Acta Psychologica 267 (2026) 106947

Acta
Psychologica

Contents lists available at ScienceDirect

Acta Psychologica

journal homepage: www.elsevier.com/locate/actpsy

Check for

Interpretable behavioral clusters of gamblers through unsupervised learning &

Mana Azizsoltani *-*, Ismael Gomez-Talal »"©>*", José Luis Rojo Alvarez", Kasra Ghaharian *

2 International Gaming Institute at the University of Nevada, Las Vegas., 4505 S. Maryland Pkwy, Las Vegas, 89154, NV, USA
b Department of Signal Theory and Communications and Telematic Systems and Computation at Rey Juan Carlos University, Camino del Molino,
s/n, Fuenlabrada, 28943, Madrid, Spain

ARTICLE INFO ABSTRACT

Keywords:

Gambling disorder
Behavioral tracking data
Artificial intelligence
Machine learning
Unsupervised learning

Understanding the heterogeneity among highly involved gamblers is critical for the development of effective
harm reduction strategies. This study employs unsupervised machine learning to segment a population
of high-intensity Electronic Gambling Machine (EGM) users based on behavioral indicators derived from
transactional data. Using a combination of Uniform Manifold Approximation and Projection (UMAP) for
nonlinear dimensionality reduction and Density-Based Spatial Clustering of Applications with Noise (DBSCAN)
for cluster identification, we performed a systematic grid search to optimize internal validity metrics (Silhouette
= 0.5827, Davies-Bouldin Index = 0.4442, Calinski-Harabasz Index = 8907.46). The analysis yielded four well-
separated behavioral clusters: one marked by impulsive withdrawals and night-time play; another showing
consistent and high-frequency gambling; a third characterized by structured, high-stakes sessions; and a
fourth exhibiting rapid, binge-like activity within short time windows. To facilitate interpretation, we trained
cluster-wise random forest classifiers, identifying key discriminative features such as balance trajectory, inter-
session timing, and variability in transaction intervals. Our findings demonstrate that high involvement is
not a uniform construct, but rather encompasses diverse behavioral subtypes, each potentially associated
with different levels of gambling-related harm. This segmentation framework offers practical implications for
personalized responsible gambling initiatives and contributes to ongoing research advocating for data-driven
player protection strategies.

1. Introduction survey-, clinical-, and venue-based studies), land-based work remains

largely underrepresented in the literature surrounding behavioral track-

Over the past 20 years, innovations in information technology in
the gambling industry have increased the availability and capabilities
of data, particularly in the context of player behavior tracking (Chagas
& Gomes, 2017; Deng et al., 2019). Simultaneously, the industry-wide
adoption and implementation of artificial intelligence (AI) based solu-
tions has allowed stakeholders to extract novel insights about players
and leverage them for responsible gambling (Auer & Griffiths, 2023;
Marionneau et al., 2025). The intersection of bet-by-bet transaction
data and Al has been said to have the potential to solve the “casino
Al puzzle” (Peister et al., 2024).

Technological innovations have been particularly transformative
in the online gambling sector, largely due to the ease of collecting
and tracking user behavior data, which has allowed operators to gain
deeper insights into behavioral markers of gambling harm (Delfabbro
et al., 2024; Deng et al., 2019). Although there is a substantial body
of responsible gambling (RG) research in land-based settings (e.g.,
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ing data (BTD), particularly when compared to the online setting (Gha-
harian, Abarbanel, Phung, et al., 2023). This is likely due to a variety
of factors, including: the lack of mandatory carded play, the inability
to track cash withdrawals, the challenge of tracking players geographi-
cally, and the inaccuracy of table games data (due to lack of technolog-
ical infrastructure). Yet, new technological advances in data collection
and storage have opened the door for seeking out data-driven insights
for land-based gambling modalities (Peister et al., 2024). Before the
advent of account-based play (Gainsbury, 2011), Electronic Gambling
Machine (EGM) data was only available at the machine-level. But with
the ability to obtain granular data for individual players, researchers
can now obtain a deeper understanding of the behaviors associated
with gambling harm for EGM players. These innovations have created
novel, under-explored areas of research surrounding the harms of EGM
play and opportunities for prevention.
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Furthermore, the combination of Al and granular BTD has shaped
RG practice, as operators and regulators can rely on Al models to detect
patron profiles that have a high risk of problem gambling. In paral-
lel, these developments have also shaped regulatory and compliance
discussions around the auditability of Al models, privacy of data, and
transparency of analytics practices (Marionneau et al., 2025).

We seek to address the gap in the research by administering an
explainable unsupervised machine learning (ML) methodology on a
large dataset containing land-based EGM BTD from Poland to identify
different behavioral profiles of highly engaged gamblers.

1.1. Electronic gambling machines and gambling harm

Slot machines, or more broadly EGMs, are one of the dominant
segments of the gambling industry (American Gaming Association,
2024). In fact, slot machines accounted for over 50% of the total
commercial gross gaming revenue (GGR) in the United States in 2023
(Tolan, 2024). But while this segment attracts a plethora of players and
represents a significant proportion of casino revenue, it has also raised
concerns about its association with impulse control disorders, such as
gambling disorder (Mosquera & Keselj, 2017). Once referred to as “the
crack cocaine of gambling”, EGMs are considered to be one of the
gambling modalities with the highest addictive potential and capacity
for harm (Dowling et al., 2005). Prior research frequently identifies that
the structural characteristics, rapid, continuous play cycles, and jackpot
mechanisms of EGMS are significant contributors to the experience of
gambling-related harms (Dowling et al., 2005; Rockloff & Hing, 2013;
Schiill, 2012).

Behavioral research has found that multi-line betting, skill-based
games, free spins, and sensory stimuli contribute to the risk of gambling
harm that may arise from EGM play. In a study on EGM players in Aus-
tralia, Woolley and Livingstone (2009) concluded that a combination
of free spins and multi-line betting arrangements induced potentially
high-risk gambling behaviors such as increased betting and time spent
on the machine. Other studies have also found that machines with
multi-line betting tend to be more immersive for players, which can
lead to higher risk of gambling-related harms (Dixon et al., 2014;
Murch & Clark, 2019). Pickering et al. (2020) found that skill-based
games in the form of an EGM had high risks for harm as they caused
higher levels of persistence within a gambling session, loss chasing,
and initiating new gambling sessions. Furthermore, the sensory char-
acteristics of the EGM (e.g.: graphics, sounds, and haptics) have been
associated with risk of addiction (Delfabbro et al., 2005; Loba et al.,
2001). In fact, biological research has shown that continuous exposure
to the kind of stimulation obtained from EGMs can lead to problem
gambling (Zack et al., 2020).

EGM play is also characterized by rapid and continuous play cycles,
where the outcomes are given on an almost immediate basis (Har-
ris & Griffiths, 2018; Landon et al., 2018). In fact, gamblers that
seek treatment or intervention for gambling disorder disproportionately
report the cause of their problem gambling to be rapid forms of gam-
bling (such as EGMs) (Australian Productivity Commission et al., 2010;
Griffiths & Meredith, 2009; Meyer et al., 2009). Empirical evidence
shows that faster-paced games are more enjoyable and stimulating for
gamblers (Delfabbro et al., 2005; Loba et al., 2001), but may increase
the risk of losing control. Similarly, high-risk gambling behaviors such
as increased time spent gambling, reduced ability to stop gambling,
and increased wagering activity are associated with faster games both
for problem gamblers and non-problem gamblers (Harris & Griffiths,
2018).

Additionally, some of the mechanisms of certain EGM games such as
near misses and losses disguised as wins (LDWs) have been proven to be
associated with the increased risk of harm. Near misses are events that
are characterized by the appearance of being close to winning, which
enhances the perceived reward and triggers similar brain regions asso-
ciated with reinforcement and reward processing (Horton et al., 2006).
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They have been shown to significantly increase arousal, motivation,
and frustration compared to regular losses, leading players to continue
gambling despite losing outcomes (Barton et al., 2017). LDWs, on the
other hand, occur when players win less than they bet but are still
celebrated with winning sounds and animations, creating a cognitive
distortion that can lead to an overestimation of actual winnings (Dixon
et al., 2010). LDWs have been associated with increased session length,
higher spending, and greater difficulty stopping play, thus exacerbating
financial and psychological harms for gamblers (Barton et al., 2017).
Both near misses and LDWs exploit the structural design of EGMs,
increasing gambling intensity and contributing to problem gambling
behaviors.

Lastly, the jackpot mechanisms may increase the risk factors of
EGM play. The risks of harm surrounding EGM jackpots are derived
from (1) that people are influenced by the potential of a jackpot rather
than actually hitting the jackpot, and (2) the experience of winning a
jackpot can lead to subsequent high-risk gambling behavior (Rockloff
& Hing, 2013). In the context of the former, it has been found that
jackpot-oriented machines are associated with greater spend (Browne
et al., 2015) and that hidden or mystery jackpots contribute to higher
gambling intensity (Donaldson et al., 2016). With respect to the lat-
ter, Young et al. (2008) discovered that high-risk EGM players who hit
a significant win were more inclined to continue gambling compared to
other individuals. Similarly, Wilkes et al. (2010) provided evidence that
large wins often triggered physiological arousal, which has been linked
to faster gambling, longer gambling sessions, and larger bets (Rockloff
& Greer, 2010; Rockloff & Hing, 2013).

1.2. Identifying gambling harm using behavioral tracking data and cluster-
ing

In recent years, a stream of research has emerged surrounding the
use of behavioral tracking data (BTD) to explore risk for gambling-
related harm (Ghaharian, Abarbanel, Phung, et al., 2023). BTD allows
gambling operators to monitor the interactions that players have with
a gambling medium over time (Deng et al., 2019). Typically, such data
contains account-level data containing user information (e.g., birthday,
gender, address) as well as game data, such as amount wagered/won,
spend limits, and length of sessions (Chagas & Gomes, 2017). Within
the context of slot machine play, BTD refers to the detailed recording
of every interaction a player has with a slot machine, from the moment
and amount of initial deposit into the machine to the exact value, time,
and outcome of each wager. The granularity of this data may allow
operators to identify specific behaviors and patterns that can identify
individuals at-risk of gambling-related harms and inform RG strategies
and interventions.

There has been considerable research done to identify specific gam-
bling behavioral profiles using BTD, where a number of studies have ap-
plied unsupervised machine learning clustering algorithms to a sample
of gambler BTD to extract potential behavioral markers of harm (Gha-
harian, Abarbanel, Phung, et al., 2023). These algorithms are particu-
larly useful for RG research due to the lack of labeled data (i.e., problem
gambler/non-problem gambler) or specific proxies for problem gam-
bling arising from the financial and logistic challenges in obtaining
problem gambling scores.

Nonetheless, the application of clustering algorithms to BTD has
yielded various insights into the different profiles of gamblers and
has managed to tease out different high-risk behaviors among gambler
groups. The vast majority of the existing research is conducted on
online gamblers, where gamblers are clustered on a variety of variables
that are engineered as markers of gambling problem harm. These mark-
ers of harm generally revolve around gambling frequency, variability,
intensity, amount, and trajectory, and other behavior-related metrics.

A large share of BTD studies has relied on k-means due to its
simplicity and scalability, typically using engineered markers related
to gambling frequency, intensity, variability, and trajectory. Across
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these studies, a recurring pattern is the presence of a dominant low-
involvement segment (often the majority of the sample), alongside one
or more smaller segments characterized by elevated intensity and/or
variability; however, the number of clusters and the interpretation of
high-risk groups varies with the feature set and the gambling context.

For example, Braverman and Shaffer (2012) and Dragicevic et al.
(2011) both applied k-means to online gamblers using related markers
(frequency, variability, intensity, trajectory) and obtained four-cluster
solutions, yet they differed in how many clusters were characterized
as high-risk. Subsequent work illustrates further heterogeneity driven
by feature engineering and domain context: Adami et al. (2013) incor-
porated a “sawtooth” marker and reported five clusters, while Suriadi
et al. (2016) identified a larger number of clusters in a remote betting
sample, with only a subset exhibiting problematic patterns. Similar k-
means pipelines have also been applied to adjacent online contexts
(e.g., daily fantasy sports) with clusters reflecting highly involved
players with different outcome profiles (Wiley et al., 2020). Time-series
representations can yield yet another typology: Peres et al. (2021)
clustered sequences of wager outcomes and identified groups spanning
regular to pathological patterns across products.

These studies serve as evidence that k-means can uncover mean-
ingful segmentation structure in BTD, but the specific cluster labels
and counts are study- and feature-dependent. In line with this, selected
k-means after benchmarking against alternative algorithms, emphasiz-
ing that conclusions depend on both the clustering model and the
underlying behavioral representation.

A smaller set of studies has employed alternative models either to
increase interpretability (e.g., decision-tree segmentation) or to cap-
ture different distributional assumptions (e.g., probabilistic latent class
approaches). For instance, CHAID-based analyses have been used to
identify high-intensity/high-variability segments or expenditure-driven
profiles when demographic covariates are included (Braverman & Shaf-
fer, 2012; Chagas et al., 2021). Latent class analysis has been applied to
lottery contexts combining traditional RG variables with behavioral dy-
namics (e.g., changes over time, loyalty bonuses), yielding multi-class
typologies with only a fraction of players classified as moderate/high
risk (Perrot et al., 2018). These approaches further reinforce that
“clusters” in the literature are not homogeneous objects but rather
modeling constructs shaped by data scope and methodological choices.

While previous works have applied an array of clustering algorithms
over a wide range of contexts, clusters cannot be directly compared
for a variety of reasons. This is because of (1) gambling product and
channel (e.g., online casino, sports betting, lottery, payments), (2) unit
of analysis (account-level vs. session-level vs. time-series), (3) feature
engineering choices (frequency, intensity, variability, trajectory, and
bespoke markers), and (4) model selection decisions (algorithm family,
hyperparameters, and criteria used to choose the final solution). This
is consistent with (Ghaharian, Abarbanel, Kraus, et al., 2023), who
emphasize that conclusions depend both on the clustering model and
the underlying behavioral representation.

Despite the breadth of online BTD work, EGM-focused studies re-
main limited, particularly for brick-and-mortar contexts. Excell et al.
(2014) used land-based EGM tracking data with supervised prediction
of problem gambling, leveraging PGSI-based labels and behavioral
markers such as frequency, amount, and loss chasing. In contrast, Mos-
quera and Keselj (2017) applied clustering to session-level EGM data to
characterize high-risk sessions rather than player-level profiles, which
constrains inference about individual harm risk. Neither of these studies
seek to understand the behavioral profiles of high risk EGM gamblers
at the individual level.

2. The present study
Despite the growing body of work on behavioral markers of gam-

bling-related harm, several gaps remain. First, while there is substantial
RG research in land-based settings, player-level BTD for land-based
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EGMs remains underrepresented, largely due to structural constraints in
data capture and linkage. Second, prior BTD-driven clustering studies
typically segment the full player population, which can obscure het-
erogeneity within the most engaged subgroup that is most relevant for
harm prevention. Third, the methodological toolkit used in the litera-
ture has been dominated by relatively simple partitioning approaches
(e.g., k-means), with limited adoption of modern clustering strategies
that are well-suited to the distributional properties of gambling BTD.

To address these gaps, we adopt a two-stage, unsupervised frame-
work that combines targeted identification of a highly-involved sub-
group and profiling within that subgroup using a UMAP+DBSCAN
pipeline. This approach is advantageous for gambling BTD because it
(1) does not require specifying the number of clusters a priori, (2) can
recover non-convex cluster structure, and (3) is more robust to outliers
and heterogeneous-density patterns that are common in heavy-tailed
behavioral markers. Rather than focusing on limitations of any single
baseline method, our emphasis is on selecting a clustering strategy
aligned with the geometry of the data and the practical constraints of
label scarcity in RG research.

Accordingly, this study performs a two-fold exploratory study using
BTD from a large sample of EGM gamblers to describe gambling
behavioral activity using statistical and machine learning techniques.
First, this study discerns a subset of “highly-involved” gamblers and
compares their behavior to the rest of the sample (i.e., non highly-
involved gamblers), analyzing differences in both demographic and
gambling behavior variables. Highly involved players are defined as
those that are disproportionately more engaged (in terms of frequency
or intensity) than other players. Second, using the highly-involved
gambler group as a proxy for gamblers with a high risk of GD, this
study identifies various distinct behavioral subgroups of high-risk gam-
blers within the group of highly-involved gamblers using advanced ML
clustering algorithms. Specifically, we made the following exploratory
propositions in relation to EGM gambler behavior.

2.1. RQ 1: Does a small subgroup of EGM gamblers account for a dis-
proportionate share of gambling involvement (e.g., sessions, spend, and
losses)?

Because clinically validated harm labels (e.g., PGSI/DSM) are rarely
available at scale in operator data, many studies adopt pragmatic
splits that isolate the extreme tail of the distribution to create a high-
engagement analytic subgroup for profiling or downstream modeling.
Previous research that used gambling BTD data from online poker (Tom
et al., 2022), online sports betting (Nelson et al., 2021), online casi-
nos (Edson et al., 2022), and daily fantasy sports (Nelson et al., 2019)
have found that a small minority of players accounts for a large share
of overall activity (e.g., sessions, spend, or time played). Other studies
using financial data have also found that these groups of ‘“highly
involved” gamblers (Ghaharian, Abarbanel, Kraus, et al., 2023; Zendle
& Newall, 2024). These studies typically report between a 95/5 to 99/1
percentage split in terms of the percentage of gamblers that exhib-
ited the disproportionately high gambling behaviors. These thresholds
are heuristic and context-dependent; they provide a relative, sample-
specific definition of extreme engagement and should not be inter-
preted as a clinically validated cut-off for gambling-related harm. While
there has not been a previous study that analyzes this phenomenon for
strictly EGM gamblers in a land-based environment, we hypothesize
that our sample will contain a similar skew when it comes to the
proportion of “highly-involved” gamblers.

2.2. RQ 2: How does the group of ‘“highly-involved” EGM gamblers differ
from the rest of the population in terms of demographics and gambling
behaviors?

Extensive research on problem gambling risk and prevalence has
demonstrated that risk factors for problem gambling vary across gender
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and age, specifically finding that younger individuals and males are at
higher risk of problem gambling (Moreira et al., 2023). Accordingly, we
hypothesize that the highly-involved gambler group will be composed
of a significantly higher composition of males and be younger on aver-
age. Similarly, based on results from existing studies that found that
the highly-involved gambling group exhibited discontinuously high
gambling behaviors (LaBrie et al., 2007; Nelson et al., 2021), we expect
to find that highly-involved EGM players also display significantly
greater values across gambling behavioral variables.

2.3. RQ 3: Is it possible to distinguish subgroups of highly involved EGM
gamblers? what do these subgroups look like in terms of demographics and
gambling behaviors?

Previous studies that apply clustering algorithms to gambler BTD
have almost exclusively conducted the clustering algorithm on the
entire available sample using different markers of gambling harm to
gain insights on sub-groups of gamblers, including those at a potential
risk of gambling-related harm (Delfabbro et al., 2024). While these sort
of analyses have yielded insights into different profiles of gamblers,
they do not specifically explore the profiles of the at-risk population.
Essentially, the clustering algorithm picks up on the noise of the
entire dataset and leaves us ignorant to the more granular behavioral
profiles of more engaged gamblers that may be at higher risk of
gambling-related harm.

One study conducted by Pricewaterhouse Coopers (PWC) (2017)
uses a two-phase clustering technique, where they cluster the general
population, and then perform a sub-clustering of daily triggers for
the problem gambler subgroup, which is determined using the PGSI.
In their analysis, they were able to identify certain daily behavioral
triggers that were distinctive to problem gamblers. Accordingly, while
there has been no research done to sub-cluster problem gamblers at
the player level, we hypothesize that there will be different underlying
behavior profiles specific to the highly-involved gambler group.

3. Methodology

This section outlines the methodological framework employed to
identify and characterize subgroups of highly-involved gamblers within
a large-scale transactional dataset of Polish slot machine players. The
approach integrates a comprehensive data processing pipeline, begin-
ning with the engineering of behavioral features from raw transaction
logs and demographic data. We define session boundaries, aggregate
behavioral indicators, and conduct descriptive and inferential analyses
to distinguish highly-involved gamblers from the general population.
To uncover latent behavioral profiles within this group, we implement
unsupervised machine learning techniques — specifically, UMAP for
dimensionality reduction and DBSCAN for density-based clustering —
followed by a supervised feature importance analysis using Random
Forest classifiers. This multi-step methodology enables the extraction of
interpretable patterns in gambling behavior and offers methodological
innovations that go beyond traditional clustering approaches limited by
dimensional constraints.

3.1. Data

This study used data from 168,536 Polish slot machine players
over a 15-month period spanning between March 12, 2023 to June
3, 2024. The structure of the gambling market in Poland includes a
government monopoly on certain segments (e.g., online casinos and slot
machines outside casinos), while private operators may obtain licenses
for land-based casinos and online betting (ICLG, 2025). Land-based
casinos operate under a licensing system that restricts the number of
available licenses. No universal player card system is mandated, though
standard age and licensing requirements apply. Online gambling is par-
tially liberalized, with online betting permitted via licensed operators,
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while online casinos remain under the state-run monopoly operated by
Totalizator Sportowy (Stelmachowski et al., 2023).

Two large account-level and transaction-level datasets are used
in this study and were provided by a casino supply company that
offers cloud-based IoT services for data tracking. The transaction-level
dataset includes information on player withdrawals and deposits at
the machine level, such as the amount deposited or withdrawn, the
use of cash versus promotional balance, and the balance of the player
card. The account-level dataset was obtained from the player card and
contains demographic data (gender and age) and location information
(play site and machine number).

The data was donated by a casino supply company for research
purposes under a data-sharing agreement after being fully anonymized.
The authors were granted access to a de-identified, read-only snapshot
delivered via secure AWS S3 transfer with time-limited credentials.
No direct personal identifiers (e.g., names, addresses, government IDs)
were included. Demographic attributes were limited to age and gen-
der as recorded by the operator, and internal player references were
replaced by random pseudonymous IDs generated by the provider
prior to transfer. All files were stored on encrypted drives, and access
was restricted to the research team in compliance with applicable
data-protection standards.

To obtain our analytical sample, we created an inclusion criterion of
players who made at least five gambling deposit transactions during the
sample period, yielding N = 61,631. This is to ensure reliable feature
engineering and filter out all of the sparse or one-off play.

3.2. Measures and descriptive statistics

In this study, we used the raw data to derive a set of candidate vari-
ables that are based on previous research in RG (Ghaharian, Abarbanel,
Phung, et al., 2023). Specifically, we identified behavioral variables
such as frequency, intensity, amount wagered, variability, trajectory of
wager changes, deposit/withdrawal frequency, and demographic data
(age and gender). In order to engineer session-level data, we used the
95th percentile of the time elapsed between transactions to set the
threshold for the creation of a new session, or approximately 13 h. For
a full list of the engineered variables and their respective definitions,
see Table 1.

The data came at the transaction level. In order to obtain player-
level data, the data was aggregated two times. First, the data was
aggregated at the session-level. To conduct this aggregation, we set
the cutoff threshold between sessions using the 95th percentile of the
distribution of elapsed time between transactions. Once the data is
aggregated at the session level, we then summarized the sessions at
the player-level.

To understand the general gambling behaviors and demographic
makeup of our sample, we conducted various descriptive analyses.
First, we looked at the distributions across the demographic variables
and calculated seven-point summary statistics for all of the behavioral
variables. Next, we analyzed pairwise Spearman correlations to under-
stand the relationships between the different behavioral variables.

3.3. Data analysis

To judge the skewness in the data and discern the existence of
a highly-involved gambler group, we followed the methodology of
previous literature by generating centile plots for debits, total debited
amounts, and net balances across all gambling transactions (Nelson
et al., 2021, 2019; Zendle & Newall, 2024). Similar to how scree plots
help determine cutoffs in factor or cluster analysis, we identified points
where the distribution showed disproportionate shifts as done in previ-
ous gambling studies (Ghaharian et al., 2025; Zendle & Newall, 2024).
Based on these points, we categorized a group of “highly-involved
gamblers”.



M. Agzizsoltani et al.

Table 1

Engineered features: definitions and variable codes.
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Variable

Definition

Variable code

Average monthly number of sessions
Average monthly win/loss

Max number of monthly sessions
Average weekly number of sessions
Average weekly W/L

Max number of weekly sessions
Average daily W/L

Average number of txns per session
Average elapsed hours between sessions
Average time between transactions
Average time between deposits
Average time between withdrawals
Average session duration

Average number of deposits per session
Average deposit amount per session
Total number of deposits

Total deposit amount

Average withdrawal amount per session
Average number of withdrawals per session
Total number of withdrawals

Total amount withdrawn

Std dev of withdrawal amounts

Std dev of deposit amounts

Std dev of session durations

Std dev of time between sessions

Std dev of time between deposits

Total number of sessions

Average net win/loss per session

Total net win/loss

Average session deposit trajectory
Average balance trajectory

Night time session percent

Mean sessions per month over 15 months.
Mean net spend per month.

Highest sessions in a single month.
Mean sessions per week.

Mean weekly net spend.

Max sessions in a week.

Mean daily net spend.

Mean deposit/withdrawals per session.
Mean hours between sessions.

Mean seconds between transactions.
Mean seconds between deposits.

Mean seconds between withdrawals.
Mean session length (hours).

Mean deposits per session.

Mean deposited amount per session.
Total deposits made.

Total amount deposited.

Mean withdrawn amount per session.
Mean withdrawals per session.

Total withdrawals made.

Total amount withdrawn.

Variability in withdrawal amounts.
Variability in deposit amounts.
Variability in session lengths.
Variability in time between sessions.
Variability in deposit timing.

Total sessions over 15 months.

Mean net spend per session.

Total net spend.

Mean slope of deposit sequence per session.

Mean slope of account balance during session.

of sessions between 12:00 AM and 5:00 AM.

avg_n_sesh_mth
avg_WL_mth
max_n_sesh_mth
avg_n_sesh_wk
avg_WL_wk
max_n_sesh_wk
avg_WL_day
avg_txns_per_sesh
avg_hrs_btwn_sesh
avg_secs_btwn_txns
avg_secs_btwn_deps
avg_secs_btwn_wth

avg_session_duration

avg_n_dep_sesh
avg_dep_amnt
LTD_deps
LTD_dep_amnt
avg_wth_amnt
avg_n_wth_sesh
LTD_n_wth
LTD_wth_amnt
sd_wth

sd_dep
sd_sesh_duration
sd_time_btwn_sesh
sd_time_btwn_deps
n_seshs
avg_WL_sesh
avg_WL_mth
avg_dep_traj
avg_bal_traj
night_time_pcnt

Then, to test whether the demographic and behavioral variables
differed between the highly-involved group and the rest of the sample
(i-e., “not highly-involved gamblers”), we conducted chi-squared tests
and Kruskal-Wallis tests, respectively. To test whether the distributions
of the demographic variables (salary bands, age bands, and gender)
were the same across the two groups, we used a chi-square test of
independence. With respect to the behavioral variables, we tested the
differences of each variable between groups by running Kruskal-Wallis
(KW) tests. Given the expected skewness in the data, KW tests were the
best fit for non-parametric median comparisons.

3.4. Identifying subprofiles of highly involved gamblers

3.4.1. Dimensionality reduction and clustering framework

After identifying the highly-involved gambling group, we used un-
supervised ML models to identify patterns within the group of highly
involved gamblers. Specifically, the analysis focused on identifying
similar player behavior profiles across the highly-involved gamblers
(determined to be Ny ; = 5373) by reducing the dimensionality of
the data to help visualize clusters of players in a 3D latent space,
within which each point represents a player based on their behavior
embeddings. To accomplish this, we employed Uniform Manifold Ap-
proximation and Projection (UMAP) for dimensionality reduction and
Density-Based Spatial Clustering of Applications with Noise (DBSCAN)
for identifying different clusters.

UMAP is a non-linear dimensionality reduction technique that op-
timally conserves both local and global structures throughout the
data (McInnes et al., 2018). Using UMAP for this task represents a
methodological improvement over earlier clustering approaches, which
often relied on eliminating correlated variables rather than embedding
them in a lower-dimensional manifold. After dimensionality reduction,
we applied DBSCAN to discover high-density subgroups in the latent
space.

We adopt UMAP+DBSCAN because it addresses three recurring
challenges in high-engagement gambling BTD: (1) high dimensional-
ity and collinearity across engineered behavioral markers, (2) non-
linear similarity structure (players can be behaviorally close under
complex combinations of intensity, variability, and timing), and (3)
heterogeneous density with outliers driven by extreme-tail engage-
ment (both in spend and in frequency). We note that other under-
utilized families offer complementary benefits: GMMs provide soft
assignments and can model overlapping subtypes with different covari-
ance structures; hierarchical clustering provides nested segmentations
across resolutions; and spectral/graph-based clustering can separate
groups defined by graph connectivity rather than spherical geometry.
In this study, we adopt a density-based solution because it most di-
rectly matches the heavy-tailed, heterogeneous-density nature of high-
engagement EGM behavior and supports robust discovery of small,
non-spherical subprofiles in an unlabeled setting.

Mathematical Formulation of UMAP and DBSCAN

UMAP constructs a weighted graph of local fuzzy simplicial set
relationships. The conditional probability of point x; being connected
to x; is:
ERELEE) (D

1

where d(x;,x;) is the distance between points (e.g., cosine), p; is the
distance to the nearest neighbor, and o; is a scaling factor. These local
similarities are symmetrized using a fuzzy union:

Uij = Ujji + Uj); = V)il (©))
In the low-dimensional space, the similarity between embeddings y;

and y; is modeled as:

-1

w;; = (1 + a”y/' - J’j||2b) 3)
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where a ~ 1.929 and b = 0.7915. The loss function minimized by UMAP
is the cross-entropy:

1-v;;
CUMAP—Z[ log< '1>+(1 vu)log<1_w‘.l‘>]. @
i#j g

This formulation makes UMAP scalable to large datasets and effec-
tive in preserving global structure. Once the embeddings are generated,
we applied DBSCAN (Schubert et al., 2017), a density-based clustering
algorithm that defines clusters as contiguous regions of high point
density. For a given point p, the e-neighborhood is:

N.(p) = {q € D | dist(p,q) < €}. 5)

A point is considered a core point if [N, (p)] > minPts. Clusters
are formed by connecting density-reachable core points, while isolated
points in low-density regions are labeled as noise. Grid-based approx-
imations and indexing techniques (e.g., k-d trees, LSH, or cover-trees)
may accelerate DBSCAN, but its flexibility to support arbitrary distance
functions — such as cosine or geodesic distance — is a key advantage,
especially for behavioral datasets like ours (Schubert et al., 2017).

Once the clusters were identified, we further investigated the char-
acteristics of each group to derive insights into player behavior. This
analysis included examining the engineered RG features such as fre-
quency, average bet size, wager inclination, and potential risky betting
behaviors (e.g., loss chasing or progressive betting). We validated the
quality of the clusters using three well-established internal evaluation
metrics suitable for unsupervised learning: the Silhouette Score, the
Davies-Bouldin Index (DBI), the Calinski-Harabasz Index (CHI). These
scores were used to capture different elements of cluster quality; the
silhoutte score provides an interpretable summary of within-cluster
cohesion relative to between-cluster separation, the DBI emphasizes av-
erage similarity of clusters and penalizes overlap, and the CHI measures
the separation and compactness of the clusters from a variance-ratio.

UMAP is designed to preserve local neighborhood relationships and
does not necessarily preserve global distances or densities. Therefore,
to avoid evaluating the “clusterability” of the embedding rather than of
the underlying behavioral space, we use the 3D UMAP representation
strictly for visualization and qualitative interpretation of the resulting
profiles. All internal cluster validity indices reported in this study (SSM,
DBI, and CHI) are computed in the standardized original feature space
(i.e., before UMAP), using the same feature set used for clustering.

3.4.2. Feature importance by cluster

We utilize a supervised interpretation step as a proxy to determine
which behaviors most distinguish each cluster. For each identified
cluster, we define a binary classification task (cluster vs. rest) and
train a Random Forest classifier using the full engineered feature set.
We emphasize that this step is used to rank discriminative markers of
cluster membership (i.e., which variables best separate one subgroup
from the remainder of the highly involved population), and should not
be interpreted as identifying causal determinants of gambling harm.
Because cluster-vs-rest settings can be substantially imbalanced, we
mitigate instability by using class-balanced training (e.g., class weights
and stratified resampling) and we evaluate the classifier using out-of-
bag (OOB) predictions (or a held-out split) to avoid overly optimistic
separation. In addition, we acknowledge that impurity-based (Gini)
feature importance can be biased in the presence of correlated predic-
tors and may distribute importance unevenly across collinear features.
Therefore, alongside the Gini ranking, we compute permutation impor-
tance on OOB/held-out predictions as a robustness check. The main
conclusions are based on features that are consistently ranked highly
across importance definitions, increasing confidence that the reported
markers reflect stable, discriminative behavioral signatures rather than
artifacts of impurity bias.

To further reduce redundancy induced by collinearity, we inter-
pret importance rankings at the level of feature families (frequency,
intensity, variability, and timing/regularity) and, where appropriate,
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we group highly correlated variables (e.g., |p| > 0.8) when summarizing
the top discriminators for each cluster. This avoids over-emphasizing
multiple near-duplicates of the same behavioral construct.

This feature importance methodology represents another key con-
tribution to the literature. In previous studies, the importance of a
particular set of variables could only be understood for whichever
variables were included in the k-means clustering algorithm (typically
5-7), whereas our proposed approach allows feature importances to be
extracted from all of the features. This gives a more holistic and uncon-
strained view of the features that characterize a particular behavioral
profile.

3.5. Methodological framework diagram

Fig. 1 presents a comprehensive visual summary of the methodolog-
ical framework implemented in this study. The process begins with the
ingestion of raw transactional and demographic data from slot machine
players, encompassing detailed records of deposits, withdrawals, ses-
sion times, and basic user attributes such as age and gender. This data
is then subjected to a structured preprocessing stage, where relevant
features are engineered and aggregated at both the session and player
levels using established criteria from prior literature.

Following this, a filtering step is introduced to isolate a subset of
“highly involved gamblers”, defined based on intensity, frequency, and
volume metrics derived from centile plots. Once this group is identified,
dimensionality reduction is performed using UMAP, which embeds
each player into a latent behavioral space that preserves both local and
global structure.

To uncover latent behavioral typologies, DBSCAN is applied in the
embedded space. Unlike traditional clustering techniques, this method
enables the identification of irregular cluster shapes and is robust to
noise—both of which are important properties in behavioral datasets
with skewed distributions. After clusters are detected, a supervised
learning approach is employed to compute feature importance within
each cluster using Random Forest classifiers. These models allow for
the identification of the most discriminative behavioral characteristics
associated with each group.

The final step involves interpreting the derived clusters to construct
a set of behavioral subprofiles. These subprofiles reflect differences
in gambling patterns such as session frequency, average amounts wa-
gered, transaction variability, and indicators of risky behavior (e.g., loss
chasing).

4. Results

This section presents the results of our multi-step analysis aimed at
understanding gambling behavior patterns and identifying subgroups
of highly involved gamblers. We begin by describing the demographic
and behavioral characteristics of the overall sample, highlighting sub-
stantial variation and heavy skewness in financial metrics. Using centile
plots and non-parametric statistical tests, we define and validate a
subgroup of highly involved players based on intensity, frequency, and
volume of gambling. We then compare this group to the rest of the
population, revealing significant differences in demographics and be-
havioral patterns. Finally, we apply unsupervised clustering techniques
to the highly involved group, identifying distinct behavioral subprofiles
using UMAP and DBSCAN. These clusters are interpreted using feature
importance rankings derived from supervised models, offering new
insights into different forms of high-risk gambling behavior.
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Fig. 1. Overview of the methodological pipeline used to identify and interpret behavioral clusters among highly involved gamblers.

4.1. Descriptive statistics

As displayed in Table 2, the sample was predominantly male (91%),
with females comprising a mere 9% of the analytical sample. Age
distribution was skewed toward younger players, with about 60% of
players under the age of 40 and very few players over the age of 65.

Across the sample, there was substantial variation in gambling
behavior, with many transactional variables exhibiting right-skewed
distributions, where means exceeded medians. The typical player en-
gaged in gambling infrequently, with a median of five monthly sessions
(mean = 6), though some played as many as 34 times per month. The
median player had a net spend averaging 5.5k PLN (~USD $1.4k)per
session, but extreme values ranged from ~1.74M PLN (~USD $ —440k)
to 3.96M PLN (~USD $1M). Additionally, deposit and withdrawal
behaviors varied considerably. The median player made six deposits per
session (mean = 10) with a median deposit amount of 4.2k PLN (~USD
$1Kk), but some players deposited amounts exceeding 1.58M PLN (~USD
$400k) in a single session. Similarly, the median player made two
withdrawals per session (mean = 3), with a median withdrawal amount
of 8k PLN (~USD $2.1k), though the highest recorded withdrawal
exceeded 2.5M PLN (=USD $632k). These results are summarized in
Table 3.

Session and transaction timing also differed widely across users. The
median time elapsed between gambling sessions was 356 h (mean =
693), but some users had gaps as long as 8279 h, suggesting highly
irregular engagement patterns. However, the standard deviation in ses-
sion gaps was substantial (1.6k hours), reflecting diverse play patterns.

Deposit trajectories had a median of —8, with a wide range from
—135k to 127k, indicating substantial variability among players. Bal-
ance trajectories were generally positive, with a median of 448 and
a maximum balance of 1.97M. High kurtosis values for both metrics
reflect the presence of a small number of players with extreme tra-
jectories. There were also high kurtosis values across financial and
behavioral metrics, indicating that a small subset of players also ac-
counts for a disproportionate share of gambling frequency, intensity,
and spending.

4.2. Highly involved gamblers — research question 1
Fig. 2 displays the centile plots for each of the following three

variables: number of debit transactions, total amount debited, and
average net win/loss per session.

Table 2
Demographic distribution.
Variable Percentage
Gender
Female 9%
Male 91%
Age Band
18-30 25%
30-40 33%
40-50 21%
50-65 16%
65+ 5%

Supporting H1, we observe a subgroup of users who exhibited
disproportionately higher gambling activity across each of the three
frequency and amount variables. According to the percentile plots, it
appeared that the point of discontinuity for the frequency variable
(total number of sessions) occurred at the top 1% mark, possibly
suggesting that there were more casual or leisure gamblers. For the
volume and intensity variables, the point of discontinuity did not come
at the top 1% mark, but rather at the top 3% mark. In the case of
the average net loss per session, we also found that the bottom 1% of
players were found to be discontinuous with the rest of the population
due to their big wins.

4.3. Demographic and behavioral differences — research question 2

Using the findings from the previous research question, we defined
highly-involved players to be players that were in the top 3% of total
debited amount (volume), total number of sessions (frequency), or net
losses (intensity). This definition resulted in a highly-involved player
group that consisted of 5373 players and a not highly-involved player
group consisting of 57,258 players.

To understand the different demographic composition of the two
groups, we conducted chi-square tests of independence to see if there
was a significant difference between the two groups. A chi-square test
revealed a significant difference in the age distribution between highly
involved and not highly involved gamblers (y?> = 1936.46,p < .0001),
indicating that older individuals were more likely to be highly involved,
whereas younger individuals were less likely to fall into the highly in-
volved subgroup. The distribution of age across the two groups is shown
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Table 3
Seven-point summary of gambling behavioral variables.
Variable Min Q1 Median Mean Q3 Max SD Kurtosis
Average monthly number of sessions 1 3 5 6 8 34 4 2
Average monthly W/L -17416.7 1749 5582 13742 14075 3965000 44894 1416
Max number of monthly sessions 1 4 7 9 12 44 7 1
Average weekly number of sessions 1 2 2 2 3 8 1 1
Average weekly W/L -17416.7 1749 5582 13742 14075 3965000 44894 1416
Max number of weekly sessions 1 2 4 4 5 13 2 0
Average daily W/L -17416.7 1750 5597 13766 14111 3965000 44862 1428
Average number of txns per session 1 5 8 12 14 473 15 116
Average elapsed time between sessions (hrs) 12 149 356 693 864 8279 890 9
Average time between transactions (hrs) 0.06 27.16 75.64 191.09 205.12 6668.96 336.77 38
Average time between deposits (hrs) 0.06 36.49 100.85 247.89 270.98 17 876.79 422.52 74
Average time between withdrawals (hrs) 0 0.15 0.25 3.26 0.44 5170.25 62.98 3150
Average session duration (hrs) 0 1 1 1 2 19 1 7
Average number of deposits per session 0 3 6 10 11 454 12 148
Average deposit amount per session 12 1650 4202 7760 8711 1583458 17 865 1490
Total number of deposits 0 51 138 667 457 110069 2251 333
Total deposit amount 0 155754 538485 3654247 2168978 141 262.559 17348161 1760
Average number of withdrawals per session 0 1 2 3 3 214 3 348
Average withdrawal amount per session 1 3685 8279 18954 18728 2527040 45659 529
Total number of withdrawals 0 14 40 210 137 80635 893 2283
Total amount withdrawn 0 94200 369 060 2937914 1606163 128873.079 15097 363 1825
Std dev of withdrawals 0 2385 5972 14528 14275 1329716 34557 277
Std dev of deposits 0 591 1665 3416 3329 516 696 9431 747
Std dev of session duration 0 1 1 1 2 20 1 11
Std dev of elapsed time between sessions 1 250 672 1258 1598 16983 1621 10
Std dev of time between deposits 1 193036 475527 1048208 1204984 52224164 1657320 53
Total number of sessions 6 10 20 54 56 1170 87 20
Average W/L per session -17416.7 1749 5582 13742 14075 3965000 44894 1416
Net W/L —104500.0 28988 128987 716 333 523437 315310.90 2903981 2802
Average deposit trajectory —-135629 -219 -8 33 123 127 227 2235 1001
Average balance trajectory -50000 -49 448 2425 2195 1977479 13404 9150

Note: Positive deposit trajectory means that the amount of the deposits trend up over time, negative deposit trajectory means that the deposits trend down over time. Positive
balance trajectory means that the balance trends up over time, while negative balance trajectory menas that the balance trends down over time.

Table 4

Age band distribution of highly involved and not highly involved gamblers.
Age band 18-30 30-40 40-50 50-65 65+
Not highly involved 26.82% 33.54% 20.38% 15.05% 4.20%
Highly involved 6.81% 26.82% 27.84% 27.41% 11.11%

Table 5
Gender distribution of highly involved and not
highly involved gamblers.

Gender Female Male
Not highly involved 9.29% 90.71%
Highly involved 10.81% 89.19%

in Table 4. In contrast, Table 5 shows the gender distribution across the
two groups, which remained relatively stable, with no substantial shift
in composition (y?> = 13.22,p = .0003). This suggests that gambling
involvement is not meaningfully associated with gender.

We also conducted Kruskal-Wallis (KW) tests between the highly
involved and not highly involved groups across a variety of behavioral
variables, which we display in Table 6. Significant differences were
observed across all metrics. Highly involved gamblers engaged in more
frequent sessions, with a median of 11.38 monthly sessions (vs. 4.33),
and their session duration was nearly twice as long (2.26 h vs. 1.12 h).
Median win/loss values were substantially higher: 105k PLN (xUSD
$26.7k) vs. 26.2k PLN (~USD $6.6k), a pattern that persisted across
weekly and per-session metrics. Deposits and withdrawals were more
frequent and larger in volume: total deposit amounts of 15.1M PLN
(~USD $3.8M) vs. 434.7k PLN (~USD $110Kk), and total withdrawals of
11.3M PLN (=USD $2.9M) vs. 297.3k PLN (=USD $75k). The median
deposit per session was higher (9.9k PLN ~USD $2.5k) and the median
withdrawal was 22,147.59 PLN (~USD $5.6k) compared to 3.9k PLN
(~USD $1k) and 7.7k PLN (~USD $1.9k), respectively.

Highly involved players also made more transactions per session
and had shorter gaps gambling: elapsed time between sessions was
100.39 h vs. 388.91 h, and between deposits was 22.15 h vs. 114.23 h.
Variability was greater among highly involved gamblers for with-
drawals, deposits, and session durations, though session gap variability
was lower (SD = 246.48 h vs. 727.45 h), indicating more consistent
engagement. Finally, deposit trajectory shifted from —10.1 in the less
involved group to + 11.39 in the highly involved group, and balance
trajectory was nearly twice as high (822 vs. 420). This means that
the highly involved players increased their amounts wagered over
time, whereas the less involved players decreased the amounts of their
wagers over time. These findings suggest highly involved gamblers
engage more often and intensely, with larger, more variable financial
transactions and indications of loss-chasing behaviors.

4.4. Clustering of the highly involved gambler group — research question 3

To evaluate the performance of the different clustering configura-
tions, we conducted an extensive grid search over the hyperparame-
ters of the UMAP dimensionality reduction and the DBSCAN cluster-
ing algorithm on the group of 5373 highly-involved players. Specif-
ically, we varied the number of neighbors (n_neighbors) and the
minimum distance parameter of UMAP (min_dist) as well as the
distance metric (metric), the epsilon neighborhood radius (eps),
and the minimum number of points required to form a dense region
(min_samples) of the DBSCAN algorithm.

Table 8 presents the results of this grid search, showing the num-
ber of clusters and noise points detected, along with three internal
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Fig. 2. Example of the cross validation procedure.

validation metrics and bootstrapped confidence intervals: Silhouette
Score, Davies-Bouldin Index, and Calinski-Harabasz Index. These met-
rics serve to quantify the quality of the clustering in terms of cohesion
and separation.

The best configuration in terms of Silhouette Score is highlighted in
bold and corresponds to the setting with n_neighbors=5,
min_dist=0, metric=cosine, eps=0.6, and min_samples=3,
achieving a silhouette of 0.5827. For DBI, the lowest (i.e., best) value
of 0.4442 was obtained under the same configuration, reinforcing the
consistency of this result. Meanwhile, the highest CHI of 9097.37
was reached using n_neighbors=10 and min_dist=0, also with
a cosine metric.

These findings highlight the importance of tuning both dimension-
ality reduction and clustering parameters simultaneously. In particular,
cosine distance and a low min_dist in UMAP, combined with mod-
erate eps values in DBSCAN, yield better clustering structures in this
dataset.

In addition to the DBSCAN-focused grid search, we benchmarked
our final clustering choice against widely used unsupervised alterna-
tives on the same UMAP embedding (e.g., k-means, Gaussian Mix-
ture Models, and agglomerative clustering). Table 9 summarizes the
comparative internal validity results using the same criteria (Silhou-
ette, Davies—Bouldin, and Calinski-Harabasz), enabling a consistent
assessment across methods.

We selected DBSCAN as the primary clustering algorithm because it
aligns well with the geometry and distributional properties of highly-
involved gambling markers, which often exhibit heavy tails, local con-
centration, and heterogeneous density patterns. Unlike centroid-based
approaches (e.g., k-means) that implicitly favor spherical clusters and
require specifying the number of clusters a priori, DBSCAN identifies
clusters as dense regions separated by sparse areas, allowing (1) non-
convex cluster shapes, (2) data-driven determination of the number of
clusters, and (3) robustness to outliers and low-density behavioral pro-
files. These properties are particularly desirable in behavioral typology
settings, where rare but meaningful player patterns may form small
dense pockets rather than globally separable, convex groups.

Finally, we emphasize that internal indices are used as guidance
rather than an absolute optimization target; therefore, the final choice
also considers robustness and interpretability of the resulting subpro-
files in downstream analyses (feature characterization and cluster-wise
discrimination models).

Once the optimal clustering configuration was identified, we pro-
ceeded to interpret the resulting clusters by analyzing the features that
most contributed to the formation of each group. Fig. 3 displays the
cluster mapping over three UMAP dimensions and Table 10 summarizes
the top 10 most important features for each cluster obtained through
UMAP and DBSCAN, excluding variables that were either redundant
or less informative for behavioral profiling (specifically, the standard
deviation of withdrawal amounts, average daily win/loss, and the total
number of withdrawals).
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Comparison of behavioral variables between highly involved and not highly involved gamblers.

Comparison variable Not highly involved Highly involved Significance
Average monthly number of sessions 4.33 11.38 *
Average monthly W/L 5113.07 26264.97 *
Max number of monthly sessions 6 19 *
Average weekly number of sessions 2 3.5 *
Average weekly W/L 5113.07 26264.97 *
Max number of weekly sessions 3 6 *
Average daily W/L 5124.85 26399.34 *
Average number of transactions per session 7.64 16 *
Average elapsed hours between sessions 388.91 100.39 *
Average time between transactions 308663.01 58279.08 *
Average time between deposits 411209.84 79752.03 *
Average time between withdrawals 888.98 1069.65 *
Average session duration 1.12 2.26 *
Average number of deposits per session 5.67 12.04 *
Average deposit amount per session 3912.17 9886.97 *
Total number of deposits 121 1750 *
Total deposit amount 434717.5 15104 260 *
Average number of withdrawals per session 1.75 3.62 *
Average withdrawal amount per session 7720.55 22147.59 *
Total number of withdrawals 35 583 *
Total amount withdrawn 297 389.5 11307238 *
Std dev of withdrawals 5488.63 20957.45 *
Std dev of deposits 1542.3 4896.73 *
Std dev of session duration 1.25 2.06 *
Std dev of elapsed time between sessions 727.45 246.48 *
Std dev of time between deposits 524526.61 130891.61 *
Total number of sessions 19 211 *
Average W/L per session 5113.07 26264.97 *
Net W/L 105695.5 2692870 *
Average deposit trajectory -10.1 11.39 *
Average balance trajectory 420.95 822.29 *

The feature importance was computed using a cluster-wise super-
vised approach, where for each cluster a binary classification model
(Random Forest) was trained to distinguish members of that cluster
from all others. We opted for a tree-based method due to its compu-
tational efficiency as well as its intuitive interpretability (James et al.,
2023). The resulting Gini importance values are cluster-specific and
indicate which behavioral variables are most characteristic within each
group.

To further understand the behavioral composition of the highly in-
volved gambler group, we examined the most relevant features driving
the formation of each cluster. Table 7 shows a five-point summary of
the most important variables across the different clusters. The resulting
clusters highlight four distinct subgroups of highly-involved players
with unique gambling patterns:

Cluster 0 (n = 3317) consists of frequent players, characterized
by the highest mean number of sessions (332) and substantial session
engagement metrics. Players in this cluster average around 15 sessions
per month and nearly 24 sessions per month at maximum, indicating
a consistent play pattern over time. Average win/loss per session
stands at approximately PLN 19.4k (USD $4.8k), reflecting moderate
stakes compared to other clusters. The high deposit amounts (mean
of PLN 5776 or USD $1.4k) further underscore their active engage-
ment. Feature importance rankings highlight variables like n_seshs,
avg_n_sesh_mth, and avg_txns_per_sesh, aligning with their
sustained gambling behavior. This cluster represents steady, loyal pa-
trons who engage frequently but may not exhibit the highest volatility
in spend per session.

Cluster 1 (n = 2031) includes high-stakes but moderate-frequency
players. With an average of 41 sessions, they engage less frequently
than Cluster 0 but exhibit the highest mean win/loss per session at over
PLN 147.5k (USD $36.9k). Despite having fewer sessions (averaging
just 5 per month), these players appear to stake larger amounts during
each play session, reflected in moderate mean deposit amounts (PLN
687 or USD $175). Feature importance rankings emphasize session
count, monthly sessions, and win/loss per session, supporting the pro-
file of players who are less frequent but more financially engaged per

10

session. This cluster could represent VIPs or high-rollers who bet larger
amounts when they do participate.

Cluster 2 (n = 18) represents a small group of low-frequency,
high-stakes players. They have the fewest sessions on average (11
overall) but an average win/loss per session of over PLN 133k (USD
$33k), indicating high-risk, high-reward gambling. These players likely
appear for special events or occasional substantial betting activities.
Mean deposit amounts are relatively low (PLN 94 or USD $24), sug-
gesting that big wins or losses might not correspond with consistent
deposits. Variability in play is high, both in session frequency and
wager amounts, marking them as unpredictable but financially signifi-
cant. Feature importance rankings focus on session counts and win/loss
per session, aligning with infrequent but intense betting activity. This
cluster likely includes special-event visitors or occasional high-rollers.

Cluster -1 (n = 7) comprises of a small set of outlier players. They
show moderate session counts (22 sessions), but the highest win/loss
per session overall at nearly PLN 138k (USD $34.5k), coupled with
lower deposit levels (PLN 569 or USD $142). These players exhibit
highly variable playing patterns, with wide swings in their wager
amounts and session frequencies. Although the low feature importance
scores suggest that they may be noise or outliers, the players are
particularly interesting because they appear more similar to Cluster 1
than to Cluster 2. This proximity hints that they might represent players
who have branched off from more typical high-stakes play into more
erratic or volatile patterns. The combination of low feature importance
but behavioral similarities to Cluster 1 suggests they could reflect
players transitioning between normal and outlier gambling behavior.

5. Discussion

This study analyzed a large dataset of EGM gamblers from Poland.
We found that a small subset of players accounted for a dispropor-
tionate share of gambling frequency, deposits, and expenditures, rein-
forcing prior research across various gamling modalities (Edson et al.,
2022; Nelson et al., 2021; Wiley et al., 2020; Zendle & Newall, 2024).
While prior work often links younger adults and males to higher



M. Azizgsoltani et al.

Table 7

Acta Psychologica 267 (2026) 106947

Five-Point Summary by Cluster. The table presents minimum, first quartile (Q1), median, third quartile (Q3), and maximum

values for key gambling engagement metrics by cluster.

Cluster Variable Min Q1 Median Q3 Max
Cluster -1
n_seshs 10 14.5 21 28 39
max_n_sesh_wk 2 2 3 3 5
avg_n_sesh_mth 1.6 2.3 3.15 3.33 5.63
max_n_sesh_mth 3 3.5 4 5.5 8
LTD_deps 149 311.5 479 768 1195
avg_txns_per_sesh 14.43 16.8 47.05 54.33 64.15
avg_WL _sesh 87052.63 101019.75 105748.5 183663.41 206 499.29
LTD_n_wth 24 76 116 415.5 917
sd_sesh_duration 0.83 1.53 1.76 2.47 2.69
Cluster 0
n_seshs 6 249 306 406 1170
max_n_sesh_wk 1 6 7 7 13
avg_n_sesh_mth 1.33 12.03 15.08 18.57 33.85
max_n_sesh_mth 2 20 24 27 43
LTD_deps 122 1730 3365 6586 110069
avg_txns_per_sesh 1.29 8.85 15.36 28.68 464.8
avg_WL _sesh —237767.22 3425.71 9149.07 23487.6 515054.4
LTD_n_wth 17 615 1117 2124 80635
sd_sesh_duration 0.18 1.67 2.26 2.84 18.97
Cluster 1
n_seshs 6 10 22 58 280
max_n_sesh_wk 1 2 4 5 8
avg_n_sesh_mth 1 2.78 4.33 6.79 17.78
max_n_sesh_mth 1 4 7 11 27
LTD_deps 10 126.5 331 853 9900
avg_txns_per_sesh 1.48 10.33 16.91 27.8 183
avg_WL _sesh —280600 81850.24 106 069.52 160519.03 3965000
LTD_n_wth 0 27 75 215 2823
sd_sesh_duration 0.1 1.15 1.75 2.36 14.22
Cluster 2
n_seshs 6 7 7 13.25 29
max_n_sesh_wk 1 2 2 3 5
avg_n_sesh_mth 1 1.29 2.12 2.86 5.48
max_n_sesh_mth 1 2 3 4 9
LTD_deps 22 41.25 69.5 110.75 308
avg_txns_per_sesh 3.14 493 9.55 15.6 28
avg_WL _sesh 76571.43 91631.8 97 208.45 122191.57 508993.17
LTD_n_wth 0 6.25 17 25.75 145
sd_sesh_duration 0.58 1.09 1.61 2.52 3.3
Cluster
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Fig. 3. 3D Visualization of Clusters Using UMAP and DBSCAN. The figure shows the three-dimensional projection of the high-dimensional dataset obtained using

UMAP with cosine distance, followed by DBSCAN clustering.

gambling-related harm (Gainsbury et al., 2015; Humphreys & Perez,
2012), our findings indicated that among Poland’s EGM players, neither
gender nor age were associated with an increased rate of males were
not more involved and that highly involved gamblers skewed older.
This could reflect the heavy male bias in the Polish player base, but
it also highlights how the relationship between demographics and
gambling engagement may vary by gambling type.

Transactional behaviors further differentiated highly involved play-
ers. High variability in deposit and withdrawal amounts along with
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extreme net win/loss values suggest significant financial fluctuations,
echoing the finding that gambling engagement is often concentrated
among a minority of high-intensity players (Deng et al., 2021; Louder-
back et al., 2024). Deposit and balance trajectory metrics revealed both
stable and escalating deposit patterns, with some players showing sub-
stantial balance increases, possibly reflecting large wins or continued
deposits (Adami et al., 2013; Gainsbury et al., 2014; Philander, 2014).
These insights hint at heterogeneity in the behaviors of highly-involved
gamblers, suggesting that targeted harm reduction strategies tailored
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Table 8
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Grid Search Results for UMAP + DBSCAN Clustering. The table presents clustering evaluation metrics (Silhouette, Davies-Bouldin, and Calinski-Harabasz) for
different combinations of hyperparameters. Higher Silhouette and Calinski-Harabasz values indicate better clustering performance, while lower Davies—Bouldin

values are preferred.

n_neighbors min_dist metric eps min_samples n_clusters n_noise Silhouette Davies-Bouldin Calinski-Harabasz
5 0.0 cosine 0.4 3 7 2 —0.0947 1.5565 3084.8400
5 0.0 cosine 0.4 5 8 15 —-0.0147 0.9682 2674.7300
5 0.0 cosine 0.5 3 5 0 0.2575 1.6675 4453.9600
5 0.0 cosine 0.5 5 3 7 0.5826 0.4445 8879.4900
5 0.0 cosine 0.6 3 3 0 0.5827 0.4442 8907.4600
5 0.0 cosine 0.6 5 3 0 0.5827 0.4442 8907.4600
5 0.0 euclidean 0.4 3 10 3 -0.6143 2.7056 10.0500
5 0.0 euclidean 0.4 5 9 12 -0.3218 1.1006 1784.2800
5 0.0 euclidean 0.5 3 4 1 -0.3737 4.7999 10.6500
5 0.0 euclidean 0.5 5 4 1 -0.3737 4.7999 10.6500
5 0.0 euclidean 0.6 3 2 0 -0.0277 1.2830 7.4700
5 0.0 euclidean 0.6 5 2 0 —-0.0277 1.2830 7.4700
5 0.1 cosine 0.4 3 8 12 -0.1413 1.4054 1808.9500
5 0.1 cosine 0.4 5 8 30 —0.2037 1.0251 1811.6100
5 0.1 cosine 0.5 3 3 5 0.5514 0.5005 6259.9900
5 0.1 cosine 0.5 5 3 7 0.5514 0.5005 6255.8900
5 0.1 cosine 0.6 3 3 2 0.5514 0.5004 6265.6400
5 0.1 cosine 0.6 5 3 2 0.5514 0.5004 6265.6400
5 0.1 euclidean 0.4 3 8 8 —-0.5508 2.0143 4.8700
5 0.1 euclidean 0.4 5 10 19 —-0.5994 1.8357 4.8400
5 0.1 euclidean 0.5 3 2 0 —0.0607 1.4414 6.4100
5 0.1 euclidean 0.5 5 2 0 —-0.0607 1.4414 6.4100
5 0.1 euclidean 0.6 3 2 0 -0.0607 1.4414 6.4100
5 0.1 euclidean 0.6 5 2 0 —0.0607 1.4414 6.4100
10 0.0 cosine 0.4 3 4 2 0.1320 1.0926 6062.5400
10 0.0 cosine 0.4 5 3 7 0.2815 0.9401 9078.5300
10 0.0 cosine 0.5 3 4 1 0.1321 1.0926 6065.0400
10 0.0 cosine 0.5 5 3 5 0.2816 0.9400 9083.6400
10 0.0 cosine 0.6 3 3 0 0.2817 0.9390 9097.3700
10 0.0 cosine 0.6 5 3 0 0.2817 0.9390 9097.3700
Table 9
Comparative unsupervised clustering baselines on the UMAP embedding. We report internal validation metrics (Silhouette, Davies—
Bouldin, and Calinski-Harabasz). Higher Silhouette/Calinski-Harabasz indicate better structure, while lower Davies-Bouldin is
preferred.
Method Key hyperparameters Silhouette 1 DBI | CHI 1t
UMAP+DBSCAN n_n =5, d =0.0, metric=cosine, € = 0.6, minPts= 3 0.5827 0.4442 8907.46
UMAP+KMeans k=TBD TBD TBD TBD
UMAP+GMM k =TBD, cov=TBD TBD TBD TBD
UMAP+Agglomerative k =TBD, link=TBD TBD TBD TBD
Table 10
Top 10 Important Features per Cluster (excluding sd_wth, avg_WL_day, LTD_n_wth).
Cluster -1 Cluster 0 Cluster 1 Cluster 2
Feature Imp. Feature Imp. Feature Imp. Feature Imp.
avg_n_wth_sesh 0.0643 max_n_sesh_mth 0.1242 max_n_sesh_mth 0.1177 avg_secs_btwn_txns 0.2553
night_time_pcnt 0.0580 avg_n_sesh_mth 0.1072 avg_n_sesh_mth 0.1081 avg_secs_btwn_deps 0.2149
avg_bal_traj 0.0576 n_seshs 0.0888 avg_WL_sesh 0.0908 sd_time_btwn_deps 0.0440
avg_secs_btwn_deps 0.0542 avg_WL_sesh 0.0886 n_seshs 0.0877 avg_hrs_btwn_sesh 0.0407
sd_time_btwn_deps 0.0540 avg_WL_mth 0.0740 avg_WL_mth 0.0736 sd_time_btwn_sesh 0.0350
avg_hrs_btwn_sesh 0.0476 avg_n_wth_sesh 0.0822 avg_n_wth_sesh 0.0809 avg_n_sesh_mth 0.0336
max_WL_sesh 0.0472 avg_bal_traj 0.0807 avg_bal_traj 0.0715 n_seshs 0.0315
avg_WL_sesh 0.0469 avg_secs_btwn_deps 0.0736 max_WL_sesh 0.0701 avg_WL_sesh 0.0304
avg_n_sesh_mth 0.0443 avg_hrs_btwn_sesh 0.0719 avg_hrs_btwn_sesh 0.0639 avg_WL_mth 0.0289
avg_n_sesh_wk 0.0431 night_time_pcnt 0.0651 avg_secs_btwn_deps 0.0630 max_WL_sesh 0.0271

to different behavioral profiles may be more effective than universal
approaches (Gainsbury et al., 2018)

This study also introduces a new means of understanding which
variables should be clustered upon. By utilizing the UMAP dimen-
sionality reduction technique and feature importances for each cluster
classification, we were able to incorporate all of the information (vari-
ables) available to us to make the clusters. This is fundamentally
different from previous studies, which perform variable selection first,
leaving out all but 5-7 variables in order to meet the requirements
of the computationally and dimensionally inefficient k-means algo-
rithm (Ghaharian, Abarbanel, Phung, et al., 2023). By using UMAP and
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feature importance metrics, we cannot only look at feature importances
after-the-fact for the entire feature set, but also scale to bigger and
higher-dimensional datasets much more efficiently.

In this study, we demonstrated heterogeneity within the group of
highly involved gamblers through the identification of four distinct
behavioral subtypes. These findings indicate that high involvement is
not a uniform construct, reinforcing the value of segmentation when
considering RG strategies. Two of the identified clusters are character-
ized primarily by either sustained high frequency play or structured
high volume play, with relatively stable behavioral patterns and limited
evidence of escalation or volatility. For these groups, light touch and
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informational responsible gambling approaches are likely most appro-
priate. This could be in the form of passive feedback on session duration
or cumulative spend, optional self monitoring tools, and non intrusive
reminders aimed at supporting awareness rather than restricting play.
In contrast, the remaining clusters represent outlier behavioral profiles
marked by greater irregularity or intensity. Notably, one outlier cluster
is positioned closer to a core cluster in the latent space, suggesting
a transitional profile that may reflect movement between high value
engagement and emerging risk. For these players, more proactive and
adaptive RG strategies may be warranted, including enhanced moni-
toring, sending an RG representative, and/or graduated interventions
responsive to behavioral escalation.

These findings emphasize that high gambling involvement is multi-
faceted, encompassing different modes of risky behavior, where some
are driven by intensity and volatility, others by persistence and reg-
ularity. This segmentation aligns with prior theoretical distinctions
between gamblers who play frequently versus those who wager heavily
or chase losses (Gainsbury et al., 2018). Recognizing these subtypes
is crucial for designing targeted interventions. For instance, strategies
focusing on financial limits or self-exclusion may be more effective for
clusters with high intensity or volume, whereas behavioral nudges and
time reminders may better serve those with sustained, high-frequency
engagement. By incorporating behavioral segmentation into responsi-
ble gambling frameworks, operators and regulators can better tailor
harm reduction efforts to the diverse patterns observed in real-world
gambling data.

In practice it is often difficult or costly to obtain labels for high-
risk individuals, making it very difficult to conduct inference on the
population. While there have been various attempts to develop mark-
ers of gambling harm based on gambler behavior (Dragicevic et al.,
2011; McAuliffe et al., 2022), there is no consensus in terms of which
behaviors (or combination of behaviors) should be used to determine
thresholds to label a particular player as a potential high risk gambler.
Thus, this study provides a contribution in that it provides an alternate
way of creating a proxy for high-risk gamblers, paving the way for
supervised machine learning applications.

From an operator and regulator perspective, this research could be
utilized to understand and track different customer profiles. In fact,
some jurisdictions are rolling out obligatory RG checks using pre-
trained Al models (Guimaraes, 2025). In practice, an operator could (1)
compute the same behavioral features on rolling windows, (2) embed
and cluster players using the trained UMAP+DBSCAN workflow (with
scheduled re-fitting or incremental refresh), and (3) assign each player
to a behavioral subtype that triggers tiered, pre-defined interventions.
The UMAP+DBSCAN approach warrants particularly well for brick and
mortar (or even hybrid) operators as their patron databases are often
large and require model scalability. Feature importance summaries
for cluster membership can provide an explanation of why a player
is flagged, aligning with the strategic direction of recent Al regula-
tion which is concerned with auditability of Al models and their use
cases (Hartmann et al., 2025).

Furthermore, much of the previous research around clustering gam-
blers based on their behavior is done in static settings and on relatively
small datasets. This makes it possible to use computationally ineffi-
cient algorithms such as k-means clustering. That said, operator player
databases could contain thousands of entries for millions of players,
particularly with new forms of data infrastructure coming to market.
Our approach to clustering utilizing UMAP and DBSCAN eliminates the
computational barrier for industrial-scale applications.

6. Limitations and future research

This study presents several limitations that should be acknowledged
when interpreting the results. First, the clustering analysis focused ex-
clusively on behavioral tracking data, without incorporating psycholog-
ical, contextual, or demographic variables beyond basic attributes such

13

Acta Psychologica 267 (2026) 106947

as age and gender. While behavioral features are powerful indicators
of gambling patterns, future work could integrate survey-based mea-
sures (e.g., impulsivity, gambling motives) or contextual information
(e.g., socioeconomic status, life events) to enhance the interpretability
and evaluate the external validity of the identified clusters.

Second, the dataset was derived from a single gambling operator
in Poland, and may not generalize to other types of gambling activ-
ities (e.g., sports betting, online poker), regions, or cultural contexts.
Gambling motivations and patterns can vary significantly across juris-
dictions due to legal, social, and economic differences. Future research
should validate these findings using multi-operator datasets and across
diverse geographic settings to examine the stability and replicability of
the cluster typologies.

Third, the clustering process was unsupervised, and while we used
internal validation metrics (Silhouette, Davies—Bouldin, and Calinski—
Harabasz scores) to select optimal configurations, these do not guaran-
tee external validity. The functional significance and long-term predic-
tive utility of the clusters — such as their association with future gam-
bling problems, self-exclusion, or financial distress — remain untested.
Longitudinal studies linking cluster membership to future outcomes
would be instrumental in assessing the practical relevance of these
behavioral segments.

Moreover, the dimensionality reduction step with UMAP introduces
stochasticity, which could lead to variability in the clustering output.
Although we fixed the random seed to ensure reproducibility, fur-
ther work could explore ensemble or consensus clustering methods to
improve the robustness of cluster assignments.

Lastly, feature importance was computed using a cluster-vs-rest bi-
nary classification approach. While this approach helps to interpret the
unique characteristics of each cluster, it may oversimplify the complex
interdependencies among clusters. Future studies may explore multi-
variate or network-based feature importance models such as graphical
LASSO or Normal-Block to capture more nuanced relationships (Tan
et al., 2015; Tous & Chiquet, 2025).

Future research could also examine real-time clustering systems
and dynamic updates of player profiles, especially in high-risk gam-
bling environments. This would allow for adaptive harm-reduction
interventions that evolve in response to behavioral change over time.

7. Conclusion

The clustering analysis offered a more nuanced understanding of the
heterogeneity within the highly involved gambler group. Using UMAP
for non-linear dimensionality reduction and DBSCAN for density-based
clustering, we identified four distinct subgroups based on behavioral
markers. These clusters differed not only in gambling frequency and
intensity but also in their temporal dynamics, transaction patterns, and
volatility profiles. For instance, Cluster -1 exhibited erratic withdrawal
behavior and frequent night-time sessions—characteristics previously
linked to impulsivity and emotional gambling. In contrast, Cluster 0
showed a pattern of regular, high-frequency play with stable financial
behavior, suggestive of habitual engagement. Cluster 1 was similar in
volume but demonstrated more deliberate and spaced-out gambling ses-
sions, while Cluster 2 was distinguished by compressed time intervals
between transactions, indicating rapid and potentially compulsive play.

These differentiated behavioral profiles confirm that high involve-
ment in gambling is not a monolithic construct. Instead, it com-
prises subtypes that may reflect distinct psychological and motivational
mechanisms. This segmentation supports earlier findings that frequent
play and high spending may stem from different underlying pro-
cesses (Gainsbury et al.,, 2018; Philander, 2014). The identification
of such subgroups has practical implications for responsible gambling
policies: rather than applying uniform interventions, tailored strategies
could be designed to address the specific behavioral risks associated
with each cluster. For example, real-time alerts and time-out sugges-
tions might benefit players in Cluster 2, while personalized feedback on
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financial losses or withdrawal patterns could support those in Cluster
-1. Overall, the results underscore the value of unsupervised learning
methods in identifying latent structures within gambling behavior data
and highlight the potential of these insights to inform harm reduction
frameworks.
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