identifying problem
gamblers (Auer & Griffiths, 2022; Deng et al., 2019; Perrot
et al., 2022), validating the effectiveness of these methods in
a temporally robust manner. Metrics like ROC AUC and F1

score remained consistent across data truncation levels,
indicating model reliability. Bootstrapping showed no sig-
nificant slopes for Accuracy, Recall, F1, and ROC AUC, but
Precision exhibited a slight, consistently negative slope from
full data to 30-, 60-, and 90-day truncations. Despite this,
overall performance stayed relatively stable. Unlike pre-
liminary analysis based on training data and time series
cross-validation, the holdout evaluation did not show a
decline in performance metrics with the full dataset; instead,

Table 2. Risk category prediction table with difference

Dataset Risk Category True Mean Predicted Mean Difference

30-day-truncated-data Low Risk 0.600 0.242 0.358
30-day-truncated-data Medium Risk 0.618 0.500 0.118
30-day-truncated-data High Risk 0.761 0.758 0.003
60-day-truncated- data Low Risk 0.529 0.248 0.281
60-day-truncated- data Medium Risk 0.625 0.497 0.127
60-day-truncated- data High Risk 0.765 0.755 0.010
90-day-truncated- data Low Risk 0.588 0.255 0.333
90-day-truncated- data Medium Risk 0.609 0.538 0.072
90-day-truncated- data High Risk 0.771 0.724 0.047
Full data Low Risk 0.557 0.219 0.337
Full data Medium Risk 0.646 0.458 0.188
Full data High Risk 0.779 0.722 0.057

Fig. 4. Difference between true and predicted means

Table 1. Model performance metrics for different truncation labels

Truncation Accuracy Precision (PPV) Recall (Sensitivity) F1 Score ROC AUC Specificity NPV

30-day-truncated-data 0.668 0.691 0.929 0.793 0.621 0.107 0.411
60-day-truncated- data 0.659 0.690 0.911 0.785 0.613 0.117 0.378
90-day-truncated- data 0.684 0.687 0.984 0.810 0.608 0.036 0.515
Full data 0.637 0.696 0.834 0.758 0.613 0.213 0.374
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metrics such as recall and F1 score improved with increased
dataset size, underscoring the importance of using a separate
validation set for an accurate reflection of the model’s true
performance. Therefore, our methods avoid the limitations
of traditional approaches like self-report questionnaires and
simple behavioral tracking, which often suffer from validity
and reliability issues (Edgren et al., 2016; Hodgins &
Makarchuk, 2003; MacKillop, Anderson, Castelda, Mattson,
& Donovick, 2006). Our machine learning approach offers a
more reliable and scalable solution. The model consistently
demonstrates reliable performance across different trunca-
tion periods, with SHAP values clarifying which features
drive its predictions. This highlights the model’s ability to
effectively interpret complex behavioral data that traditional
methods might not capture.

Finally, studies relying on cross-sectional data inherently
struggle to capture the temporal dynamics of gambling
behavior or (Castrén, Kontto, Alho, & Salonen, 2018;
Gainsbury et al., 2013; Paterson et al., 2020). Our study
addresses this gap by evaluating the temporal stability of
predictions. The consistent importance of key features
across different truncation periods, as shown by SHAP
values and performance metrics, underscores this stability.
This is critical for developing models that can accurately
predict problem gambling over extended periods, enhancing
our understanding of gambling behavior dynamics.

The findings have practical implications for early iden-
tification and intervention in problem gambling. The sta-
bility of predictions supports the timely implementation of
preventive measures, which can mitigate the risks associated
with problem gambling and aid stakeholders in developing
effective public health monitoring and intervention pro-
grams (Jonsson, Munck, Hodgins, & Carlbring, 2023).

Limitations

This study has several limitations. First, inconsistent appli-
cation of risk labels over time may cause the model to
capture temporal biases rather than genuine risk patterns,
especially in dynamic environments like gambling where
user behavior and risk profiles can change rapidly. The
presence of “unknown risk” labels lead to an imbalanced
dataset, underrepresenting certain risk categories and
potentially skewing the model’s learning process toward
more prevalent categories. Our imputation strategy—filling
gaps with responsible gambling (RG) prediction labels
—aimed to mitigate this by improving the quality and
quantity of labeled training data. This approach increased
the number of labeled data points and ensured a more
uniform temporal distribution, allowing the models to
learn from a broader and more representative sample. While
this enhanced dataset reduced the risk of overfitting and
increased generalizability, inherent imbalances may still
pose challenges. Importantly, the hold-out validation data
did not suffer from this limitation.

Second, potential bias introduced by manual assess-
ments used for labeling must be acknowledged. Analysts’
subjective judgments could have impacted the consistency

and accuracy of the labels. Despite this potential bias,
manual assessments are generally considered more reli-
able than self-assessments, which are often prone to
inaccuracies (either deliberate or indeliberate) and
inconsistencies.

Third, our truncation strategy intended to ensure tem-
poral stability by focusing on consistent windows of activity.
However, it may have inadvertently caused accounts with
the most cumulative activity to contribute disproportion-
ately to the predictions. Initially, we attempted to use ac-
counts with 30, 60, or 90 days of total activity, but too few
accounts met these criteria for meaningful model training.
Consequently, we opted for an activity truncation strategy as
a compromise, including enough data points for model
training but possibly biasing the model toward accounts
with more extensive histories.

Fourth, our dataset comes from a single gambling
operator in a competitive market, and does not include any
given gamblers’ activity at other operators. Problem gam-
blers are typically more likely to gamble with multiple op-
erators. Incomplete behavioral histories can lead to
underestimation or misclassification of certain gambling
behaviors and limit the broader applicability of our findings.
Ideally, a “single customer view” mechanism—aggregating
data from multiple operators—would yield more compre-
hensive insights and potentially more accurate predictive
models. In lieu of a centralized system for sharing account-
tracking data across operators, operator-specific predictions
remain the pragmatic approach to minimizing gambling
harms.

Lastly, although the analysis uses a robust setup—tem-
poral holdout splits and nested cross-validation—the limited
bootstrapping approach (four samples per metric) may
reduce sensitivity to subtle trends. Even so, narrow confi-
dence intervals suggest stable performance metrics over
time, indicating temporal consistency. Future research with
larger samples or alternative methods could further validate
these findings.

Future research directions

Our findings suggest several avenues for future research.
One key area is determining the optimal data window for
reliable predictions, balancing data sufficiency with model
performance. Exploring other machine learning techniques
or refining labeling methods could further enhance accu-
racy. Validating the model with different datasets or in
varied contexts will improve its generalizability and
robustness.

To improve predictive capabilities, gambling operators
should routinely collect relevent features reflecting various
risk levels of problem gambling—beyond purely trans-
actional data. This might include browsing patterns, time
spent on different site areas, or engagement with specific
features. Like how physical casinos observe customer
behavior on the floor, incorporating such behavioral in-
dicators online could enhance the model’s ability to identify
at-risk individuals more accurately.
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CONCLUSIONS

This study demonstrates the value of advanced machine
learning techniques and rigorous methodologies in gambling
research. Our findings show stable long-term prediction
performance, evidenced by consistent metrics across
different truncation periods. This supports the feasibility of
early detection and timely interventions, underscoring the
importance of methodological rigor in developing reliable
predictive models. These results have significant implica-
tions, providing a strong foundation for further research and
development in the field.
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