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Abstract

The swift development of online gambling has posed new issues in determining risky behaviours

of players and psychological factors that relate to gambling behaviour. In contrast to the tra-

ditional gambling environment, the online gambling environment is always able to record be-

haviour which means that behavioural patterns can be analysed using data analytics. This thesis

explores how online gambling behaviours are aggregated in groups of players, and how the

behaviours are associated with the big five personality traits. The paper examines big data

of online gambling through machine learning methods to uncover latent behavioural groups,

where the frequency of gambling, size of bets, degree of involvement, reward pursuit, losses

and control over gambling behaviour are considered. Players were clustered into segments rep-

resenting various gambling behaviours, including regulated and low-risk players, to very active,

loss-oriented and impulsive gamblers, using clustering algorithms. There were five primary

clusters of behaviour, including regulated low-risk players, highly engaged regular players,

high-loss players and low-control unstable players. Simultaneously, the data about personal-

ity (according to the Big Five model (Openness, Conscientiousness, Extraversion, Agreeable-

ness, Neuroticism)) were analysed to create five personality clusters. The behavioural clusters

were compared to personality clusters using matching based on similarities. The results indi-

cated that there is very high structural similarity between the two. The group of individuals

exhibiting erratic, risky and excessive gambling behaviours were usually linked to the high lev-

els of neuroticism and low levels of conscientiousness and moderate and controlled gambling

behaviours were more linked to the emotionally stable, conscientious and responsible individ-

uals. Results suggest that the type of gambling behaviours are not by chance, but they can be

an expression of more general psychological dispositions. The study also looks at prediction

models to identify more high-risk gaming behaviours by use of simulated behavioural character-

xi



istics. Machine learning models, such as K-Nearest Neighbors (KNN), Support Vector Machine

(SVM), Random Forest (RF), Extra Trees, Gradient Boosting (GB), Logistic Regression (LR),

Adaptive Boosting (AdaBoost), and Decision Tree (DT) were applied to predict high-risk and

low-risk gambling behavior. Among the tested models, Logistic Regression achieved the best

overall performance, with a test accuracy of 99.04% and an F1 score of 98.81% This indi-

cates the excellent predictive power of behavioural attributes and effectiveness of behavioural

analytics in automated monitoring. This paper demonstrates the feasibility of reinterpreting on-

line gambling behaviours into useful behavioural clues, and associating them with personality-

based behavioural patterns in a structural manner. The proposed paradigm can help to improve

the emergence of gambling technologies to support responsible gambling, early detection sys-

tems and future interdisciplinary studies including machine learning, psychology and online

behavioural analytics.

Keywords: Online gambling, Bustabit crash game, Behavioral profiling, Big Five (OCEAN),

K-means clustering, Hungarian assignment algorithm, Risk classification, Machine learning.
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Introduction



Chapter 1: Introduction

1.1 Overview

The rise of online technology has led to a growth in online gambling and in turn, new forms of

gambling behavior that are rapid, recurrent and interactive. Of particular interest is online crash

gambling because it’s characterised by continuous betting, unpredictable outcomes, and poten-

tially high-risk behaviours. This gambling behavior may also be linked to individual personality

characteristics, such as those represented in the Big Five personality model.

This thesis investigates online crash gambling behavior and its potential association with the Big

Five personality model. This chapter provides background for the study, outlines the research

problem, research aim and questions, the importance of the study, and thesis structure.

1.2 Background

Gambling has a long history as a social and economic activity, but the digitalisation of gam-

bling changed the scale and dimension of gambling risk. Land-based gambling is limited by

the operating hours, travel, promotion and architecture of gambling houses. The online envi-

ronment might change the activity into continuous, private and algorithmically supported. This

is important because gambling harm is not just about the loss of money but can also be emo-

tional distress, social isolation, poor work or academic performance, family disintegration and

constant attempts to recover losses [1–3]. That gambling disorder has been added to major

diagnostic systems is another sign that problematic gambling is now recognised as a serious

behavioural addiction and not simply a leisure preference [4, 5].

The importance of online gambling is that the digital platform keeps a record of one’s gambling.

The stake, cash-out, win, lose, session, bonus and reaction to previous wins and losses can be

logged. Using these logs, it is possible to consider gambling in terms of decisions, not outcomes.

A person who plays one big stake and then cashes out might not be similar to someone who

continues to play small stakes, although the net profit or loss for both of them might be identical.
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This is the crux of the behavioral analytics approach as risk can be expressed as fast play, volatile

staking, regular exposure to losses or erratic cash-out [6–8].

This type of study is very applicable to crash gambling in which the game has a quick structure,

is highly repetitive and the decision to cash-out is continuous. In a crash game, a multiplier is

increased until it crashes, the player must cash-out before the crash to win money. The game

design itself results in cues being produced related to risk, timing, volatility and loss. A player

who always quits early could be different to a player who waits until a very high multiplier.

Similarly, an escalation in gambling after a loss might be different to the risk process of a

player who doesn’t.

At the same time, there have been several studies that indicated the importance of individual dif-

ferences in gambling. Big Five personality system describes the general personality profiles on

openness, conscientiousness, extraversion, agreeableness and neuroticism [9–11]. It has been

found in previous gambling studies and meta-analyses that neuroticism and low conscientious-

ness are typically associated with problematic gambling, and impulsivity and poor self-control

are also important in determining the vulnerability of gambling [12–14]. The findings suggest

that personality-profile structures may be conceptually related to the behavioral profiles, which

are generated based on data collected from these platforms.

Machine learning provides the tools for exploring such associations. Unsupervised clustering

can be applied to identify latent behavioural sub-groups that are not specified using a diagnostic

class and supervised models can be used to test whether engineered behavioural features can

distinguish between high and low risk profiles of a disease or condition [15–17]. This paper

adopts a hybrid approach: it first creates interpretable features for players based on Bustabit

gambling records, then clusters the behavioral and the personality data and finally matches

the centres of clusters using the Hungarian assignment algorithm [18]. It is an exploratory,

but not diagnostic objective. The objective of the study is not to claim that by examining

a player’s gambling history you can determine their true personality type; rather it seeks to

investigate whether there is significant correlation between independently attained behavioural
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and personality structures, in the form of clusters.

Although previous studies have examined online gambling behaviours and personality vari-

ables, there is a lack of research into their correlation. A wealth of research investigates them

separately and it is unclear if online crash gambling behaviour patterns can be significantly re-

lated to higher level personality. This gap highlights the need for a user-friendly model to better

explain risky gambling behaviour.

1.3 Problem Statement

Previous research has produced reliable research results in three interrelated areas. First, online,

even mixed-mode, gamblers are more engaged and problematic than land-based-only gamblers

[19, 20]. Second, risk of gambling is associated with personality traits such as neuroticism,

conscientiousness and impulsivity [12, 13]. Third, account-based or behavioural information

can be used to detect risky play, or predict self-reported problem gambling or help with respon-

sible gambling interventions by researchers working in machine learning to detect it before it

occurs using machine learning methods [21–23]. However, these areas of research are studied

separately.

The link between observable gambling behavior and more comprehensive personality profiling

is still missing. The questionnaire-based studies often directly assess the traits, but may not

assess the high-frequency decisions. Platform-data studies are more behavioral studies that

may not be psychometrically measured. The data that have been used in this study (Bustabit

and Big Five) are independent, so one cannot make inferences about individuals. The challenge

however is to build a framework that can compare the structure of the two worlds at the cluster

level without overemphasizing the psychological meaning of the results.

The problem addressed in this thesis is a methodological as well as interpretative. The method-

ological question that the study raises is how the crash-game logs be translated into player-level

constructs. Interpretatively, the question is whether or not the constructs can be clustered into
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clusters that in an exploratory sense can be linked to independently constructed Big Five person-

ality clusters. This is important because a responsible gambling system should have explainable

and not just black-box signals. A system that can reveal why one type of behavioural pattern is

more volatile than others might be more helpful in early warning and monitoring and develop-

ment of future interventions.

1.4 Research Questions

The research questions of this study are:

• Is it possible to convert online crash gambling records to meaningful individual-level

behavioral profiles?

• Which distinct behavioural clusters can be uncovered from Bustabit crash gaming

logs?

• Is it possible to match Big Five personality clusters (independently constructed) with

behavioral gambling clusters at an aggregate level?

• How well can engineered behavioral features classify higher-risk/ lower-risk gambling

types in a supervised learning environment?

1.5 Objectives

The main purpose of the study is to develop a machine-learning model of the analysis of online

crash gambling behavior, and explore its relationship with Big Five personality-profile struc-

tures.

The study’s objectives are:

• To clean and aggregate Bustabit crash-game data to a player-level.
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• To identify clusters of behavior using unsupervised clustering.

• To process and score an open Big Five data set into the OCEAN personality scales and

form personality clusters.

• To match behavioral clusters with personality clusters with Hungarian algorithm.

• To evaluate the distinguishability of the behavioral feature space with the supervised

models.

1.6 Contributions of the Study

1. Produced player-specific behavioural features from online gambling data.

2. Clustered different groups of gamblers. Examined the links between behavioural clusters

and Big Five personality traits.

3. Assessed the behavioural features using machine learning techniques.

4. Provided insights for future responsible gambling strategies.

5. Highlighted the risk-related importance of behavioural analysis in identifying vulnerable

gambling behaviours.

1.7 Significance of the Study

The present study produces several contributions to the field of gambling analytics, behavioural

modeling and computational psychology. First, it demonstrates that crash-game logs could be

used to offer structured gambling-behavioral representations (instead of using single win-loss

events to offer such representations). Second, it offers an exploratory approach of the matching

of the gambling behavior profiles to the personality-profile structure even in situations where

the two datasets are not interrelated at the subject level. Third, it provides a machine-learning
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perspective on risk which could potentially be used in the future in responsible gambling sys-

tems, early warning systems, and behavioral surveillance systems. Finally, the research paper is

relevant to the broader field of data-driven behavioral analytics in that it presents the methods of

combining the unsupervised clustering, centroid matching, and supervised learning in a single

system.

1.8 Chapter Organization

Chapter 1: In Chapter 1, the research topic is introduced, the background on online crash

gambling and Big Five personality is discussed, the research problem is identified, the aims,

research questions, the significance of the study and the structure of the thesis is presented.

Chapter 2: Chapter 2 also presents the related literature. It describes the problem gambling,

online gambling harms, adolescent gambling, social influences, personality correlates, machine

learning techniques, clustering, supervised classification models and the research gap that mo-

tivates the proposed approach.

Chapter 3: Chapter 3 discusses the methodology. It covers the Bustabit and Big Five data, data

cleaning, feature engineering plan, unsupervised clustering model, Hungarian mapping to the

clusters, supervised validation models, model evaluation metrics and the ethical implications of

the research design.

Chapter 4: Chapter 4 report the results It shows the sample characteristics, summary statistics

of the user behavior, clustering diagnostic statistics, principal component analysis (PCA) statis-

tics, cross-brand mapping statistics, and the supervised validation model statistics. Each table

and figure will be accompanied by an interpretation to make sure the numbers will be linked

with the goals of the study.

Chapter 5: Chapter 5 concludes the thesis with a summary of the findings, limitations and

suggestions on future research.
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Chapter 2

Literature Review



Chapter 2: Literature Review

2.1 Overview

This chapter presents literature review of related work to the current study. Earlier research

has covered gambling harm, online gambling, personality traits, young adults and adolescents,

and machine learning in gambling analytics [2, 3, 13, 21]. These papers demonstrate that on-

line gambling provides valuable behavioural data, and psychological and survey-based research

shows why some people may be more susceptible to gambling-related harms [6, 7, 12, 13]. But

most prior studies have been focused on a single aspect. So, there is a need for an interpretable

platform to jointly examine online gambling behavior and personality types [13, 22, 24].

2.2 Online Gambling and Behavioral Analytics Studies

Previous research has included studies on gambling-related harm and risk in online context.

Blaszczynski and Nower noted that problem gamblers are not a monolithic group, while Braver-

man and Shaffer suggested markers of high-risk online gambling [2, 6]. Dragicevic et al. also

examined online casino play for player protection [7]. In machine learning based gambling ana-

lytics, Philander compared data-mining procedures to identify high-risk online gamblers, Percy

et al. used supervised machine learning to predict self-exclusion, and Hopfgartner et al. and

Auer and Griffiths used account level data of online players to predict self-reported problem

gambling [21–23, 25]. These studies demonstrate that gambling behavior data can be applied

to risk detection, but most do not consider personality interpretation [21–23].

Table 2.1 lists key studies that employed gambling behavior logs, markers and machine learning

approaches to detect online gambling risk. These findings are consistent with the notion that

online gambling traces can show important patterns of behavior, but they primarily involve

risk detection, prediction, or responsible gambling interventions but not interpretation based on

personality.
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Table 2.1: Summary of Online Gambling and Behavioral Analytics Studies

Authors Approach / Models Datasets Performance Criticism

Blaszczynski and

Nower

Pathways model Gambling literature N/A Not based on online behav-

ioral data

Braverman and

Shaffer

Behavioral marker

analysis

Internet gambling

records

Markers identified No personality analysis

Dragicevic et al. Behavioral risk analy-

sis

Online casino data Risk patterns

observed

Limited psychological inter-

pretation

Philander Classification / regres-

sion; ANN

Sports betting

gamblers

ANN most reli-

able

Poor generalization on new

samples

Percy et al. LR, BN, NN, RF 845 online gam-

blers

RF best performer Harder to identify self-

excluders

Hopfgartner et al. Logistic + 5 ML mod-

els

1,743 casino gam-

blers

ROC-AUC:

0.654–0.717

Country-wise variation

Auer and Griffiths LR, RF, GB, DT, SVM 1,611 online gam-

blers

LR AUC 0.789;

RF 0.776

Moderate class imbalance

2.3 Personality and Broader Gambling Risk Studies

The second group of studies looked at personality and general vulnerability. Dudfield et al.

reported in a meta-analysis that the best predictors of problem gambling are higher neuroticism

and lower conscientiousness [13]. Similarly, MacLaren et al. showed similar findings with uni-

versity students [12]. Low emotional stability and external locus of control were also significant

predictors of problem gambling in a large Australian sample by von der Heiden and Egloff [14].

Further, Slutske et al. examined the prospective associations between personality and gambling,

and Canale et al and Potenza et al found that internet or online gambling among adolescents is

associated with more severe gambling [26–28]. Botella-Guijarro et al. also applied the COM-B

model to adolescent gambling behaviour [29]. These studies confirm the role of personality and

risk context among adolescents, but are mostly questionnaire- or survey-based, and do not use
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detailed platform data of gambling behavior [12, 13, 27, 29].

Table 2.2: Summary of Personality and Broader Gambling Risk Studies

Authors Approach / Models Datasets Performance Criticism

Dudfield et al. Meta-analysis 20 samples, 32,222

participants

r = .31 (N), r =

−.28 (C)

Not based on platform data

MacLaren et al. Big Five correlation

study

University students High N, low C

found

Questionnaire-based only

von der Heiden and

Egloff

Big Five + locus of

control

>12,500 adults Low stability

predictive

Not online-only

Slutske et al. Prospective cohort

study

Young adult birth

cohort

Risk traits identi-

fied

Not online gambling spe-

cific

Canale et al. Survey analysis 14,778 adolescents 21.9% vs 4.0%

problem gambling

Youth-focused only

Potenza et al. Chi-square + logistic

regression

2,006 student gam-

blers

Higher at-

risk/problem

rate

Adolescent sample only

Botella-Guijarro et

al.

COM-B + PLS-PM 354 adolescents, 3

waves

Risk factors pre-

dicted behavior

Not platform telemetry

Table 2.2 highlights studies on personality, adolescent gambling risk and general vulnerability.

These studies suggest that personality traits like neuroticism and conscientiousness and ado-

lescent gambling risk and vulnerability are associated with gambling problems. But most are

questionnaire- or survey-based studies, and do not directly link these psychological factors to

online gambling logs.

2.4 Research Gap and Comparison of Proposed Framework

In general, the literature reveals that gambling harms, online behavioural tracking, personal-

ity vulnerabilities and machine learning are all relevant aspects of risky gambling behaviour
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[2, 6, 13, 21]. But a gap remains as most research studies are limited to either online gam-

bling behavior data or psychological traits [12, 22, 24]. Few attempts are made to link online

gambling behavior to Big Five personality profiles within an interpretable framework [13, 24].

Thus, the current study aims to fill this gap by creating behavioral features from online crash

gambling, identifying groups of gamblers through clustering, and examining their structural

association with the Big Five personality profiles.

Table 2.3: Comparison of Proposed Framework with Existing Works

Study Online data Big Five Crash focus Clustering Supervised B–P mapping RG view

Braverman ✓ ✗ ✗ ✗ ✗ ✗ ✓

Dudfield ✗ ✓ ✗ ✗ ✗ ✗ Indirect

Philander ✓ ✗ ✗ ✗ ✓ ✗ ✓

Hopfgartner ✓ ✗ ✗ ✗ ✓ ✗ ✓

Lannes ✓ ✗ ✗ ✓ ✗ ✗ Indirect

MacLaren ✗ ✓ ✗ ✗ ✗ ✓ Indirect

Auer ✓ ✗ ✗ ✗ ✓ ✗ ✓

Our Work ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 2.3 compares the present framework with some previous works. It highlights existing

approaches that often focus on only one or two aspects, for example, online gambling risk

categorization, association with psychological traits, or machine learning prediction. On the

other hand, the current work integrates online gambling behavior, Big Five personality profiling,

crash gambling, clustering, supervised learning, and comparison of gambling structure with Big

Five personality profile in one framework.

Page 12 of 65



Chapter 3

Methodology



Chapter 3: Methodology

3.1 Overview

This chapter outlines the approach taken to study online crash gambling behavior and its ex-

ploratory link to Big Five personality type. The research involves two data sets: Bustabit crash

game and Big Five (OCEAN) personality profiles. The Bustabit gameplay data are converted

into individual-level features that represent risk, chasing, engagement, volatility, control, and in-

centives. The features are then used to cluster players into groups using unsupervised learning.

Big Five questionnaire data are independently clustered to form personality clusters. Lastly,

the cluster spaces are compared via Hungarian matching of cluster centroids and supervised

learning models are applied to assess whether the engineered features can classify high-risk and

low-risk personality profiles of gamblers [6, 7, 13, 21].

3.2 Proposed Methodology

The focus of this study is to explore online gambling behaviour and its potential relationship

with personality. To this end, two major sources of data were considered, Bustinat gameplay

data and Big Five (OCEAN) personality traits. Bustabit gaming data were analysed to find

features describing risk seeking, chasing losses, the degree of involvement and consistency of

cash-out activities. Then, these features were clustered to discover common gambling behav-

ior patterns using unsupervised machine learning, primarily K-means clustering, and compared

with DBSCAN, Agglomerative Clustering and Gaussian Mixture Models (GMM). In order to

explore the association between gambling behavior and personality, the Hungarian assignment

algorithm was applied to optimally pair behavioral clusters with personality clusters, based on

the Big Five personality profile. Finally, several supervised learning algorithms, such as K-

Nearest Neighbors (KNN), Support Vector Machine (SVM), Random Forest (RF), Extra Trees,

Gradient Boosting (GB), Logistic Regression (LR), Adaptive Boosting (AdaBoost), and De-

cision Tree (DT) were applied to predict high-risk and low-risk gambling behavior from the

Page 14 of 65



engineered features [16, 18, 30–41].

Figure 3.1: Proposed methodology of the study.

Figure 3.1 shows the analytical pipeline for the study. The left part of the figure illustrates how

Bustabit crash-game log data are converted from round-level data into behavioral features, and

into behavioral clusters. The right side illustrates how the Big Five questionnaire items are

reverse scored to produce OCEAN personality dimensions, and then clustered as personality

profiles. The middle of the figure represents the Hungarian matching stage, which involves

the matching of behavioral centroids and personality centroids. The bottom of the workflow

represents the supervised validation stage, in which various machine learning models are trained

to assess whether the engineered feature space of behavior features can be used to discriminate

among higher-risk and lower-risk gambling behavior.

3.3 Dataset Description

We used two publicly-available datasets. The first is the Bustabit crash-game dataset, compris-

ing of round-level online gambling data. The submitted file includes 50,000 rounds of gameplay
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observations comprised of 9 variables: player ID, bet size, profit, cash out (yes or no), bust mul-

tiplier and bonus information. As the intention of the research is to make inferences about

consistent patterns rather than individual rounds, later the data was aggregated at the player

level.

The second data set is the Big Five personality data set. When tab-delimited, the uploaded file

has 19,719 questionnaire data rows and 57 columns. These are 50 personality items covering

the Big Five (OCEAN) factors and 7 demographic items (race, age, gender, handedness, source,

country and English native). These data were used to create clusters of personality profiles for

later comparison (structurally) with the clusters of behavior.

Table 3.1: Number of samples used at different stages of analysis

Dataset Classification Elbow Method Clustering Behavioural / Trait Analysis Mapping
Train Test

Bustabit 40000(80%) 10000(20%) 30000 4150 4150 5 clusters
Big Five – – 10000 19719 19719 5 clusters

Table 3.1 shows the distribution of samples in the various stages of the study. The Bustabit data

set was used for supervised classification and unsupervised clustering. For instance, 40,000

samples were used for training and 10,000 samples for testing while 30,000 samples were also

used in the elbow method for choosing the number of clusters. Following data cleaning and

aggregation, 4,150 player profiles were used for clustering and player behaviour analysis. The

Big Five dataset was not used for supervised classification, but was used for personality trait

analysis and clustering. A sample of 10,000 responses was used for the elbow method and the

entire data set of 19,719 responses was used for clustering and trait analysis. Given the lack of

a link between the two datasets at the individual level, the final mapping was done at the cluster

level with five clusters from each dataset.

Table 3.2 lists the datasets and the derived structures used in this paper. The Bustabit data con-

sisted of raw game-level gambling behaviour data, which was then aggregated to obtain player-

level behavioural summaries for clustering and behavioural profiling. Meanwhile, the Big Five
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Table 3.2: Summary of the Datasets Used in This Study

Data Type File Features
Original Gambling
Behaviour Data

bustabit.csv Game-level gambling data featuring player ID, bet,
cashout, winnings, and other transaction features
used to calculate player-level risk features.

Behavioural
Summary Profiles

Derived from
bustabit.csv

Player-level summary features like RiskIntensity,
LossChasing, VolatilitySeeking, Control,
Engagement and IncentiveSensitivity which were
used for clustering and behavioural analysis.

Raw Personality
Data

data.csv Item-level Big Five personality responses and
background information such as age, gender, race,
education, handedness, source and country.

Personality Profiles
at Trait-level

Derived from
data.csv

Standardised Big Five trait scores (Openness,
Conscientiousness, Extraversion, Agreeableness and
Neuroticism) after reversing and pre-processing of
the questionnaire items.

Cluster-level
Mapping Data

Derived from both
datasets

Five behavioural clusters (from Bustabit dataset) and
five personality clusters (from Big Five dataset), used
for Hungarian mapping (matching of clusters).

Temporal
Classification
Dataset

Derived from
bustabit.csv

Leakage-free temporal samples from previous
gambling behaviour to determine future risk, used for
supervised classification - training and testing data.
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dataset were item-level responses to a personality questionnaire, which were used to derive the

standardized OCEAN personality traits. The two datasets were not merged at the person level,

so a mapping analysis was used to compare the two on a cluster level. Further, the Bustabit

data was also used to create a temporal classification dataset for leakage-free supervised risk

prediction.

3.4 Data Preprocessing

This part explains the preprocessing done on the two datasets prior to clustering and classi-

fication. The two datasets were not processed together as they had a different structure and

purpose.

3.4.1 Bustabit Preprocessing

The preprocessing of the Bustabit data set starts with the choice of the variables that are the

most pertinent to the behavioral analysis. These are player identifier, bet amount, profit, cash-

out value, bust multiplier and information relating to bonuses. All variables are transformed into

a uniform numeric representation, and invalid or missing data are treated with care to ensure

that missing data do not skew the subsequent feature engineering step.

Once cleaned, the round level records are player-aggregated. Summary statistics are then gen-

erated with respect to each player which include average bet, total bet, total profit, total losses,

number of games, mean cash-out, variability of cash-out, variability of bust multiplier, and

bonus use. This change is needed since the analysis is based on stable behavioral patterns, as

opposed to individual gambling outcomes. It can also be used to construct interpretable be-

havioral constructs like engagement, control and loss chasing since player level aggregation is

possible.

slug subsection: Big Five Preprocessing and Reverse Coding.

The processing of the Big Five data is on questionnaire-item level. To begin with, the responses
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of all the items are transformed into numbers. The invalid responses and incomplete records are

eliminated where it is necessary. Reverse coded items are then coded back again in such a way

that larger scores will always mean larger levels of the desired trait. The reason behind this step

is that personality questionnaires tend to have both positively and negatively phrased questions

to minimize bias when responding to them.

Once the response is reverse coded, the item responses are averaged on a trait level to get

openness, conscientiousness, extraversion, agreeableness and neuroticism scores. These trait

scores are then standardized and thereafter clustered such that no one trait has the monopoly of

the distance calculation due to differences in scale. It is a characteristic description, in line with

the existing practice of scoring on the Big Five [42–44].

3.5 Feature Engineering

The summarized Bustedabit clean data are converted into six behavioral constructs that can

be interpreted. These scales are meant to capture the intensity of gambling, persistence in

losses, variability of behavior, self-regulation, level of activity and reward sensitivity. They are

characterized as follows:

RiskIntensityi = AvgBeti ×Gamesi (3.1)

LossChasingi = |TotalLossesi| (3.2)

VolatilitySeekingi = std(BustMultiplieri) (3.3)

Controli =
1

1+ std(CashedOuti)
(3.4)
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Engagementi = Gamesi (3.5)

IncentiveSensitivityi = TotalBonusi (3.6)

These gambling features make the data more meaningful than round-level features. For in-

stance, it is more informative to refer to repeated loss exposure as loss chasing rather than as

a raw cumulative gambling loss value, and it is more informative to refer to stable cash-out as

control rather than as a raw standard deviation value. This construct-based representation is

also in line with past research on behavioral gambling analytics [6–8].

3.6 Clustering

In this study, clustering was applied to detect latent profile structures in the gambling data and

Big Five personality data. Given that the study was exploratory, rather than diagnostic, un-

supervised learning was preferred over pre-labeling. Clustering allowed us to cluster similar

observations and check whether there was any structure in these two domains before we com-

pared them. In both situations, K-means was the primary clustering algorithm used due to

its relatively simple interpretation of centroid-based clusters [16, 30]. We also explored other

methods like DBSCAN, Agglomerative Clustering and Gaussian Mixture Models to make sure

the identified structure was still reasonable if different assumptions were made for clustering

[31–33, 45].

For a set of standardized observations x1,x2, . . . ,xn, K-means partitions the data into K clusters

by minimizing the within-cluster sum of squared distances:

J =
K

∑
k=1

∑
xi∈Ck

∥xi −µk∥2 (3.7)

where Ck denotes the k-th cluster and µk denotes the centroid of that cluster. Each observation
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is assigned to the nearest centroid based on Euclidean distance.

Figure 3.2 shows the clustering framework used in this study. The behavioral and personality

datasets are clustered separately using K-means, evaluated using internal validation metrics,

and then compared at the centroid level for later mapping and interpretation.

3.6.1 Behavioral Clustering

Clustering of the standardized Bustabit feature matrix was done post-player aggregation and

feature engineering. This was an attempt to discover behavioral clusters based on gambling

activity rather than to build a predictive model with labels of clinical interest. The behavioral

clustering used behavioral constructs of risk intensity, loss chasing, volatility seeking, control,

engagement and incentive sensitivity. These variables were chosen to represent various charac-

teristics of gambling behavior and offer a meaningful portrayal of player behaviour.

Figure 3.2: Visual representation of the clustering framework used in the study.
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Let the behavioral feature vector for player i be defined as:

xi = [RiskIntensityi, LossChasingi, VolatilitySeekingi, Controli, Engagementi, IncentiveSensitivityi]

(3.8)

These vectors for each player were scaled and then used in the clustering algorithms. The main

method used for grouping the player profiles was K-means clustering. We tested several differ-

ent values of k and chose the final cluster solution based on internal criteria and interpretability.

To ensure the behavioral solution was not specific to K-means, additional clustering algorithms

were applied, including DBSCAN, Agglomerative Clustering and Gaussian Mixture Models.

This allowed us to ensure that the final grouping structure was not influenced by a particular

clustering algorithm.

3.6.2 Personality Clustering

Personality clustering was conducted independently from the standardized OCEAN trait matrix

of the Big Five data. The goal of this step was to define large-scale personality-profile group-

ings which could then be compared with clusters of gambling behavior. Given that personality

traits are dimensional and overlapping, the identified clusters were considered as approximate

personality-profile groups rather than discrete personality categories.

Let the personality vector for respondent j be defined as:

p j = [E j, N j, A j, C j, O j] (3.9)

where E, N, A, C, and O represent Extraversion, Neuroticism, Agreeableness, Conscientious-

ness, and Openness respectively. These standardized trait vectors were clustered using K-means

in order to create personality-profile groups. A five-cluster solution was selected for the Big Five

dataset in order to maintain conceptual comparability with the behavioral clustering stage. This
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made the later cluster-matching process more interpretable. The resulting personality clusters

represented different combinations of OCEAN traits, which then served as the psychological

comparison space for the later centroid-mapping analysis.

3.7 Cross-Domain Centroid Mapping

The Bustabit and Big Five data are not paired, so they can’t be compared on a row-by-row basis.

Thus, the matching is done at the centroid level. First, the behavioural clusters are represented

their centroids. Then the behavioral centroids are interpreted in a proxy OCEAN space using

conceptual links. For instance, control is associated with conscientiousness, loss sensitivity is

associated with neuroticism, engagement is associated with extraversion, and volatility seeking

is associated with openness. Interpretation of agreeableness is tempered because it is not as

well represented in gambling data.

Having computed the same types of centroid representations for both the gambling and person-

ality clusters, the Hungarian assignment algorithm is applied to compute the optimal one-to-one

mapping between clusters [18, 34]. This is suitable because it considers the total cost of assign-

ments (across all clusters) as opposed to local optimisations. The mapping is purely exploratory

and should only be interpreted as structural correspondence.

3.8 Supervised Validation Models

Following the unsupervised learning stage, we use supervised learning models to evaluate the

discriminative power of the engineered behavioral feature space to discriminate between high-

risk and low-risk behavioral profiles. This supervised stage does not replace the clustering

process, it is an internal validation step.

We employ the following classifiers: K-Nearest Neighbors, Support Vector Machine, Logis-

tic Regression, Decision Tree, Random Forest, Extra Trees, Gradient Boosting, AdaBoost and
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XGBoost. These classifiers were chosen since they cover different families of machine learn-

ing algorithms: distance-based, linear, margin-based, tree-based, ensemble, and boosting [35–

41, 54–61]. Comparing these models provides insight on whether the behavioral features are

linearly separable or if nonlinear/ensemble methods are required.

3.9 Evaluation Metrics

The clustering solutions are evaluated using internal validation metrics. The K-means clustering

objective is defined as:

J =
K

∑
k=1

∑
xi∈Ck

∥xi −µk∥2 (3.10)

where Ck denotes the k-th cluster and µk denotes its centroid.

The Silhouette coefficient for an observation i is calculated as:

s(i) =
b(i)−a(i)

max(a(i),b(i))
(3.11)

where a(i) is the average distance between observation i and all other points in its own cluster,

and b(i) is the minimum average distance between observation i and points in another cluster.

The Davies–Bouldin index is given by:

DB =
1
K

K

∑
i=1

max
j ̸=i

(
Si +S j

Mi j

)
(3.12)

where Si and S j are within-cluster scatter values, and Mi j is the distance between cluster cen-

troids i and j.

The Calinski–Harabasz index is calculated as:

CH =
BK/(K −1)
WK/(N −K)

(3.13)
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where BK is the between-cluster dispersion matrix, WK is the within-cluster dispersion matrix,

K is the number of clusters, and N is the total number of observations.

Inertia is calculated as:

Inertia =
N

∑
i=1

∥xi −µci∥
2 (3.14)

where µci is the centroid of the cluster assigned to observation xi.

For centroid mapping, the Euclidean distance between a behavioral centroid bi and a personality

centroid p j is:

Di j = ∥bi − p j∥2 (3.15)

and the Hungarian assignment seeks the optimal mapping:

min
π

K

∑
i=1

Di,π(i) (3.16)

where π(i) denotes the assigned personality cluster for behavioral cluster i.

The main metrics for supervised learning are accuracy, precision, recall and F1-score. Accuracy

measures the fraction of objects classified correctly and F1-score is a composite measure of

precision and recall and is particularly useful for imbalanced datasets [46–48, 64, 65, 67–72].

3.10 Mathematical Formulation of Evaluation Measures

The supervised evaluation measures are calculated as follows:

Precision =
T P

T P+FP
(3.17)

Recall =
T P

T P+FN
(3.18)
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Accuracy =
T P+T N

T P+FP+FN +T N
(3.19)

F1-score =
2×Precision×Recall

Precision+Recall
(3.20)

Where:

• TP = True Positive

• FP = False Positive

• TN = True Negative

• FN = False Negative

These measures are reported because accuracy can be misleading in the case of unbalanced two-

class problems. In these situations, the measures of precision, recall, and F1-score can be used

to better understand classification accuracy. In this study, these measures are used to compare

the performance of different supervised models for classification of high-risk versus low-risk

gambling.
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Chapter 4: Results

4.1 Overview

This chapter details the empirical results of the study in terms of the research goals. The findings

are divided into six key steps. First, the Bustabit gambling data are assessed through descriptive

summaries, diagnostics, interpretation, and visualisation of player behavioural patterns. Sec-

ond, the Big Five personality data are evaluated through trait scoring, clustering, and centroid

interpretation. Third, the structural relationship between the behavioural and personality spaces

is examined using Hungarian mapping. Fourth, supervised machine learning is used to eval-

uate the discriminative power of the derived behavioural feature space for risk classification.

Fifth, the supervised results are compared with existing research. Finally, the key findings are

interpreted in terms of model behaviour, interpretability, and practical importance.

The study used two separate datasets with different original structures. The Bustabit raw dataset

contained 50,000 round-level gambling records with 9 original variables. After preprocessing,

aggregation, and feature engineering, these records were converted into 4,149 unique player-

level profiles with 6 engineered behavioural features: RiskIntensity, LossChasing, Volatility-

Seeking, Control, Engagement, and IncentiveSensitivity. These 6 features were used for clus-

tering and behavioural interpretation. However, for supervised risk classification, RiskIntensity

was removed from the input feature set because the risk label was derived from it. Therefore,

the final supervised classification stage used 5 leakage-safe behavioural features.

The Big Five raw dataset contained 19,719 questionnaire records with 57 original variables, in-

cluding personality items and demographic/background variables. After preprocessing, reverse

coding, and trait-score calculation, the dataset was transformed into 19,718 scored personality

profiles with 5 final standardized personality features. These features were Openness, Consci-

entiousness, Extraversion, Agreeableness, and Neuroticism. Thus, while the original Big Five

dataset contained 57 variables, the preprocessed analytical version used 5 interpretable trait-

level features.
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Table 4.1: Sample characteristics and analytical files used in the study

Dataset Unit of analysis N

Bustabit raw file Round-level play records 50,000

Bustabit analytical file Unique players 4,149

Big Five raw file Questionnaire records 19,719

Big Five scored file Scored personality profiles 19,718

Table 4.1 show that there are two distinct data sets. The Bustabit raw data file is larger in terms

of events, but it is only 4,149 player profiles. This is crucial because a large number of rounds

does not necessarily translate to a large number of players. The Big Five data contains 19,718

scored Big Five personality profiles, which offers a large space for comparison of personalities.

The table also explains why the study is performed at the cluster level, rather than the individual.

4.2 Bustabit Behavioral Evaluation

In this section, we perform statistical, cluster diagnosis, interpretation and visualization on the

Bustabit gambling data. This involves examining whether the behavioral feature space engineer

can be used to cluster gambling behavior.

Table 4.2: Descriptive summary of engineered Bustabit behavioral constructs

Statistic RiskIntensity LossChasing VolatilitySeeking Control Engagement IncentiveSensitivity

count 4,149 4,149 4,149 4,149 4,149 4,149

mean 35,372.993 10,111.877 25.254 0.878 12.051 9.559

std 372,777.234 92,632.147 388.704 0.212 24.817 22.31

min 1 0 0 0.018 1 0

25% 100 0 0 0.832 1 0

50% 880 64 1.574 1 3 2.71

75% 5,426 1,000 6.457 1 10 8.4

max 16,262,350 3,886,342 19,140.036 1 291 319.16
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Table 4.2 gives an overview of the Bustabit variables. This right skew of some gambling vari-

ables is represented by the median-maximum gaps. The majority of players are low or medium

risk, but some players are very high risk intensity and loss chasing. This is a common feature

of gambling telemetry, and suggests that standardisation is needed before clustering.

Figure 4.1: Distribution of selected Bustabit gameplay variables including bet amount, profit,
and non-negative cash-out values.

Figure 4.1 shows visually the skewness in the descriptive statistics. Bets and profits are con-

centrated around the minimum value with a few extreme values extending the scale. The dis-

tribution of cash-outs is also negatively skewed with a long tail. Aggregation and conservative

interpretation are justified for these reasons, as a few players can have a large influence on the

distributions.
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Table 4.3: Bustabit KMeans diagnostic metrics across candidate numbers of clusters

k Silhouette(↑) Davies–Bouldin(↓) Calinski–

Harabasz(↑)

Inertia(↓)

2 0.688 1.059 449.42 3,090.456

3 0.689 0.834 512.045 2,211.037

4 0.646 0.745 670.353 1,484.581

5 0.665 0.762 636.584 1,259.339

6 0.619 0.833 604.853 1,108.752

7 0.623 0.742 669.492 888.387

8 0.590 0.606 759.178 705.062

9 0.616 0.626 808.898 595.243

10 0.610 0.719 796.963 543.613

Table 4.3 presents internal K-means diagnostics for candidate values of k. Although k = 2

and k = 3 show slightly higher Silhouette values, the five-cluster solution provides a better

balance between interpretability and structural comparison with the Big Five clustering. The

selected k = 5 solution avoids oversimplifying the population while still preserving meaningful

behavioral profiles.
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Figure 4.2: Elbow curve for Bustabit KMeans clustering showing the selected best value of
k = 5.

Figure 4.2 illustrates the elbow pattern for Bustabit clustering. The curve drops sharply from

k = 2 to k = 4 and then begins to flatten, which suggests diminishing returns from adding

more clusters. The selected solution at k = 5 provides enough detail to distinguish low-

engagement, high-engagement, high-stake, volatile, and low-control behavioral profiles without

over-fragmenting the sample.

Table 4.4: Comparison of alternative clustering methods on the Bustabit feature space

Method Silhouette(↑) Davies–Bouldin(↓) Calinski–

Harabasz(↑)

Noise%

KMeans 0.659 0.619 1,192.357 0

Agglomerative 0.586 0.670 1,015.389 0

GMM 0.179 1.949 388.210 0

DBSCAN 0.865 0.176 182.859 2.82
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Table 4.4 compares K-means with other clustering algorithms. DBSCAN has a high Silhouette

value, as well as a low Davies–Bouldin score, but it also classifies some of the data points as

noise, and has a lower Calinski-Harabasz value. K-means and agglomerative clustering yield

more robust full-sample clusterings, while GMM does not perform as well in this feature space.

This exercise supports the use of K-means as the preferred method as it provides a good balance

between interpretability, coverage, and diagnostic performance.

Figure 4.3: PCA projection of the Bustabit five-cluster KMeans solution.

Figure 4.3 shows the PCA pattern of the five-cluster Bustabit solution. The clusters are fairly

distinct, but not completely isolated (as is common in behavioral data). There are some remote

observations away from the central dense region, particularly on the first principal component,

which shows that the model includes both typical and extreme high-intensity players.
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Table 4.5: Behavioral interpretation of Bustabit clusters

Cluster Cluster Name Players Risk Rate Avg Bet Total Profit Loss Chasing Control Engagement

0 HighBet / LowEng /

LowLoss

3,208 0.334 4,238.35 2,528.359 3,757.343 0.973 5.48

1 LowBet / HighEng /

HighLoss

143 0.741 567.502 20,753.137 14,252.322 0.699 114.972

2 HighBet / HighEng /

HighLoss

3 1.000 218,716.716 3,672,828 2,585,625 0.690 55.667

3 LowBet / HighEng /

LowLoss

3 0.333 401.433 12,328.467 9,557 0.691 69.667

4 HighBet / LowEng /

HighLoss

792 0.602 7,282.508 27,734.843 25,349.736 0.528 19.701

Table 4.5 summarises the five clusters of Bustabit players. The largest cluster (Cluster 0) is

characterized by low engagement and high control. Cluster 1 has higher engagement and higher

rate of high-risk behavior. Cluster 2 is very small but extreme with very high average stake,

total profit and loss chasing. Cluster 4 is a dense cluster of high bets and high losses with less

control. These findings suggest there is no single pattern of gambling risk; it may manifest as

engagement, bet size, potential loss, or poor control.

Table 4.6: Standardized Bustabit behavioral cluster centroids

BustaCluster Z_RiskIntensity Z_LossChasing Z_VolatilitySeeking Z_Control Z_Engagement Z_IncentiveSensitivity

0 -0.064 -0.069 -0.042 0.447 -0.265 -0.254

1 0.066 0.045 0.050 -0.843 4.148 4.114

2 29.370 27.807 -0.009 -0.886 1.758 1.338

3 0.083 -0.006 33.283 -0.881 2.322 2.069

4 0.135 0.165 0.035 -1.652 0.308 0.275

Table 4.6 displays the standardized centroids and allows the comparison of the clusters with

the entire population. Clusters 2 and 3 are, for example, very distinct in risk seeking and loss

chasing, and Cluster 3 is very distinct in volatility seeking. Cluster 1 is distinctive in engagement

and incentive sensitivity and Cluster 4 is distinctive in very low control. The standardized
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centroids enable the separation of relative meaning from absolute values.

Table 4.7: Raw-scale Bustabit cluster profile summary (behavioral constructs)

Cluster RiskIntensity LossChasing VolatilitySeeking Control Engagement

0 11,571.776 3,757.343 8.899 0.973 5.48

1 60,148.720 14,252.322 44.563 0.699 114.972

2 10,982,628 2,585,625 21.930 0.690 55.667

3 66,203.667 9,557 12,961.037 0.691 69.667

4 85,722.893 25,349.736 39.029 0.528 19.701

Table 4.8: Raw-scale Bustabit cluster profile summary (monetary and incentive variables)

Cluster IncentiveSensitivity AvgBet TotalProfit TotalLosses Games

0 3.883 4,238.35 2,528.359 -3,757.343 5.48

1 101.331 567.502 20,753.137 -14,252.322 114.972

2 39.417 218,716.716 3,672,828 -2,585,625 55.667

3 55.723 401.433 12,328.467 -9,557 69.667

4 15.695 7,282.508 27,734.843 -25,349.736 19.701

Tables 4.7 and 4.8 present the raw-scale centroid values of the Bustabit clusters. Table 4.7 sum-

marizes the main behavioral constructs, while Table 4.8 reports the monetary and incentive-

related variables. Together, these tables show the actual magnitude of differences among clus-

ters and make the behavioral interpretation more practical.

4.3 Big Five Personality Evaluation

stage assesses the Big Five using trait scoring, cluster diagnostics, centroid profiling and plot-

ting. The aim of this step is to identify large-scale personality-profile clusters for comparison

to the gambling clusters.
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Table 4.9: First five scored Big Five trait profiles after preprocessing

E N A C O

4.4 1.1 4.6 4.7 4.3

2.2 3.1 3.5 4.2 2.6

3.5 4.6 3.8 4.9 4.5

2.2 4.3 3.7 2.6 4.1

3.4 3.0 4.4 3.4 3.4

Table 4.9 displays a subset of the scored Big Five traits. The rows are the five OCEAN traits

after preprocessing and scoring. The table illustrates that the sample varies in profile shape,

rather than being high or low on all traits, which will be useful for clustering later.

Table 4.10: Big Five KMeans diagnostic metrics across candidate numbers of clusters

k Silhouette(↑) Davies–Bouldin(↓) Calinski–

Harabasz(↑)

Inertia(↓)

2 0.202 1.763 425.971 5,865.720

3 0.176 1.837 341.115 5,175.194

4 0.167 1.681 318.430 4,597.746

5 0.162 1.618 289.967 4,242.369

6 0.157 1.545 272.535 3,940.011

7 0.155 1.510 254.924 3,721.303

8 0.152 1.567 239.289 3,549.159

9 0.154 1.507 229.216 3,378.536

10 0.154 1.496 217.804 3,253.452

Table 4.10 shows that Silhouette values are less in Big Five than in Bustabit clusters. This is

unsurprising given that personality traits are not naturally discrete. We chose the five clusters as

they offer meaningful patterns of profiles and are comparable to the five behavioral clusters.
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Figure 4.4: Elbow curve for Big Five KMeans clustering showing the selected best value of
k = 5.

Figure 4.4 shows the Big Five elbow curve. The inertia curve shows a smooth decrease with

the increasing k; the chosen k = 5 offers a reasonable compromise between simplicity and

descriptiveness. The less clear elbow than seen with Bustabit is due to the fact that the data are

continuous.

Table 4.11: Standardized Big Five cluster centroids

Big5Cluster Z_E Z_N Z_A Z_C Z_O

0 -0.715 0.846 0.297 -0.031 0.456

1 0.604 -0.877 0.605 0.906 0.300

2 0.886 0.071 0.335 -0.765 0.380

3 -0.731 -0.062 -1.597 -0.180 0.333

4 -0.405 0.278 -0.249 -0.262 -1.337

Table 4.11 summarises the standardised centroids of the Big Five clusters. Cluster 1 is high
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on conscientiousness and low on neuroticism, Cluster 2 is high on extraversion and low on

conscientiousness, Cluster 0 is high on neuroticism and low on extraversion, Cluster 3 is low

on agreeableness and has relatively high openness, and Cluster 4 has higher neuroticism and

lower openness. These cluster centroid patterns serve as the psychological comparison space

for mapping later.

Figure 4.5: PCA projection of the Big Five five-cluster KMeans solution.

Figure 4.5 shows the PCA map of the Big Five five-clusters solution. The clusters are visually

more overlapping than in the Bustabit space (as is typical of personality data). Still, the plot

exhibits general concentration areas of distinct personality-profile patterns. This justifies the

conservative interpretation of personality clusters as profile structure rather than classification.
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4.4 Cross-Domain Hungarian Mapping

This section discusses the centroid-level comparison of the behavioural gambling clusters and

Big Five personality clusters. The data sets are independent so that we compare at the centroid

level.

Table 4.12: Hungarian cluster-matching table

BustaCluster Big5Cluster Big Five Profile

0 1 High C, Low N

1 2 High E, Low C

2 0 High N, Low E

3 3 High O, Low A

4 4 High N, Low O

Table 4.12 presents the one-to-one Hungarian pairing of Bustabit clusters and Big Five clusters.

The matched profiles indicate that the more regulated behavioral clusters are structurally more

similar to the high-conscientiousness/low-neuroticism profiles and the less stable clusters are

structurally more similar to the higher-neuroticism or lower-control profiles. These findings are

descriptive and exploratory.

Table 4.13: Pairwise distance matrix for Bustabit–Big Five alignment

Cluster P0 P1 P2 P3 P4

B0 2.841 2.660 4.206 2.249 2.867

B1 3.384 2.480 1.644 2.749 2.732

B2 1.639 4.353 2.809 2.610 2.260

B3 2.744 2.838 2.159 2.107 4.201

B4 2.613 3.900 2.537 1.486 2.022

Table 4.13 shows the distance matrix used for the cluster alignment. Lower values mean closer
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in the normalized proxy space. The Hungarian algorithm finds the set of pairings that optimises

the total cost of all the clusters rather than local minima.

Figure 4.6: Pairwise distance heatmap for cross-domain alignment between Bustabit behavioral
clusters and Big Five personality clusters.

Figure 4.6 displays the distance matrix. The heatmap is darker for smaller distances, and the

selected cells are highlighted. The heatmap makes the structural correspondence more under-

standable because it enables the reader to visually compare the alternatives.

Table 4.14: Comparison of alternative cluster-mapping methods

Method Total Cost Mapping (Busta→Big5)

Hungarian (optimal

1-to-1)

10.072 {0: 1, 1: 2, 2: 0, 3: 3, 4: 4}

Greedy (local

choices)

11.630 {4: 3, 2: 0, 1: 2, 0: 1, 3: 4}

Table 4.14 Hungarian matching versus greedy matching. The Hungarian algorithm has a smaller
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cost than that of the greedy matching, thus the chosen one-to-one alignment is optimal for the

current distance matrix.

Table 4.15: Sensitivity of Hungarian mapping across distance metrics

Distance Total Cost Mapping

Euclidean 10.072 {0: 1, 1: 2, 2: 0, 3: 3, 4: 4}

Cosine 2.574 {0: 1, 1: 2, 2: 0, 3: 3, 4: 4}

Table 4.15 shows mapping sensitivity under Euclidean and cosine distance. The mapping is the

same under both metrics because it is not merely a function of one distance metric. While the

costs differ due to different definitions, the structure is the same.

The integrated summary in Table 4.16 includes the number of subjects in each behavioral clus-

ter, the rate of high risk, the main behavioral means, the labels used by the Hungarians, and the

rule-based interpretations. It is the most comprehensive table in the chapter because it connects

the statistical clustering to the interpretation. The table also reveals that high risk can be linked

to various combinations of engagement, loss chasing, control and risk intensity.

Table 4.16: Integrated behavioral and personality interpretation by cluster

BustaCluster Players HighRiskRate MeanRiskIntensityMeanLossChasingMeanControl HungarianTrait RuleTrait

0 3,208 0.334 11,571.776 3,757.343 0.973 High C, Low N

(Big5 profile)

Self-controlled /

regulated

1 143 0.741 60,148.720 14,252.322 0.699 High E, Low C

(Big5 profile)

Self-controlled /

regulated

2 3 1.000 10,982,628 2,585,625 0.690 High N, Low E

(Big5 profile)

Impulsive /

emotionally

volatile

3 3 0.333 66,203.667 9,557 0.691 High O, Low A

(Big5 profile)

Highly engaged

/ persistent

4 792 0.602 85,722.893 25,349.736 0.528 High N, Low O

(Big5 profile)

Impulsive /

emotionally

volatile
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4.5 Supervised Risk Classification Results

This section evaluates whether the engineered behavioural feature space can distinguish be-

tween low-risk and high-risk gambling profiles using supervised machine learning models. The

aim of this experiment is not to claim clinical diagnosis or confirmed gambling disorder pre-

diction. Instead, the purpose is to examine whether the behavioural indicators constructed from

the Bustabit data contain enough structured information to support internally defined risk clas-

sification.

In the earlier version of the experiment, RiskIntensity was included as one of the supervised

learning features. However, since the target variable RiskLevel was derived from RiskIntensity,

including this feature in the model input could create direct target leakage. To make the super-

vised evaluation more reliable and defensible, RiskIntensity was removed from the classification

feature set. Therefore, the final supervised models were trained using only the remaining be-

havioural indicators: LossChasing, VolatilitySeeking, Control, Engagement, and IncentiveSen-

sitivity.

The classification task was performed on the player-level behavioural dataset, where each row

represents an aggregated player profile. The dataset was divided into training and testing sets

using an 80–20 split. Several supervised machine learning algorithms were evaluated, including

Logistic Regression, K-Nearest Neighbours, Support Vector Machine, Decision Tree, Random

Forest, Gradient Boosting, AdaBoost, and Extra Trees. Table 4.17 shows the classification

performance of these models.
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Table 4.17: Classification performance across supervised models

Model Test Accuracy F1 Score

LogisticRegression 0.9904 0.9881

GradientBoosting 0.9807 0.9758

KNN 0.9795 0.9744

DecisionTree 0.9783 0.9730

SVM(RBF) 0.9771 0.9714

RandomForest 0.9759 0.9701

ExtraTrees 0.9651 0.9569

AdaBoost 0.9566 0.9443

Among the tested models, Logistic Regression achieved the best overall performance, with a

test accuracy of 0.9904 and an F1 score of 0.9881. This is an important result because Logistic

Regression is a relatively simple and interpretable linear model. Its strong performance sug-

gests that, even after removing the direct leakage feature, the remaining behavioural indicators

provide a clear separation between internally defined low-risk and high-risk players.

The strong performance of Logistic Regression also indicates that the decision boundary be-

tween the two risk groups may be largely explainable using a weighted combination of be-

havioural variables. In other words, features such as LossChasing, VolatilitySeeking, Control,

Engagement, and IncentiveSensitivity appear to contain sufficient discriminatory information

for classifying players according to the internally constructed risk labels. This supports the

usefulness of the proposed behavioural feature engineering approach.

However, the high performance should be interpreted carefully. Although RiskIntensity was re-

moved to prevent direct leakage, the target labels were still internally derived from behavioural

patterns rather than external clinical or harm-based outcomes. Therefore, the model should

be understood as performing behavioural risk classification, not clinically validated gambling-

harm prediction. External validation using measures such as PGSI scores, self-exclusion
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records, deposit-limit changes, or clinical screening results would be needed before making

stronger real-world claims.

Table 4.18 presents the detailed classification report for the best-performing model, Logistic

Regression.

Table 4.18: Classification report for the best-performing model

Class/Summary Precision Recall F1-score Support

Low-risk 0.99 0.98 0.99 498

High-risk 0.98 0.99 0.99 332

Accuracy – – 0.99 830

Macro avg 0.99 0.99 0.99 830

Weighted avg 0.99 0.99 0.99 830

The classification report shows that the model performs strongly for both classes. For the low-

risk class, the model achieved a precision of 0.99, recall of 0.98, and F1-score of 0.99. For the

high-risk class, the model achieved a precision of 0.98, recall of 0.99, and F1-score of 0.99. The

high recall for the high-risk class is especially important in the context of responsible gambling,

because failing to detect high-risk players may have more serious consequences than incorrectly

flagging a small number of low-risk players.

The confusion matrix further supports this interpretation. Out of 498 low-risk players in the test

set, 490 were correctly classified as low-risk, while only 8 were misclassified as high-risk. All

332 high-risk players were correctly classified as high-risk. This means that the model did not

miss any high-risk players in the test set.

Table 4.19: Confusion matrix for the Logistic Regression model

Actual Class Predicted Low-risk Predicted High-risk

Low-risk 490 8

High-risk 0 332
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From a responsible gambling perspective, this result is meaningful because the model demon-

strates strong sensitivity toward high-risk cases. In practical harm-reduction systems, identify-

ing potentially risky players early is more important than achieving only overall accuracy. A

model that misses high-risk players may fail to support timely intervention, whereas a model

that flags some additional players can still be reviewed through further responsible gambling

checks.

Overall, the supervised classification results show that the engineered behavioural features form

a highly structured representation of gambling behaviour. The updated experiment is more

methodologically sound than the earlier version because it removes the direct leakage feature

from the model input. Nevertheless, the results remain dependent on internally constructed

labels. Therefore, the findings should be interpreted as evidence that the proposed behavioural

feature space is useful for risk-oriented classification, while future work should validate these

predictions against external harm indicators.

4.6 Generalization Analysis of Supervised Models

Here, we examine the generalization ability of the supervised learning models by comparing

training, validation and test accuracy. This comparison aims to verify whether the models have

a stable learning pattern and to detect overfitting phenomena. We show two rounds of compar-

isons. First, we compare training accuracy with validation accuracy. Then, validation accuracy

is compared with test accuracy. The tables and figures shown here give a comprehensive picture

of model stability prior to the final results of the study.
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4.6.1 Training and Validation Performance

Table 4.20: Training and validation accuracy across supervised models

Model Train Accuracy Validation Accuracy Train–Validation Gap

LogisticRegression 0.9917 0.9910 0.0008

SVM(RBF) 0.9858 0.9840 0.0017

GradientBoosting 0.9989 0.9825 0.0163

KNN 0.9871 0.9819 0.0052

RandomForest 0.9865 0.9777 0.0088

ExtraTrees 0.9745 0.9717 0.0028

DecisionTree 0.9858 0.9717 0.0141

AdaBoost 0.9605 0.9524 0.0081

Table 4.20 shows that all supervised models had high training and validation accuracy, which

suggests that the extracted behavioral features are very useful for classification. The train–

validation gaps of Logistic Regression and SVM(RBF) are very small, which indicates good

generalization. Gradient Boosting and Decision Tree display slightly larger gaps, which could

be indicative of slightly higher overfitting to the training data than the simpler models. But

overall, the gaps are still rather small, implying that overfitting is not a big issue in this phase.
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Figure 4.7: Train accuracy VS validation accuracy across supervised models.

Figure 4.7 visually confirms the numerical comparison reported in Table 4.20. The training and

validation lines are pretty close for most models, suggesting that their predictive performance

is similar for both datasets. The figure also facilitates the observation of the slight performance

decreases from training to validation, particularly for Gradient Boosting, Random Forest and

Decision Tree. In general, the visual evidence supports the claim that the models have good

generalisation performance from training to validation.

4.6.2 Validation and Test Performance

Table 4.21 shows the differences between accuracy on validation and test sets, to assess the final

predictive performance. The gaps between the validation and test performances are small for

most models, meaning that their predictions are consistent for new data. Logistic Regression,

Gradient Boosting, KNN and Random Forest have the smallest differences, which indicate high

stability across the validation and test sets. Decision Tree and AdaBoost have slightly higher

performance on the test set than on the validation set, which could be due to randomness.

Overall, the table suggests that the supervised models perform well after the validation stage.
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Table 4.21: Validation and test accuracy across supervised models

Model Validation Accuracy Test Accuracy Validation–Test Gap

LogisticRegression 0.9910 0.9904 0.0006

SVM(RBF) 0.9840 0.9771 0.0069

GradientBoosting 0.9825 0.9807 0.0018

KNN 0.9819 0.9795 0.0024

RandomForest 0.9777 0.9759 0.0018

ExtraTrees 0.9717 0.9651 0.0066

DecisionTree 0.9717 0.9783 -0.0066

AdaBoost 0.9524 0.9566 -0.0042

Figure 4.8 shows the validation vs test accuracy for all supervised models. These two lines

are almost identical, which supports the observations in Table 4.21. The figure also shows the

ranking of models is consistent. This reinforces the conclusion that the feature space captures

meaningful aspects of the behavior and the classifiers are well-generalized to new data.

Figure 4.8: Train accuracy VS validation accuracy across supervised models.

Taken together, the two tables and two figures indicate a consistent performance of the su-

pervised models across training, validation, and test. The associated performance differences
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suggest that the engineered behavioral constructs are a robust feature space that is highly dis-

criminative. These results offer further evidence of the validity of the supervised stage and

enhance the empirical basis of the study prior to the presentation of the final conclusion.

4.7 Discussion

The supervised results show that different models performed differently on the same be-

havioural feature space. Logistic Regression achieved the highest result because the final

leakage-safe features appear to separate low-risk and high-risk players in a clear and consistent

way. Since Logistic Regression works well when classes can be separated through a weighted

combination of features, it was able to classify the two risk groups effectively.

Tree-based models such as Decision Tree, Random Forest, and Gradient Boosting also per-

formed well, but slightly lower than Logistic Regression. These models are useful for capturing

nonlinear and rule-based relationships. However, in this case, the risk pattern may not require

highly complex decision rules. Therefore, the simpler Logistic Regression model performed

better than more complex models.

AdaBoost and Extra Trees showed comparatively lower performance. AdaBoost may over-

focus on difficult or borderline samples, while Extra Trees uses highly randomised splits that

may lose some structured information in a small feature space. Overall, the result suggests

that the engineered behavioural features form a clear risk structure, but the classification should

still be interpreted as internally derived behavioural risk classification, not clinically validated

gambling-harm prediction.

4.8 Comparison with Existing Studies

This section compares the current study with several past studies as listed in the same order as

references in the paper. Earlier studies sometimes do not report classification accuracy, and so
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the comparison is based on the quantitative performance measure used in each study, such as

accuracy, ROC–AUC, correlation, prevalence contrast, or best-model summary [13, 21–23, 25,

27–29].

Table 4.22: Comparison of the present study with selected existing studies

Study Method / Context Reported Accuracy / Quantitative

Output

Dudfield et al. [13] Meta-analysis of Big

Five and problem

gambling

Neuroticism: r = .31;

Conscientiousness: r =−.28

Philander [21] Classification /

regression; ANN

Artificial Neural Network reported as

the most reliable hold-out classifier

Hopfgartner et al.

[22]

Logistic regression and

five machine learning

models

ROC–AUC = 0.654–0.717

Auer and Griffiths

[23]

LR, RF, GB, DT, SVM Logistic Regression AUC = 0.789;

Random Forest AUC = 0.776

Percy et al. [25] LR, BN, NN, RF for

self-exclusion

prediction

Random Forest reported as the

best-performing supervised model

Canale et al. [27] Survey analysis of

adolescent internet

gambling

Problem gambling rate = 21.9%

among online gamblers vs 4.0%

among non-online gamblers
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Study Method / Context Reported Accuracy / Quantitative

Output

Potenza et al. [28] Chi-square and logistic

regression on

adolescent internet

gambling

Higher at-risk/problem gambling rate

reported among internet gamblers

Botella-Guijarro et

al. [29]

COM-B + PLS-PM

behavioral prediction

Risk factors significantly predicted

gambling behavior

Our Study Behavioral feature

engineering +

supervised risk

classification

Logistic Regression accuracy =

0.9904; F1 = 0.9881

Gradient Boosting accuracy = 0.9807;

F1 = 0.9758

KNN accuracy = 0.9795; F1 = 0.9744

Table 4.22 shows that quantitative analysis is supported by earlier studies that demonstrate

the usefulness of statistical and machine learning approaches for studying risky gambling be-

haviour. Philander, Hopfgartner, Auer and Griffiths, and Percy show the value of machine

learning and account-based behavioural variables in identifying or predicting risky gambling

patterns, while Dudfield, Canale, Potenza, and Botella-Guijarro provide quantitative evidence

from personality, adolescent gambling, and behavioural prediction research. In comparison, the

current study achieved very strong internal supervised classification performance after remov-

ing the direct leakage feature RiskIntensity from the model input. Logistic Regression produced

the best result, with an accuracy of 0.9904 and an F1 score of 0.9881, showing that the remain-

ing engineered behavioural indicators provide a highly structured and interpretable basis for

distinguishing internally defined low-risk and high-risk gambling profiles.

However, this comparison should be interpreted carefully because the studies use different

datasets, target definitions, modelling approaches, and evaluation metrics. Some previous stud-
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ies used clinical, survey-based, or harm-related outcomes, whereas the current study uses inter-

nally constructed behavioural risk labels. Therefore, the high performance of the current study

should not be treated as evidence of clinically validated gambling-harm prediction.
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Chapter 5: Conclusion

5.1 Overview

This chapter provides a summary of the thesis’ findings, it discusses the limitations of the study

and proposes areas for future research. This research sought to apply machine learning to

model online crash gambling behavior, and to determine how it structurally relates to Big Five

personality profiles. To achieve this, Bustabit gameplay data were transformed into player-

level behavioural constructs, and a Big Five data set was used to obtain clusters of personality

profiles. We then compared cluster spaces at the centroid level, using a Hungarian algorithm,

and used supervised learning models to test the discriminative power of engineered behavioural

features.

5.2 Conclusion

This thesis shows that gambling logs of online crash-gambling can be used to engineer infor-

mative player-level profiles. By reducing Bustabit round-level gambling data to meaningful

constructs such as risk intensity, loss chasing, volatility seeking, control, engagement and in-

centive sensitivity, distinct sub-groups of gambling behavior were identified using clustering

techniques. The results indicate that it’s not a single pattern of gambling, but a set of different

patterns from relatively controlled gambling to more volatile and risky gambling.

The study also demonstrates that these behavioral patterns can be compared (exploratively)

with independently derived Big Five personality structures. While the two data sets were not

connected at the individual level, the comparison at the centroid level showed that there were

similarities between the structures of the behavioral clusters and the personality clusters. More

specifically, higher-risk or more unstable patterns of gambling were more closely linked with

profiles that are more neurotic and less conscientious, while more stable or lower-risk patterns

of gambling were more linked with less neurotic and more conscientious profiles.

Finally, the supervised validation results demonstrated the engineered behavioral features con-
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stitute a structured and discriminative feature space. Tree-based and ensemble-based classifi-

cation showed a particularly high discriminative ability for higher- and lower-risk patterns. In

conclusion, the thesis proposes an interpretable approach for online gambling behavior analyt-

ics, which is based on feature engineering, unsupervised clustering, centroid-level Hungarian

matching, and supervised validation.

5.3 Limitations

• The Bustabit and Big Five data sets were not matched, so the study was not able to look

at the link between personality and gambling on an individual level. So, the centroid

alignment can be regarded as structural and exploratory, not direct measurement of

personality.

• The mapping of gambling behavior to personality was based on conceptual assump-

tions, such as control and conscientiousness, and loss sensitivity and neuroticism.

While these assumptions are theoretically valid, such links are not the same as psy-

chometric validations.

• The supervised approach was evaluated using the internally generated labels, rather

than external clinical risk or harm data.

• Publicly available data sources were employed, which might not cover all gambling

platforms and players.

5.4 Future Work

• We should work with linked data on both gambling behavior and personality so that

we can directly study the association between individuals.
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• It would also be helpful to include external harm data (PGSI, self-exclusion, changes

of deposit limits or clinical screening) to better validate the approach.

• Another important direction is temporal modeling, where sequence-based methods

could be used to study how gambling risk develops over time.

• Research should be conducted on best practice for ethical use of behavioral risk de-

tection systems to ensure that such systems are transparent and auditable, and used to

prevent harm rather than exploit the consumer.
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