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Important notice

This publication has been prepared for general guidance on matters of interest only, and does
not constitute professional advice. You should not act upon the information contained in this
publication without obtaining specific professional advice. To the extent permitted by law,
PricewaterhouseCoopers LLP (“PwC”), its members, employees and agents do not accept or
assume any liability, responsibility or duty of care (other than to its client, Responsible
Gambling Trust) to any person for the preparation of this publication, nor will recipients of
the publication be treated as clients of PwC by virtue of their receiving the publication.
Accordingly to the extent permitted by applicable law, PwC accepts no liability of any kind and
disclaims all responsibility for the consequences of any person acting or refraining to act in
reliance on this publication or for any decisions made or not made which are based upon the
publication.

This publication includes information obtained or derived from a variety of publicly available
sources. PwC has not sought to establish the reliability of these sources or verified such
information. PwC does not give any representation or warranty of any kind (whether express
or implied) as to the accuracy or completeness of this publication. The publication is for
general guidance only and does not constitute investment or any other advice. Accordingly, it
is not intended to form the basis of any investment decisions and does not absolve any third
party from conducting its own due diligence in order to verify its contents. Before making any
decision or taking any action, the recipient should consult a professional adviser.
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1. Key messages from Phase 2

Gamble Aware has commissioned a programme of research aiming to explore the potential
usefulness of industry-held data and behavioural analytics in the remote gambling sector,
primarily to indicate markers of harmful or risky behaviour and then to recommend practical
applications of harm minimisation. Importantly, there is an emphasis on how harmful and
risky behaviour can be mitigated, not just if it can be identified and mitigated.

Phase 2 is part of a three phase programme to achieve this objective. Phase 1 was published in
April 2016 [link] and comprised a literature review and consultation with seven UK-facing
online operators. Phase 2 focuses on whether practical behavioural markers of problem
gambling in a remote context can be identified from data operators have access to. This is an
exploratory phase that illustrates approaches that could be taken to reduce harm in the remote
gambling sector.

For the Phase 2 study we surveyed over 160,000 UK-based customers from four large remote
gambling operators to identify problem gamblers using the PGSI screen, supplemented by
demographic and behavioural questions such as use of multiple online accounts and use of
other gambling products (e.g. retail gaming machines).

The c. 10,000 respondents’ transactional and account data were collected from the operators,
unified into one consistent data set and enriched with over 200 metrics to understand volume,
volatility, value, duration and frequency of play on a daily basis and between days.

Using behavioural analytics techniques we tested a set of hypotheses. The results have
important implications for harm minimisation in the remote gambling industry:

e The remote gambling industry could accurately detect problem gamblers using data
held by operators today, with a refined set of 22 predictive markers used to create a
customer specific risk score

e Demographic markers could be used today to filter some higher risk customers at
account creation

e Behavioural markers (e.g. bet value, day of the week) significantly improve the
precision of predictions and identify more problem gamblers than demographics alone

e Segmenting gamblers by their product and play activity improves predictions further.
This is more accurate than a ‘one size fits all’ approach.

e A risk score can be calculated with 1 week of transactional data. The accuracy of this
risk score builds over time with strong predictive capability within 3-6 months.

e Specific ‘daily triggers’ can complement predictive markers by identifying harmful
behaviour in-the-moment. We have identified 39 daily-triggers allowing operators to
investigate and intervene almost immediately.

e A tailored intervention (e.g. monitor, message, limit, freeze) based on different risk
thresholds could provide a practical approach to balancing hit-rate and precision. This
enables detection and management of gamblers in a risk-appropriate way without
creating a large group of false positives that will create significant costs for operators
to investigate.

Application of this approach in live operator environments would allow a more effective and
automated mechanism for the identification of problem gamblers or behaviour indicative of
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problem gambling. Phase 1 noted that the main method operators currently use to determine
where there is actual or potential harm occurring, such that an operator will limit a customer’s
ability to bet, is through a number of manual review processes such as a conversation with a
trained call centre expert.

Developing a more automated mechanism would also allow more consistent problem gambler
classification and mitigation across the industry, which would be lower cost and reduce the
rate of false negatives i.e. those problem gamblers that go undetected because they rely on a
reaction by the operator such as a call centre alert to be detected.

Furthermore, this approach is not reliant on using self-exclusion as a proxy for problem
gambling, which Phase 1 noted was problematic and our survey results have confirmed: 80%
of self-defined problem gamblers have never used a self-exclusion tool; only 31% of those that
have self-excluded in the past self-define as a problem gambler.

An important caveat is that our survey identified a significant level of multi-site usage which
could be driving some misclassification of risk scores, particularly in what appear to us as low
betting segments — c. 75% of problem gamblers told us they currently use more than one site
to gamble remotely. This suggests that single operator detection systems based on behavioural
analytics have an inherent limitation.

To move forward as an industry, we believe a number of important questions need to be
answered:

e What further steps could be taken to build the industry’s confidence in a model that
identifies problematic play in an automated way?

e How practical would it be for the industry to use these markers day-to-day in an
operational environment?

e What industry interventions can actually change the patterns of play in at-risk players
and therefore reduce harm?

e How can the industry coordinate to apply a common standard to harm minimisation
and avoid the potential commercial disadvantage of being a ‘first-mover’?

e How can the industry address the problems of detection and intervention in a
multi-site environment? What about multi-channel considerations?

We therefore recommend in Phase 3 an approach whereby a group of operators, via a pilot,
test these markers and the approaches developed within an operational environment to refine
and adapt them for ongoing usage while understanding the impact of a range of interventions
on the behaviour of at-risk players.

In parallel the multi-operator usage question should be examined starting with the data
privacy limitations of sharing customer data.

The Phase 3 outcome would be an operational model containing markers that can be adopted
by operators across the industry to detect at-risk customers in a consistent way. In addition, it
will recommend interventions that have been evaluated for their impact on reducing harmful
or risky gambling behaviour, and the practicality of these interventions.



2. Background and context

2.1 Programme context

Consumers have significantly increased the amount of time and money they spend online. So
too has there been a significant increase in the use of the internet to gamble. Remote gambling
has become a major part of the estimated £15bn UK gambling industry®2 accounting for an
estimated 41% share in 2016. The UK market includes lottery, betting on sports and other
events, gaming machines, casino and bingo, all of which can be played via land-based and
remote channels. While remote gambling3 can theoretically use any form of remote
communications device, the predominant method is internet gambling, whether using a
computer, tablet or mobile phone. In particular, gambling using mobile devices has grown
significantly in recent years (now accounting for an estimated 34% of remote gambling) and
has made gambling remotely more easy and accessible than ever.

The harmful effects4 of problematic gambling is recognised as a key issue for the gambling
industry as a whole. Gambling-related harm has been defined “as both personal (e.g. health,
wellbeing, relationships) and economic (e.g. financial) harm that occurs from exceeding one’s
disposable income or disposable leisure time.”s According to the 2010 British Gambling
Prevalence Survey, of the several millions of gamblers in the country, approximately 451,000°
can be classed as problem gamblers.” Online slot machine games are associated with the
second highest proportion of those identified as problem gamblers in Britain (9.1% of all),
second only to pub/club poker (12.8%).” The British prevalence study also found that those
engaging in both online and offline forms of gambling featured higher rates of gambling
involvement and gambling problems than single-mode players.8

To address this growing concern, an improved understanding of the risk factors and the
development of effective mitigants for problematic gambling is particularly important for

1 All H2 Gambling Capital estimates, April 2017

2 Measured by UK player gross gambling revenue 2016; all betting and gaming, land based and
remote.

3 In the UK, the Gambling Act (2005) describes remote gambling as involving the use of remote
communications, including: Internet, telephone, television, radio and any other form of electronic or
technological communication.

4By harms we mean the adverse financial, personal and social consequences to players, their families
and wider social networks that can be caused by uncontrolled gambling. Harm from remote gambling
is reflected in negative consequences resulting from problematic gambling behaviour. Much like its
land-based counterparts, remote gambling harm can include financial distress, psychological
problems, relationship troubles, criminal activity, poor physical health, and employment issues. These
types of harm may be difficult to capture in real-time, but risk factors associated with gambling harm
provide a basis for prompting preventative action before negative outcomes become fully manifest.

5 Blaszczynski AA, Parke A, Parke J, Rigbye J. Operator-Based Approaches to Harm Minimisation in
Gambling: Summary, Review and Future Directions. London, England; 2014.

6 451,000 was the mean estimate of problem gamblers according to valid DSM-IV screening scores of
the population sample.

7 Wardle H, Moody A, Spence S, et al. British Gambling Prevalence Survey 2010. London, England;
2011. d0i:10.1080/14459795.2011.628684.

8 Wardle H, Moody A, Griffiths M, Orford J, Volberg R. Defining the online gambler and patterns of
behaviour integration: evidence from the British Gambling Prevalence Survey 2010. Int Gambl Stud.
2011;11(3):339-356. d0i:10.1080/14459795.2011.628684.

9 Risk factors include all those individual attributes (e.g. pre-existing vulnerabilities) and behaviours
that feature an association with remote gambling harm. Unique characteristics of the online gambling
environment also modify the experience of risk. For example, access, anonymity and isolation are just



remote gambling given its rapid growth. Put simply, risks from gambling include all those
individual attributes (e.g. pre-existing vulnerabilities) and behaviours that act as precursors
to or share an association with remote gambling harm.5° The importance of an effective
method to accurately identify problematic gamblers remotely and determine ways to provide
timely and appropriate support is clear. The ability to generate a detailed understanding of a
customer online, both in terms of player profile and behaviour, and monitor this over time
means the remote gambling industry is potentially well positioned to mitigate or prevent the
harms from problem gambling.

Historically, the UK has been at the forefront of implementing new regulation directed at the
remote gambling market being among the first European countries to regulate its online
gambling industry. Re-regulation of the UK gambling market in 2014 means that all
operators taking bets from a UK-based customer must now possess a UK licence. Until now,
there had yet to be a study commissioned using customer behavioural data from multiple
remote gambling operators serving UK customers to analyse and compare against an objective
measure of problem gambling, and then develop predictive models of risk and harm, which
can be used to test potential mitigating interventions. This is the aim of the research study.

This work has been commissioned by Gamble Aware, formerly the Responsible Gambling
Trust (RGT), and is being led by PwC who are working alongside the Responsible Gambling
Council of Canada (RGC). In addition this work is made possible by the cooperation of some
of the UK’s leading remote gambling operators with access to a large group of UK-based
customers and their anonymous play and account data.

The purpose of this document is to introduce the project and provide an interim update at the
end of Phase 2. We also give recommendations for a next phase of the programme, Phase 3.

2.2 Programme objectives and approach

Gamble Aware has commissioned a programme of research aiming to explore the potential
usefulness of industry-held data and behavioural analytics in the remote gambling sector,
primarily to indicate markers and patterns of harmful or risky behaviour and then to
recommend practical applications of harm minimisation. Importantly, there is an emphasis
on how harmful and risky behaviour can be mitigated, not just if it can be identified and
mitigated.

Following initial discussions between PwC, Gamble Aware, and the RGC on how to meet this
aim, an approach towards a set of specific project objectives was agreed upon. For greater
industry insight, representatives of organisations that account for the majority of the UK
remote gambling industry were also consulted.

The programme is divided into three phases of work. The aim is that each phase contributes
something meaningful to the understanding of harm minimisation online, and that they

some of the inherent characteristics of remote gambling that set it apart from many non-remote forms
of gambling (e.g. land-based casino games).

1o Braverman J, Shaffer HJ. How do gamblers start gambling: Identifying behavioural markers for
high-risk internet gambling. Eur J Public Health. 2012;22(2):273-278. doi:10.1093/eurpub/ckp232.

1 “Up to October 2014, overseas operators did not require a Gambling Commission licence to supply
gambling services to GB customers. From 1 November 2014, when the Gambling (Licensing and
Advertising) Act came into force, all operators supplying gambling services to GB customers have had
to be licensed by the Commission.” UK Gambling Commission.



cumulatively build towards practical applications that can reduce harm in remote gambling in
the UK.

The overall programme objectives and design are outlined below, including the key outcomes
of Phase 1, which was completed and published in 2016 [link]. Further detail on Phase 2
objectives, method and rationale for key methodological approaches are included in a later
separate section.

Phase 1 synthesised the latest thinking on harm from problematic behaviour in remote
gambling through a literature review and consultation with leading remote gambling
operators; and then recommended an approach for Phase 2. The intention was that Phase 1
established a baseline of the latest research and understanding of responsible gambling, and
a clear view of the current approaches used by major operators and some themes of any best
practice observed.

Phase 1 Objectives Approach
(1) = Determine the markers of remote gambling + Consolidate the latest research on problem
risk and harm to help the design and gambling and specifically review the markers of
completion of data analysis in Phase 2 problematic behaviour
Literature = Determine how remote gambling risk and » Review what products and solutions are currently
N harm is best mitigated to help the available
development and testing of potential + Capture the outputs in the Phase 1 deliverable

interventions in Phase 3
= Review commercial behavioural analytics
tools currently used for harm minimisation

(2] = Document the markers used by each operator -+ Engage with 6-8 operators via a > day working
to signal potential problematic play session with each
= Understand operator approaches, processes + Develop a standardised set of objectives and
Operator and controls to minimise harm questions to cover with all operators
consultation = Establish the potential for involvement of + Capture the outputs in the Phase 1 deliverable

operators in Phase 2

(3] = Recommend the objectives, approach and + Consolidate insights from Phase 1 and use to
methodology for Phase 2 to achieve the recommend objectives and approach for Phase 2
Recommended overall project aim of “informing practical
Phase 2 applications of harm minimisation for

remote gambling operators serving British
consumers”

Figure 1: Programme objectives and approach summary (Phase 1)

Phase 1, which was published in April 2016 [link], undertook a literature review and
consultation of seven UK-facing online operators. This provided:

e A review of behavioural markers that are predictive of risk of harm when gambling
remotely, and a framework to assess them

e A comparison of operator definitions of remote gambling-related risk of harm, the
markers used to identify potentially harmful play, and the processes used for
monitoring problem gambling behaviour

In summary, the literature review established that a significant number of behavioural
markers can be used to predict risk of harm, many of which are likely to be tracked by remote
gambling operators and potentially available for analysis. It found that a few attempts to
develop predictive models, or algorithms, of remote gambling risk among online players have
been made, many of which use behavioural markers such as self-exclusion or account closure
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to approximate harm. However, it is rare that samples of remote gamblers have received
validated problem gambling screening assessments, such as the Problem Gambling Severity
Index (PGSI) to make a determination of harm and risk of harm.®2 It is rarer still to integrate
behavioural data with survey data that asks gamblers the games they play, the number of sites
they visit, and their online and land-based gambling habits - information not regularly
captured by remote gambling operators. It found that a further limitation of current
algorithms is their inability to capture gambling behaviour beyond a single site, despite many
players holding several remote gambling accounts.

The Phase 1 literature review summarised that these gaps represent a distinct opportunity to
advance the field of predictive modelling by developing and testing a framework incorporating
valid and reliable variables from past works, related survey data as well as risk markers that
have yet to be applied to a large industry-held behavioural dataset of remote gamblers. In
conjunction with findings from survey analysis of sampled account holders across
participating operators, it concluded that such a study would go a long way to confirming or
disconfirming the findings that have predominantly been derived from one operator’s dataset
(i.e. bwin) dating back almost a decade.

In terms of minimising harm, the literature review found that certain restrictions imposed
upon remote gamblers appear to be able to reduce the amount of losses incurred by risky play.
However, with many of these interventions, it remains unclear to what extent these behaviour
changes translate to a reduction of harm and to what extent the effects of these interventions
will endure.

The Phase 1 review of the approaches of seven leading operators summarised that remote
gambling operators vary widely in the behavioural markers they monitor for problematic play,
their approaches to determine the existence of harmful play, and the interventions used to
minimise harm once it is thought to have been detected.

This Phase 2 report should be read in conjunction with the Phase 1 report [link] for the full
context.

Phase 2, which commenced in March 2016 and is now complete, is the focus of this
document. Phase 2’s purpose is to test the hypothesis that analytics models can be used to
identify markers using operator data. Phase 2 aims to develop and validate markers which are
predictive of online problem gambling behaviour using online customer activity and account
information, and to illustrate approaches that could be taken to reduce harm in the remote
gambling sector. An online survey of UK remote gambling customers is used together with an
analysis of industry held data on the respondents’ account and play behaviour to determine
markers of risk of harm. Therefore Phase 2 serves as an analytical exploration of markers of
problem gambling in a remote environment.

12 Ferris J, Wynne H. The Canadian Problem Gambling Index: Final Report. Ottawa, Ontario; 2001.


http://about.gambleaware.org/media/1271/rgt-remote-gambling-research_pwc-phase-i_final.pdf

Objectives Approach

« Identify customers at varying levels of risk for » PwC will survey UK customers of remote
gambling related problems and gather gambling operators to identify a cohort of
contextual markers of problematic behaviour problem gamblers and a cohort of lower risk

customers. A Problem Gambling Severity Index
(PGSI) screen will be used

+ The online survey will be hosted by PwC and the
results will not be shared with the operator
« Customer names will not be requested at any

stage
» Match customers’ survey data with account » PwC will compare customer account and play
el e data to identify markers in playing patterns of behaviour data with survey responses to identify
industrv-held problem gambling patterns of markers that are predictive of problem
. gambling

data « PwC will test the ability of these markers to

accurately detect potential problem gamblers

Figure 2: Programme objectives and approach summary (Phase 2)

Phase 3 has the overarching objective of developing and testing a set of interventions to
target at-risk individuals.

Phase 3 High level objectives

(6 - Combine insights from the literature [ 7} » Understand the potential effectiveness
review and operator consultation with of the developed interventions to alter
focus group feedback to develop Intervention problem gambling behaviour
effective interventions for testing testing

Figure 3: Programme objectives and approach summary (Phase 3)

Phase 3 aims to build a predictive model that can be piloted in day-to-day customer
operations, thereby allowing the testing of markers as well as refining their predictive power
in a real world environment, rather than in a research environment. At the end of this phase a
proven set of markers will be presented underpinned by a predictive model which can be
deployed in operators’ responsible gambling customer contact teams to help prioritise and
define appropriate interventions.

For more detail on the recommended approach to a Phase 3 see section 10, ‘Recommendations
for Phase 3’

We now introduce the key parties involved in this programme of research before going into
more detail on Phase 2.

2.3 Key parties

Following a competitive tender process launched by Gamble Aware, in July 2015 PwC, working
with the Responsible Gambling Council of Canada, was selected to lead and coordinate this
project. PwC and the Responsible Gambling Council of Canada, alongside several gambling
operators, were brought together in order to most effectively leverage each organisation’s
expertise. We see this collaborative approach as a fundamental strength of this research
project and something which will most effectively accomplish its intended aims.

Gamble Aware is the leading charity in Britain committed to minimising gambling-related
harm. As an independent national charity funded by donations from the gambling industry,



RGT funds education, prevention and treatment services and commissions research to
broaden public understanding of gambling-related harm. The aim is to stop people getting
into problems with their gambling, and ensure those that do develop problems receive fast and
effective treatment and support. Gamble Aware has commissioned this work.

PwC is aleading global professional services firm with extensive experience within the gaming
and betting sector. PwC has invested heavily in developing leading data analytics capabilities.
This combination of expertise means that PwC is coordinating consultation with operators,
designing and running all data analytics and is responsible for managing the project.

The Responsible Gambling Council (RGC) is a Canadian-based research group dedicated
to minimising the occurrence of problem gambling. The RGC acts to increase public
knowledge of problem gambling issues, promote the adoption of improved play safeguards
and foster dialogues between affected individuals, operators, policy makers, regulators and
treatment professionals. The RGC is supporting PwC on issues specific to problem gambling
and its harms and completed the literature review in Phase 1.

Leading operators serving UK-based customers with remote gambling products are
involved to leverage their existing experience and access to data and customers that are crucial
for completing this project’s aims. In Phase 1 there was significant involvement from Bet365,
Betfair and Paddy Power (who have since merged), Gala Coral Group and Ladbrokes (who
have also since merged), Sky Betting & Gaming, and Unibet (now called Kindred). Collectively
this group accounts for the majority of the UK remote gambling market in terms of market
share of GGR and coverage of key remote gambling products. Lottery is the only major market
vertical which has been intentionally excluded; it is estimated that less than 23% of the UK
market for lottery products is mediated by remote channels.

In Phase 2 operator data and access to customers was provided by Bet365, Ladbrokes, Sky
Betting & Gaming, and also William Hill who we did not interview in Phase 1.



3. Phase 2 introduction

3.1  Phase 2 objectives

As described in the programme context above, Phase 2 is part of a larger programme working
towards defining practical markers of problem gambling to trigger effective interventions
across the remote gambling industry. Phase 2 is the identification phase of this programme
with the objective of utilising available operator data to identify markers that could be
predictive of problem gambling, and therefore where harm is occurring. To achieve this we
built Phase 2 analysis around a set of key questions:

e Can remote problem gamblers be identified by their online transactional behaviour?

e How soon can operators identify remote problem gamblers in their customer life-
cycle?

e Do markers of remote problem gambling vary for different groups of customers?

e Could operators identify a remote problem gambler ‘in-the-moment’?

e What markers are practical to implement online, especially given the level of false
positives for those predicted as remote problem gamblers?

This phase serves to identify markers that are indicative of where problem gambling is
occurring in a remote context. The markers identified in Phase 2 will demonstrate where
utilising operator held data and behavioural analytics could aid problem gambling detection
and effective harm minimising intervention, with a Phase 3 testing the predictiveness and
practicality of markers in operational environments. By operational environments, we mean
the day-to-day operations of a remote bookmaker where betting patterns are analysed in-the-
moment, and there are multiple potential points of interaction with customers (e.g. email, text,
call centre, pop-ups). Given this multi-phase approach we expect markers to be adapted and
refined during a Phase 3 to achieve the overarching objective of the programme.

We now explain a number of design principles and an overview of the approach. After this, the
report provides a more detailed description of the Phase 2 method, results and limitations,
before recommending next steps for a Phase 3 which would complete the overall programme.

3.2 Phase 2 design principles

In designing the Phase 2 approach we adopted some key design principles, which were
developed through the literature review and operator consultation in Phase 1:

1. Problem gambler identification using PGSI

Phase 1 noted the wide range of problematic gambling detection techniques used by operators
and the challenges they face in doing this. For example, according to gambling operators,
customers who self-exclude do so for a variety of reasons, not just due to actual or potential
problem gambling. Therefore to create a clean data set that was not impacted by operators’
existing detection practices we designed an approach using a Problem Gambling Severity
Index (PGSI) surveys. In line with standard practice we used a self-reported score of 8 or more
to define ‘problem gambling’. As our objective was to define markers of harm in player
behaviour that can be detected in operators’ data, customers with a self-reported score of 8+

13 Ferris, J., & Wynne, H. (2001). The Canadian problem gambling index: Final report. Submitted for
the Canadian Centre on Substance Abuse.



were the main focus of analysis. This is because ‘problem gamblers’ are the most likely to be
experiencing harm.

A limitation of the PGSI is that it does not discriminate between channels of play, i.e. online,
betting shop, and casino inter alia. The focus of this research is remote play, and there is a risk
that when customers are answering the PGSI, they are considering all gambling forms. We
asked customers to only consider their online play when answering the survey in order to
mitigate this risk but accept the inherent limitation.

2. Multiple operator selection

The second design principle was to work with large UK-facing operators, ideally covering the
major online verticals of sports betting, gaming, bingo and poker. All operators introduced to
us in Phase 1, as well as William Hill, were given the opportunity to participate in this phase
of the research. The requirement on them was to provide access to customers to survey, and
the transactional data of those that responded. Four operators volunteered to participate,
which was more than we had expected. We planned the survey and project logistics to enable
all of them to do so — with the rationale that such a large sample and wide market coverage
would help develop identification markers that the industry would be more likely to adopt,
and therefore implement in order to reduce harm. These four operators were Bet365,
Ladbrokes (now part of Ladbrokes Coral), Sky Betting & Gaming, and William Hill.

As well as covering a large share of UK remote gambling GGR4, the four operators also
ensured a good coverage of the key product verticals: sports betting, casino and bingo. We also
explored the potential to use a major poker brand in our sample but this was not possible, so
this product vertical was not covered.

The four operators represent both the ‘pure-play’ online operators, Bet365 and Sky Betting &
Gaming, as well as established land-based operators who have since added a strong online
proposition to their business, Ladbrokes and William Hill. Having this mixed coverage was an
additional benefit of expanding the project to include all four, and therefore be more
representative of the UK remote gambling market.

3. Customer survey

We constructed a survey, comprising the PGSI as well as demographic and other behavioural
questions, and targeted ~160,000 UK-based online customers across the four operators to
ensure a large training data set. We targeted active customers who made more than one
deposit and five bets in the last 12 months. Other than this, the only other selection criteria
were that the customer was based in the United Kingdom and that there was a means of email
contact. Within these parameters operators were asked to randomly select customers. The
intentional bias in the profile was selected to ensure that we had a large enough sample of
customers with a betting pattern consistent with being a problem gambler, and enough
customers responding to the PGSI survey in the high-risk groups to make product (i.e. bingo,
betting, gaming) and other segmented analysis viable. Given that population studies estimate
the prevalence of problem gambling to be c. <1%, this approach was chosen to balance the
expectation on operators of how many customers to email with collecting a large enough

14 For games in which the operator accepts risk, gross gambling revenue (GGR) is defined as stakes
less winnings; for games in which the operator accepts no risk, gross gambling revenue is the revenue
that accrues to the operator (e.g. commission or equivalent charges)

10



sample. We believed that we were unlikely to eliminate potential problem gamblers’ main or
active accounts from the survey with these selection criteria.

A prize draw to win one of ten iPads was offered as an incentive to customers to complete the
survey. Response rates are typically low on large online surveys and the rationale of including
a prize draw was to ensure we had a sufficient sample to work with.

In order to check for any response bias in the survey, we planned to collect data on some
selected fields for each operators’ total UK customer base, to then compare against the survey
respondents.

4. Privacy

To respect privacy of customer data and PGSI self-reported scores there was no identification
of customer names or addresses at any stage of the research. Customers’ survey responses
were marked with a unique identifier which we then provided to the operators. This was used
to extract account and transaction data that was then returned, and which could be linked to
survey data by PwC. This link was not available to operators so they are unaware of any
customers’ PGSI score. One limitation of this discussed later is the inability to link play
between operators in our analysis. In addition to data protection considerations, one reason
for this principle was one of practicality, customers were considered to be more likely to
respond to a sensitive survey about gambling problems if they knew it was anonymous.

We also ensured that no data were shared between operators and that insights were not
reported by-operator, but rather as an industry collective.

5. Data collection aligned to Phase 1 markers

Using Phase 1 [link], we identified a taxonomy of markers established in the literature as being
helpful in detecting problem gambling. We also considered approaches used by operators. This
guided the data we requested and the variables we sought to analyse.

Betting Customer
behaviour services

Operator data: Game behaviour  Betting behaviour Win/loss behaviour Deposit behaviour ‘Withdrawal behaviour Customer services
« Timeasa customer * Mix of games played + Frequency of bet days + Value & volume of losses « Deposit value * Average withdrawal value * Frequency of contact
+ Customer age + Dayof the week + Value & volume of wins + Frequency of deposits + Frequency of withdrawals - Typeof contact
+ Gender + Timeofday + Frequency of losses + Volume of deposits + Volume of withdrawals

« Session times « Frequency of wins + Variation of depositvalues + Frequency &value of cancelled
n T . + Bet volume + Spread of wins * Variation of deposit frequency withdrawals
F%fﬁ?:ﬁifussu“e“ data: + Dailybet amount + Time between wins « Frequency svaaof fa%PdHPPDSHS
. '\.“mbemfd?p?nd?ms + Betvalue * Average betting odds + Time between deposits

Eo e « Timebetween bets « Net position
mployment status  Winining days

* Occupation

+ Bet behaviour split by game + Use of protection tools

Figure 4: Marker taxonomy used for data collection

Based on this taxonomy (see Figure 4) we requested transactional betting behaviour, account
behaviour and customer services contact behaviour across all four operators on all customers
who responded to the PGSI survey.
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In some cases, data fields in this taxonomy we knew were not collected by operators, e.g.
employment status. However we sought to collect these sorts of demographic data to see if
broader demographic markers could be a useful way of minimising harm at the point of
opening an account. We therefore added basic demographic markers to our survey,
recognising the limitation that as data is collected today, these would not be directly
implementable but could be collected in the future — albeit with the challenge that customers
may not want to give this information away and it can change over time, e.g. marital status.

6. Utilising operator data common to all

As reported in Phase 1, methods of problem gambler identification vary between operators.
Likewise, account and play data collected by operators vary too. However, there is significant
commonality in the core account and play data collected by operators. Sometimes this is
because it is a regulatory requirement and sometimes this is because the same or similar
technology systems are used to collect and store data.

The objective of identifying practical markers that could be used across the industry meant we
used multiple operators not only to get a good sample size, but also to ensure we covered
different types of data profiles where they exist. We designed the data transformation in such
a way that we would build markers using data common across these major operators, and not
use data unique to a sub-set. The rationale for this is to develop markers that are
implementable across the industry. Given that the collective market share of the four operators
is a significant proportion of the UK market, and that Phase 1 consultation revealed that a core
set of data is fairly standard across the industry, we are comfortable that the dataset used in
our analysis will identify markers that are practical to implement across the industry. If we
had used one operator dataset, we may have had access to more data than other operators
collect therefore making the markers impractical to implement.

One consequence of this principle is that the data were aggregated to daily summaries rather
than intra-session summaries (e.g. between each account log-in and log-out) because not all
operators were able to provide intra-day data. However, because the time of play had been
identified in Phase 1 as a useful marker of problematic play we did relax this principle to
investigate this hypothesis for the data available. The same was true for the incomplete data
made available for the use of protection tools.

Therefore in this study we have primarily focused on data that all four operators could provide.
This principle enhances the probability that we identify markers that can be used by the wider
industry but we do accept this may lead to not all available data being used or all possible
markers being identified. Further data considerations are detailed in the method section.

7. Considering the customer ‘life-cycle’

Our surveyed PGSI score is for a single point in time not across the history of a customer’s
gambling life time so there is no indicator of when a customer became a problem gambler. In
general there are challenges with a full ‘life-cycle’ understanding of gambling behaviour, not
least because of the range of channels a player can use (i.e. remote vs. Licensed Betting Office
and other), the multiple operators licensed in the UK (not to mention the potential of
unlicensed operators), and the long period over which play may have happened.

A single reading of a customers’ PGSI at a point in time is a limitation of the scope and time
available to do this study. Having said that, even with multiple PGSI readings, the limitations
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above would have made a full and dynamic understanding of play behaviour and risk
challenging. For example, in Phase 1 the operator interviews highlighted that many customers
have multiple operator accounts but due to privacy we were unable to link accounts.

We concluded that with the time limitation of this study, meaningfully tracking transition from
non-problem gambler to problem gambler PGSI score was not going to be feasible. We
therefore designed our approach in such a way to get a wider understanding of customer life-
cycles where possible and identify markers during three states. These were chosen to reflect
the customer lifecycle observed by a single operator and the data that they actually have
available to them. These states are:

e On-entry — when a customer opens an account
e Over time — how a customer profile of behaviour builds over time
e In-the-moment — when problematic behaviour occurs during a single day

These states enable us to test markers across the taxonomy and the usefulness of static data
(e.g. gender), and dynamic data (e.g. losses in previous day) to identify problem gamblers.
Furthermore, if we can identify ‘in-the-moment markers’ of problem gambling these can act
as triggers for intervention that will reflect the moment a customer exhibits problem gambling
behaviour so interventions can be taken as quickly as possible.

8. Segmentation of players

As the scope of our approach covers multiple game types and multiple operators we start with
the assumption that markers of play and account behaviour could vary significantly across
customers. From our experience of this sector we also know that play behaviour can vary
significantly between different types of customers, even within the same product and spend
level, e.g. £100 staked a week on football bets. For example, one customer may be placing one
bet on a match for a team to win. Another may be placing twenty bets on different matches in
different countries, played throughout the week and at different times. A generalised approach
across the total data set would also mask unique markers generated by e.g. sports betting
versus casino gaming play. To avoid such a one size fits approach we incorporated customer
segmentation, so representative analysis can be undertaken for each segment.

9. Testing of the PGSI as a proxy for problem gambling

Any self-reporting survey must be interpreted in that context, however, we used the PGSI due
to its previous validation as a reliable proxy for problem gambling and the potential to screen
a high volume of customers.

However, the PGSI is not generally used by operators to test where they suspect a customer is
at risk. We learned in Phase 1 that the main method operators use to determine where there is
an actual or potential harm occurring is through a number of manual review processes, such
as a conversation with a trained call centre expert, complemented by a review of information
from public sources, such as investigating a customer’s lifestyle and employment status via
Facebook and LinkedIn. This can then be used to take preventative action, for example to
freeze an account. Automated analytical processes, where used at all, are often just the start of
an operator’s processes to investigate a customer.

Due to the privacy principle and the resources available, we recognised that we were unable to
investigate a self-reported problem gambler in the same way that operators typically would,
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and therefore it would not be possible in this study to directly compare the self-reported PGSI
scores with customers identified as at risk by the operators. To complement previous research
validating the PGSI as a useful tool, and to build operator confidence in our findings, we
wanted to explore the validity of using the markers of harm identified using a self-reporting
PGSI screen on those customers verified as problem gamblers by the operators (so called
operator identified problem gamblers). In this context we mean a customer where an operator
has completed sufficiently thorough investigations (which often means manual processes
completed by an expert) that a player is ‘frozen’ or the account is closed. The rationale for this
is to help the adoption and implementation of these findings in the industry.

10. Practical interventions

Behavioural analytics has to be accurate in order to be practical within an operational
environment, where each prediction will lead to a range of interventions which generate
significant potential costs for the operators. Therefore there is an inherent trade-off between
highly precise model predictions and the need to effectively identify the largest population of
problem gamblers as possible. Therefore we designed an approach which would create a model
assigning a ‘risk score’ for customers. This risk score rates any players’ likelihood to be a
problem gambler and in an operational environment one can imagine the benefits of having
problem gamblers identified in such a way. For example above certain thresholds one might
be confident enough to freeze and close an account straight away. Lower risk scores might
merit a recommendation to use a protection tool such as time or spend limits. To illustrate
these trade-offs we examined different illustrative thresholds of risk, with different model
accuracy and sensitivity profiles.

To test how predictability can be improved and false positive rates reduced while identifying
the largest proportion of problem gamblers, we also combined such an approach to predictive
modelling and threshold setting with customer segmentation as noted above.

These design principles define the approach we have taken, which is described in the next
section.
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4. Phase 2 approach

Phase 2 comprised of five stages. In this section we provide an overview of the approach before
describing in more detail the method of each of these stages in turn, including the rationale
for key methodological choices not covered by one of the design principles described earlier.

Recruit Survey Linkbetting Identify Test Consider
operators customers behaviour markers markers nextsteps

1. Operator recruitment

Gambling operators from Phase 1 were invited to participate in the Phase 2 study. Operators
were required to provide access to customers to be surveyed and for those that responded,
their associated historical betting and account behaviour. Four operators participated in this
study (Bet365, Ladbrokes, Sky Betting & Gaming, and William Hill).

2. Customer survey

Phase 1 identified that online customers who self-exclude do this for a variety of reasons, not
just to minimise harm from problem gambling. We therefore chose to use a self-reported
measure of remote problem gambling via the Problem Gambling Severity Index (PGSI) to
identify groups of problem and non-problem gamblers to analyse.

The customer survey was distributed to ~160,000 UK-based customers that were active with
the four operators. By surveying the operators’ customer bases we were able to identify a large
sample of self-reported problem gamblers to act as a training dataset.

3. Link to operator data

Phase 1 identified a taxonomy of markers that are considered to be helpful to identify problem
gamblers. This taxonomy identified four areas where behavioural analytics could be relevant,
which was the focus of the data request. These areas are demographic data, transactional play
data, account data and customer contact data. The results from the customer survey were then
linked to a consistent set of operator data from multiple products (betting, casino and bingo)
and from across the four operators. No linking of customers across operators could be
undertaken to protect privacy. Furthermore, no identification of individual gamblers was
provided to maintain anonymity.

This resulted in a marker detection dataset used in Stage 4.
4. Marker detection

Predictive models were built to identify markers of remote problem gambling using the
acknowledged definition of a PGSI 8+ self-reported score. This stage explored the data profiles
of problem gamblers and non-problem gamblers to identify a range of markers that
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discriminate between the two. This provides a method of risk scoring customers according to
the multivariate strength of association between observed markers and problem gambling.
This approach is focused on detecting markers for the on-entry (i.e. before a bet is placed) and
over time (i.e. as a transactional behaviour is observed) customer lifecycle states.

As this data set includes three different game types and customers who gamble in different
patterns we used a segmentation method to group customers into segments that behave in a
similar way. This segmentation approach is used to focus the models on the segments that
have high instances of problem gambling and tailor risk thresholds to their different profiles
to determine if false positive rates could be improved.

To enable intervention in-the-moment a micro-clustering approach is used to identify unique
patterns of play for individual days that are only associated with problem gamblers. These
markers can act as intervention triggers that can react to play in real time regardless of
historical play data.

5. Marker testing

A design principle of the present study is to maintain customer anonymity. We were therefore
not able to contact self-reported problem gamblers and assess the validity of their self-
assessment in the same way that operators typically would. To build confidence in the industry
that the markers of harm identified in this study using PGSI are transferrable to those
identified through internal operator verification, we planned to test the markers against a set
of ‘operator identified problem gamblers’ identified by the operators’ responsible gambling
teams using manual methods e.g. speaking to trained experts in call centres. The final stage
was therefore to test the predictiveness of the markers identified in stage 4 against a new set
of operator identified problem gamblers provided as an additional dataset by the operators.

This was undertaken by placing a representative group of operator identified problem
gamblers within a sample of approximately 1000 customers to test the effectiveness of the
markers at identifying them as high risk of problem gambling. This step was intended to test
if the small number of problem gamblers identified by the lengthy and manual processes often
used by operators could be identified by our markers in a more automated and consistent way.

The methods deployed in this study underpin the design principles and rationale described in
the Phase 2 approach. The method of Phase 2 stages 1 to 5 are now taken in turn.
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5. Method

5.1  Operator recruitment

All operators who participated in Phase 1 were asked to participate in Phase 2, in addition to
William Hill. As discussed in the design principles we planned for multiple operators to be
recruited and achieved this with four operators that represent a mix of operators with pure
online and mixed retail / online customer bases, with customer activity across the three
gaming types we had targeted. We excluded poker due to data accessibility issues.

The requirement was to provide access to a proportion of their customer base to undertake an
online survey, provide data for survey respondents, and provide additional customer data for
the marker testing. The four operators that volunteered all required customer privacy controls
and accepted the results of the survey would not be shared with them. To maintain privacy
unique matching codes were used to identify customers and each operator contacted their
customers via email directly with a unique link to a survey which was completed on a PwC
hosted survey capture system.

5.2 Customer survey
Survey objectives and questions

Between April and May 2016, a 12-question survey was distributed online to over 160,000
active UK-based customers across the four online gambling operators: Bet365, Ladbrokes, Sky
Betting & Gaming, and William Hill. A prize draw of ten iPads was offered as an incentive to
respond.

Active customers were defined as having made >1 deposit and >5 transactions in the last 12
months, and required to have a valid and active email address. The sample was explicitly
skewed to avoid very infrequent bettors and increase the proportion of problem gamblers. This
was important for the present study to strengthen the signal from markers of remote problem
gambling. However, the findings on problem gambling prevalence are not generalisable to the
larger population of online gamblers.

The survey comprised a set of demographic questions e.g. marital status, number of children,
employment status, and occupational group; and behavioural questions e.g. time spent
gambling, number of sites used, use of safeguards, types of online and offline gambling
activities and concerns about their gambling behaviour (see Appendix 1 for questions from the
customer survey).

The survey also included 9 questions from the Problem Gambling Severity Index (PGSI; see
Appendix 1, Q10)%. For example, “Have you bet more than you could really afford to lose?”
Questions are scored on a 4-point scale: Never (0), Sometimes (1), Most of the time (2) and
Almost always (3). Responses to the questions are summed to calculate an index score from 0
to 27, which is categorised as: non-problem gambler (0), low risk (1-2), moderate risk (3-7)
and problem gambler (8+). Throughout this report the term ‘problem gambler’ will be used to
describe customers that scored 8 or more on the PGSI self-reported screen. The PGSI is a
general screen used to identify problem gamblers, however for the present study the question

15 Ferris, J., & Wynne, H. (2001). The Canadian problem gambling index: final report. Submitted for
the Canadian Centre on Substance Abuse.

17



was framed for customers to consider their online gambling only, and the effect that it has on
the individual, their finances and their household over the last 12 months.

Survey response

A total of 10,635 responses were collected, for a 6.5% response rate. Of those respondents,
3947 (37.1%) were classified as non-problem gamblers, 3610 (33.9%) were low risk, 2403
(22.6%) were moderate risk and 675 (6.3%) self-reported as problem gamblers with a score of
8 or more.

Whilst the response rate is reasonable compared to typical online surveys, unknown biases
have to be accepted as a potential limitation. We examined the representativeness of the
survey respondents against four summaries of the overall UK-based online customers
provided by the operators: annual bet volumes, games played, gender and age. These were
chosen to cover the two key player profile attributes consistently held by operators and two
important behavioural dimensions, product usage, which varies widely across the player
population, and bet volumes, which is a general proxy for betting activity and also varies
widely.

As we only surveyed active customers we observed a much greater proportion of customers in
our sample that place >100 bets per year (76%), compared to the overall population across the
four operators (64%)°. As a result there is also an over-representation of gaming products,
which are characterised by higher betting volumes but for lower value stakes, with 49% of the
sample having played casino games at least once in the last year compared to 14% in the
operator populations. One explanation is that our customer criteria will have filtered out the
large number of customers who may create an account to bet on a high-profile sporting fixture
such as the World Cup or Grand National, but never play again. This sort of infrequent
customer is less prevalent in casino gaming.

There is also a slightly increased proportion of male respondents (88%) than is observed in
the operator populations (83%), and an under-representation of customers between 18 to 29
years of age (21% vs. 35% in the operator populations).

We can accommodate the above in our approach by our segmentation which deals with
product bias, and the fact that we intentionally selected more active gamblers to increase the
sample of potential problem gamblers.

Observations of survey data

In the survey we asked additional questions about play activity to test the design principle that
using single operator datasets cannot be used to provide a complete picture of gambling
behaviour either over time or at one point in time.

We asked two questions to identify if problem gamblers have a significant difference in multi-
operator online betting and retail betting behaviour:

Q3) How many online gambling sites do you currently gamble with?

16 Not all operators provided complete data or raw frequencies of gamblers. These figures are
approximations from the representative operator data provided.
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There is a greater proportion of problem gamblers (PGSI 8+) that use multiple online betting
accounts 76% compared to 52% for non-problem gamblers (PGSI 0).

Q12a) Thinking outside of your online gambling, what forms of gambling activities have
you taken part in on the high street, in betting shops, in casinos or other retail
premises in the last 12 months?

There is a greater proportion of problem gamblers that gamble in retail premises 80%
compared to 64% for non-problem gamblers.

It should be noted that with such a large proportion of problem gamblers using multiple
operators online and using a mix of online and retail we will not have access to their full play
activity. This has implications for single operator detection systems, which we will discuss in
the results section.

5.3  Link to operator data

For each of the 10,635 customers surveyed we linked their survey results to their associated
customer data, collected from the same operator over a two year period between May 2014
and April 2016. This included customer details (unique ID, age, account start date, and
gender), use of protection tools (the tool used), every bet placed (the date and time, game
played, stake placed and amount returned), and every account activity (deposit or withdrawal
made, the date and time, and the amount) during the period. The data provided by the four
operators was combined into a unified dataset, which retained the anonymity of the individual
customers.

However, there was variation between operators in the way in which the data were recorded
and stored, notably:

e One operator only provided summarised transaction data at a daily level. These
included the total number of bets placed, the total amount staked and total returns. No
minimum or maximum stakes or returns were available and no time-specific data was
available. To create a unified dataset, individual bet data was summarised at the daily
level for all operators. Time-banded information was included for illustrative purposes
in the predictive modelling.

e Two operators did not provide information about the use of protection tools such as
time or bet limits. The importance of these as markers could therefore not be
adequately addressed in the present study. Use of protection tools where available was
included for illustrative purposes in the predictive modelling.

e Operators’ linked customer services data e.g. frequency or type of contact, were not
consistently available. During Phase 1 the operators consistently identified frequency
and type of customer contact as a marker of problem gambling. Given the importance
of this missing data we undertook a manual review of problem gamblers with one
operator to examine problem gamblers’ customer contact details. The results can be
found in Appendix 2 which does confirm that customer contact would be a relevant
marker. However, operators in this study do not have access to this data in a format
that can be used in behavioural analytics so we have to exclude it from this analysis.

The unified data set was then transformed into over 200 features that covered the elements
set out in the design principles taxonomy. Each element of the taxonomy had associated
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markers and measures which are set out in Appendix 3. The markers examined play behaviour
around frequency, volume, volatility, duration, session time of day and gaps between play. The
markers also focused on deposit, win, loss and withdrawal values. This provides a
comprehensive demographic, account and play behavioural marker detection data set on a
daily basis.

Our objective was to utilise data available to operators so given the limitations of the data the
marker detection data set represents data available to all operators rather than the best data
available from some operators.

However, we did include four demographic markers (occupation, marital status, number of
children and employment) collected during the survey but not presently held by operators —
to test if this type of data would add to the predictiveness of demographic data and so may be
something they should collect on account creation to help early identification of potential at-
risk customers. Likewise, time-banded information and use of protection tools are either not
adequately recorded by all operators or were not provided for the present study. These were
included in the analyses but their importance as markers could not be adequately addressed.
We have presented the results including and excluding these sources of data to examine their
importance while maintaining the principle that we develop markers with data available to all
operators to improve the chances of wider industry adoption.

In the respondent sample 26% of respondents joined an operator within the two year data
sample duration and 16% in the last year. In our data collection criteria we didn’t exclude new
joiners as this is an important part of the customer lifecycle states we plan to analyse. However
it does mean we have two years of data for 74% of customers.

5.4  Marker detection
5.4.1. Overview

An exploration of predictive markers and approaches that could be taken to reduce harm for
remote problem gamblers were then assessed along the six steps outlined below. These focus
on how potentially harmful gambling behaviour can be mitigated at different stages of the
customer life-cycle: on-entry, over time, and in-the-moment.

@ ________________________ @ ......................... @@ @ @

Analysis of Analysis of Segmenting Customising Optimising
demographic behavioural customers into markers for each classification of
markers summary markers gambling profiles gambling profile problem gamblers

Identifying
daily triggers

There were three main components to the analyses that underpinned these 6 marker detection
steps:

¢ Customer segmentation — used to group customers according to their patterns of play

e Predictive modelling — used to identify markers that are available on-entry or observed
over time that discriminate between problem gamblers and non-problem gamblers

e Micro-clustering — used to identify daily triggers, or rules for intervening in-the-
moment as harmful behaviour observed
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5.4.2. Customer segmentation

As the scope of the present study covers multiple game types and multiple operators one of
the design principles was to include a customer segmentation approach. This allows distinct
patterns of similar betting behaviours to be detected across customers and a differentiated
approach to marker detection adopted between segments that account for these distinct
patterns.

Data preparation

Customer segmentation was conducted by statistical clustering on summarised betting
behaviour. The focus was on identifying patterns of betting behaviour for existing customers
across a comparable set of metrics and time period. For the purpose of this analysis, existing
customers were defined as those having at least 12 months of betting data (n=8,672). This
results in the removal of 1,063 new customers that have less than 12 months of betting data
(16% compared to 26% of customers using 24 months of betting data). Betting data was
summarised over the most recent 12 month period (May 2015- April 2016).

The approach was refined to six key betting and account behaviours:

e Bet frequency — proportion of betting days over the period

e Bet volatility — variation of daily betting amount

e Bet volume — average number of bets per day

e Bet value — average value of bets placed over the period

e Deposit frequency — deposit days as a proportion of betting days

e Withdrawal frequency — withdrawal days as a proportion of betting days

These were pre-processed prior to inclusion in the analyses.
Remouval of heteroscedasticity

Bet frequency is defined as the proportion of betting days over the period (i.e. the number of
betting days / total number of days). However, problematically this definition of bet frequency
has a strong heteroscedastic relationship with equivalent measures of deposit and withdrawal
frequency. In order to mitigate this effect, the deposit and withdrawal frequency variables were
calculated as a function of betting days rather than the total number of days. As such, deposit
frequency is defined as: the number of deposit days, divided by the number of betting days,
and withdrawal frequency is defined as: the number of withdrawal days, divided by the
number of betting days (see Appendix 4).

Normalisation and standardisation

Transformation procedures were then conducted to normalise the variables prior to z-score
standardisation. Bet volatility was calculated from the coefficient of variation of daily betting
amount i.e. the standard deviation of the total amount staked on betting days divided by the
mean of the total amount staked on betting days. As this is a ratio it needs to be log
transformed to normalise the distribution. Customers with standard deviations of 0 across the
total amount staked on betting days were imputed with values of 1 prior to normalisation. Log
transformations were also conducted to normalise the remaining variables, with the exception
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of bet frequency that had a square-root transformation and deposit frequency for which no
transformation was conducted.

Many customers did not make withdrawals during the period and therefore had a withdrawal
frequency of 0. Prior to log transformation a constant of 0.01 was added to avoid undefined
log(0) calculations?’. Bet volume was defined as the average number of bets placed on betting
days, which has a scale starting from 1. A log transformation was conducted but with a constant
of 0.9 removed to account for the scale range. The variables were then standardised after
transformations.

Clustering method

For statistical clustering a two-step procedure was adopted and applied to the 6 standardised
betting and account variables. An initial step using the DBSCAN algorithm was conducted to
group customers into a smaller set of nodes, which were themselves then clustered using
hierarchical clustering. The hierarchical clustering was based on a Euclidean distance matrix
and Ward agglomeration method. This approach was conducted on two split-halves of the data
to ensure cluster solutions were stable and had high cross-matching between variable scores
in both cluster sets.

5.4.3. Predictive modelling

Predictive modelling was conducted to identify markers of remote problem gambling. Markers
were assessed in a hierarchical manner in the order:

¢ Demographic attributes that could be available at the first interaction with an online
operator

e Summarised account or betting behaviours that are observed over a period of time

¢ Summarised behaviours that are distinctive for particular customer segments

This enables an approach that identifies markers ‘on-entry’ through demographics, ‘over time’
using behavioural summaries, and that can be tailored to account for distinctive patterns of
betting behaviour.

Data preparation

The objective of the predictive modelling was to identify markers that discriminate between
customers self-identified as problem gamblers and those not self-identified as problem
gamblers. Phase 1 established the premise that harm is a consequence of problematic play,
and therefore to reduce harm we have focused on markers of problem gambler behaviour. To
create a clearer signal for markers of remote problem gambling the predictive modelling was
conducted to discriminate directly between problem gamblers (PGSI: 8+) and non-problem
gamblers (PGSI: 0). This reduces the modelling sample from 10,635 to 4622, and increases
the proportion of problem gamblers from 6.2% to 14.6%.

Markers identified through the predictive modelling can then be applied to any new customer
or known customer with low risk (PGSI: 1-2) or moderate risk (PGSI: 3-7). An alternative
approach explored was to examine the markers in the context of the ordered banding of PGSI
categories i.e. across non-problem gamblers (PGSI: 0), low risk customer (PGSI: 1-2),

17 Constants were approximated to provide closer transformations to normal distributions
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moderate risk customers (PGSI: 3-7) and problem gamblers (PGSI: 8+). Risk scores developed
through either mechanism identified low risk and moderate risk to have sequentially higher
risk scores to non-problem gamblers, and equivalently lower risk score to problem gamblers.
Notably, both results were equivalent using the same sample, and hence according to the
principle of parsimony a binary discrimination approach is presented herein (for further
details, see Appendix 5 for details).

Time-bandings for betting behaviour were available for only three of the four operators, whilst
the use of protection tools were only available for two operators. Both time-specific betting
and use of protection tools were highlighted as important marker of problem gambling in
Phase 1. For the purposes of the present study markers for both sets of measures are also
explored with missing values imputed with the mean value across operators. The importance
of these variables are therefore likely to be underestimated.

An initial level was included in the predictive modelling that included fixed effects for the
operators to address differences in the base rates of problem gambling in the samples, and
variables that had systematic missing values were included last in the forward selection of
markers in the models.

Feature selection

Nested models were built hierarchically using multiple logistic regression over the three levels
of the modelling: demographics, behavioural summaries, and segment-specific behavioural
summaries. At each level:

¢ Single variable logistic regressions were first conducted across the range of associated
variables to assess their significance separately. These models were used to assess the
nature of associations between predictors and problem gambling, such as linear
assumptions, transformation requirements and the optimal grouping of categorical
variables.

e Significant univariate markers were incrementally build into a parsimonious set of
markers using forward selection. Forward and backward stepwise methods were used
to guide the selection of features. However, due to the high collinearity between some
covariates (e.g. standard deviation of average bet volume vs. coefficient of variation of
average bet volume), several steps were revised to maintain suitable tolerances across
variables in the fitted model. Variables added were assessed for stability across subsets
of the data and satisfied a likelihood ratio statistic of p < 0.05.

e Each set of refined features is built as a nested model on the preceding level

The fitted models at each level of the modelling are evaluated using the area under the receiver
operating characteristic curve (AUC). This represents the probability that a random problem
gambler is given a higher risk score by the model than a random non-problem gambler.

Risk scoring and classification

A risk score is created for each customer that indicates their likelihood of being a self-reported
problem gambler given the markers observed. A problem gambling risk score is calculated for
each customer using the predicted probability of being a problem gambler from the predictive
modelling. A separate risk score is created after adding each subsequent set of markers into
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the modelling: demographic markers, behavioural summary markers, and segment-specific
markers.

After creating a risk score that probability needs to be classified into a discrete category. A
threshold is set such that any risk score equal to or above that value is classified as a predicted
problem gambler, but otherwise classified as a predicted non-problem gambler. The
effectiveness of the predictive model and subsequent classification method is assessed by
comparing the observations vs. the predictions, and using the following performance
measures:

Accuracy measures the proportion of problem and non-
problem gamblers predicted correctly:
((A+D) / (A+B+C+D))

PGSI observed

Non Problem

Problem | Gambler . .
Hit-rate measures the proportion of actual problem

- Non gamblers correctly predicted: (D / (B+D))

40—‘5 Problem A B

Bs Precision measures the proportion of predicted
E g‘;‘;ﬁﬁg C D problem gamblers that were correct: (D / (C+D))

As one of the design principles is to enable practical interventions a range of different
thresholds can be evaluated that allow an explicit trade-off between hit-rate and precision. For
comparability of the models we have selected a fixed threshold during the hierarchical model
development. An illustrative threshold of 20% was selected as it is larger than the 14.6% of
problem gamblers in the predictive modelling sample. This allows a more direct comparison
of performance metrics that are based on the same proportion of customers classified as
problem gamblers. As we move through the modelling process we select optimised thresholds
based on different trade-offs.

Cross validation

A k-fold cross validation method was used with 10 folds to assess how the results will
generalise beyond the present study. For each of the predictive models the average AUC and
performance measures (accuracy, hit-rate and precision) across the out-of-sample folds is
comparable to the metrics from the overall sample. The metrics for the overall sample are
therefore presented in this report (see Appendix 6 for summaries of the cross validation
output).

5.4.4. Micro-clustering

From our review of operator mechanisms to identify problem gamblers in Phase 1, some of the
strongest signals used in their analytical and non-analytical detection were in-the-moment.
These were out of the ordinary behaviours displayed as a reaction to betting outcomes that
were unique to problem gambling. At the extreme end is a customer phoning up customer
service and saying that they are suicidal after a big loss.

A micro-clustering approach was adopted to identify harmful behaviour in-the-moment for
two main reasons. The first was that behavioural markers develop over time but are not as
sensitive to dramatic changes to play behaviour — distinct volatility in play is a strong signal
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of problem gambling. The second was to enable a practical approach for operators to intervene
quickly when distinct in-the-moment harmful game play is detected.

The micro-clustering was applied to a range of daily features in order to determine groups of
days that have similar patterns. For example, number of bets placed increases in reaction to a
net winning day on the previous betting day. A wide range of daily patterns are assessed and
clusters of days are retained for which the majority of customers associated are problem
gamblers. These daily patterns are characterised as daily triggers that allow operators to
intervene once observed, and thereby minimise harmful behaviour for these customers.

Data preparation

Micro-clustering was conducted by analysing all the individual betting days in the sample, in
combination with their relationship to the preceding betting day. This comprised over 1m
betting days. After preliminary analyses, the approach was refined to a key set of 6 variables:

o (Customer segment

e Bet value

e Bet volume

e Outcome of previous betting day (net win or net loss)
e Bet value on previous betting day

e Bet volume on previous betting day

Distinct patterns were observed between segments and whether the previous betting day was
preceded by a net winning day or a net losing day. These differences were hard-wired into
subsets of betting day data'8. The micro-clustering approach was then applied to the remaining
variables separately within each of these subsets.

Clustering method

The micro-clustering was conducted using the same two-step clustering procedure outlined in
the customer segmentation method section. The individual days were first clustered into a
smaller set of nodes using the DBSCAN algorithm, which were then grouped using hierarchical
clustering.

5.4.5. Marker testing

In the present study, markers of remote problem gambling were evaluated in the context of a
self-reported measure of remote problem gambling via PGSI. However, an additional dataset
was requested from the operators that would include a sample of customers validated as
problem gamblers by the operators through customer contacts and other manual processes
(operator identified problem gamblers).

This additional testing exercise enables an evaluation of the predictive markers developed for
a proxy measure of problem gambling through PGSI against customers flagged and verified as
problem gamblers by the operators through a number of manual review processes, such as a
conversation with a trained call centre expert, complemented by a review of information from

18 As the memory requirements for hierarchical clustering are O(n2) this also served to reduce the size
of distance matrix in the hierarchical clustering without over-tuning the DBSCAN algorithm
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public sources, such as investigating a customer’s lifestyle and employment status via
Facebook and LinkedIn.

We learned in Phase 1 that these manual processes are the typical requirement (sometimes
complemented with more automated and analytical processes) before an operator would be
confident enough that a customer should be ‘frozen’ or ‘excluded. The purpose of this step was
to build confidence that markers run in an automated and more consistent process could still
identify such customers.

Data requested and received

Data for approximately 1,000 customers over a 13 month period was requested from the same
four operators and in the same formats as previously provided. The data was required to have
sufficient behavioural markers in order to recreate the methodology outlined in this study. At
least 60 customers (6%) were requested to be flagged as problem gamblers using the
operators’ own existing identification and verification mechanisms.

However, an additional dataset with operator verified problem gamblers was only provided by
two of the operators and for one of those only a self-exclusion criteria for identifying problem
gamblers was provided. As discussed in Phase 1, customers who self-exclude do so for a variety
of reasons and therefore is not a direct proxy for problem gambling. We learned in Phase 1
that the number of customers identified as problem gamblers in this way is low.

Therefore the marker testing was conducted on one operator using the approach set out in our
design principles. The results of this test is set out in the results section.
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6. Descriptive analysis

6.1  Data profile of survey results

The results of the survey comprising of demographics, gambling activity and PGSI questions
are presented in this section. There were 10,635 respondents across the four operators. Full
survey questions, structure and supplementary results can be found in Appendix 1.

6.1.1. PGSI score and bands

The survey included 9 questions from the Problem Gambling Severity Index (PGSI; see
Appendix 1, Q10)9. For example, “Have you bet more than you could really afford to lose?”
Questions are scored on a 4-point scale: Never (0), Sometimes (1), Most of the time (2) and
Almost always (3). Responses to the questions are summed to calculate an index score from o
to 27, which is categorised as: non-problem gambler (0), low risk (1-2), moderate risk (3-7)
and problem gambler (8+). See Figure 5 for the distribution of the PGSI bands used
throughout this report and Figure 6 for the raw PGSI scores. Appendix 1.1 contains a table
with the raw data from the survey results for Q10.

Figure 5. Distribution of
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5000 Figure 6. Distribution of
raw PGSI scores
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“ 1000 H Problem gambler
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6.1.2. Survey responses

19 Ferris, J., & Wynne, H. (2001). The Canadian problem gambling index: Final report. Submitted for
the Canadian Centre on Substance Abuse.
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Q1) Which of the following do you consider to be the main device that you use to place bets
online? (Please select ONE only)

Across PGSI bands, mobile devices were most commonly used to place bets online (60%).
However, a higher proportion of problem gamblers use their mobile as the main device to place
bets (68%) compared to non-problem gamblers (54%).

Table 1. Main device used to place bets online by PGSI band

PGSI band
Non- Low Moderate Problem Total
problem risk risk gambler
Mobile 2127 2250 1555 456 6388
Computer 1115 862 598 156 2731
Tablet 677 477 239 60 1453
Other 28 21 11 3 63
100% S 5
— o,
8 800/; 24% 25% 23%
z 70% 28%
g 60% Other
=]
é 40% Computer
£ 30% = Mobile
& 20%
10%
0%
Non-problem Low risk Moderate risk ~ Problem gambler

Figure 7. Main device used to place bets online as a percentage of customers in each PGSI

band
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Q2) How much time do you estimate you spend gambling online? (hours per week) (Please
select ONE only)

Problem gamblers spent more time gambling online per week. For example, a higher
proportion of problem gamblers spend more than 10 hours per week gambling (28%)
compared to non-problem gamblers (7%).

Table 2. Hours per week spent gambling online by PGSI band

PGSI band
Non- Low Moderate Problem Total
problem risk risk gambler

< 2 hrs per week 2288 1571 617 123 4599
2 - 5 hrs per week 963 1236 907 204 3310
6 - 10 hrs per week 312 396 402 127 1237
> 10 hrs per week 276 323 405 187 1191
Don't know / 108 84 72 34 298

Prefer not to say

100%
0%
9 0
_. 80% ’
X 9
S 70% 24% Lyt
7 707 A Unknown
9 %
E 60% 347 = > 10 hrs per week
w0 0,
2 50% 38% B 6 - 10 hrs per week
T 40%
c 30% 2 - 5 hrs per week
0,
E 30% < 2 hrs per week
2 20%

0%
Non-problem Low risk Moderate risk Problem gambler

Figure 8. Hours per week spent gambling online as a percentage of customers in each PGSI
band
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Q3) How many online gambling sites do you currently gamble with? (Please select ONE
only)

Across PGSI bands, over 60% of customers use more than one online gambling site. However,
a lower proportion of problem gamblers have only one online gambling account (24%)
compared to non-problem gamblers (48%).

Table 3. Number of online gambling sites currently used by PGSI band

PGSI band
Non- Low Moderate Problem Total
problem risk risk gambler
1 1890 1338 652 165 4045
2 934 954 653 180 2721
3 429 569 431 132 1561
4 194 227 213 70 704
5 86 82 75 33 276
>5 380 395 356 88 1219
Don't know / 5 10
Prefer not to say 34 45 3 7 9
100%
90%
g 80% 1% Unknown
w 70% 16%
g 60% % 18% "5
.8 (J 247 m5
E 50% 26% my
F% : . . . .3
: .
=} 2
xn 20%
1
0%

Non-problem Low risk Moderaterisk ~ Problem gambler

Figure 9. Number of online gambling sites currently used as a percentage of customers in
each PGSI band
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Q4) What is your current employment status? (Please select ONE only)

A higher proportion of problem gamblers are not employed but currently looking for work
(4%) compared to non-problem gamblers (1%), and a lower proportion of problem gamblers

are retired (2%) compared to non-problem gamblers (15%).

Table 4. Employment status by PGSI band

PGSI band
Non- Low Moderate Problem Total
problem risk risk gambler
Employed full time 2501 2476 1627 427 7031
Self-employed 388 336 243 76 1043
Retired 585 267 119 15 986
Employed part time 189 157 126 41 513
Student 52 128 84 38 302
Not employed, but
currently looking for 43 62 60 25 190
work
Staying at home to
raise a family H 54 33 1 139
Not employed, but not
currently looking for 41 45 33 10 129
work
Staying at home to
care for a friend / 44 26 29 8 107
family member
Other 41 32 22 9 104
Don't know / 0o 27 27 15 o1

Prefer not to say

Employed full time

Surveyed customers (%)
0% 10% 20% 30% 40% 50% 60% 70% 80%

Self-employed

Retired

Employed part time

Student

Not employed, currently looking
Staying at home to raise a family
Not employed, not currently looking

Staying at home as a carer
Other
Unknown

® Non-problem

Lowrisk mModerate risk ® Problem gambler

Figure 10. Employment status as a percentage of customers in each PGSI band
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Q5) What is your marital status? (Please select ONE only)

A higher proportion of problem gamblers are ‘single never married’ (43%) compared to non-
problem gamblers (21%), and a lower proportion are married, in a civil union or partnership
(27%) compared to non-problem gamblers (50%).

Table 5. Marital status by PGSI band

PGSI band
Non- Low Moderate Problem Total
problem risk risk gambler
Married / civil union / 1078 ) 8o ) 8
civil partnership 97 494 3 79 4403
Single, never married 826 1075 817 290 3008
Living with partner 757 765 566 160 2248
Divorced 242 158 105 25 530
Separated 80 72 51 15 218
Widowed / widower 57 36 25 4 122
Other 7 10 7 2 26
100%
90%
80% 19% s
S 70% Other
g 60% 21% » B Widowed
g 50% e 34% ) m Separated
3 43% = Di
S ivorced
© 40% o
9) H Living with partner
E 30% . .
3 Single, never married
20% B Married
10%
0%
Non-problem Low risk Moderate risk Problem
gambler

Figure 11. Martial status as a percentage of customers in each PGSI band
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Q6 a) Do you have children? (Please select ONE only)

b) [If Yes at Question 6a] What age groups do they belong to? (Please select ALL that apply)

A lower proportion of problem gamblers have children (52%) compared to non-problem
gamblers (67%), whilst problem gamblers that do have children have a lower proportion of
adult children (25%) compared to non-problem gamblers (55%).

Table 6a. Children by PGSI band

PGSI band
Non- Low Moderate Problem Total
problem risk risk gambler
Yes 2662 2077 1311 350 6400
No 1251 1497 1075 316 4139
Don't know / 6 ) 6
Prefer not to say 34 3 7 9 9
100%
90%
o 9% 32%
E 70%
o,
E 60% Unknown
w0 0,
3 50% No
T 40%
]
g 30% mYes
& 20%

10%
0%

Non-problem

Low risk

Moderate risk

Problem gambler

Figure 12. Children as a percentage of customers in each PGSI band
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Table 6b. Age groups of children by PGSI band

PGSI band
Non- pr MO(!erate Problem Total
problem risk risk gambler
0 - 5 years 594 694 480 146 1914
6 — 10 years 542 542 342 102 1528
11 — 15 years 490 410 275 89 1264
16 — 18 years 259 236 125 41 661
> 18 years 1453 854 491 89 2887
Prefer not to say 70 39 27 10 146
Surveyed customers (%)
0% 10% 20% 30% 40% 50% 60%

0 - 5 years

6 — 10 years

11 — 15 years
16 — 18 years
> 18 years

Unknown

® Non-problem Lowrisk ®Moderate risk ® Problem gambler

Figure 13. Age groups of children as a percentage of customers that have children in each
PGSI band
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Q7) Please indicate to which occupational group the Chief Income Earner in your household
belongs, or which group fits best?

A higher proportion of problem gamblers responded ‘semi or unskilled manual work’ (19%)
compared to non-problem gamblers (12%), and a lower proportion of problem gamblers
responded ‘retired’ (1%) compared to non-problem gamblers (8%).

Table 7. Occupational group of the household chief income earner by PGSI band

PGSI band
Non- Low Moderate Problem Total
problem risk risk gambler
Skilled manual worker 842 800 574 144 2360
Supervisory or clerical /
junior managerial 824 820 539 150 2333
Intermediate 820 101 o1
managerial 775 447 43
Semi killed
el otk 471 443 331 125 1370
Higher managerial 325 259 167 38 789
Retired and living on
state pension 306 150 67 10 533
Unemployed or not
working due to long- 70 61 65 19 215
term sickness
Student 33 67 57 22 179
Full-time carer of other 26 26 10
household member 35 97
Casual worker — not in 20 5 L 8 >
permanent employment 3 9 7
Homemaker 18 16 12 5 51
Don’t know / 181 170
Prefer not to say 7 99 43 493
Surveyed customers (%)
0% 5% 10% 15% 20% 25% 30%

Skilled manual worker

Supervisory or clerical / junior managerial
Intermediate managerial

Semi or unskilled manual work

Higher managerial
Retired and living on state pension
Unemployed or long-term sickness

Full-time carer of other household member
Casual worker — not in permanent employment
Homemaker

Unknown

® Non-problem

Student

Lowrisk  ®Moderate risk

® Problem gambler

Figure 14. Occupational group of the household chief income earner as a percentage of
customers in each PGSI band
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Q8) Have you ever had concerns about your gambling behaviour? (Please select ONE only)

A higher proportion of problem gamblers have had concerns about their gambling behaviour
(77%) compared to non-problem gamblers (1%).

Table 8. Concerns about gambling behaviour by PGSI band

PGSI band
Non- Low Moderate Problem Total
problem risk risk gambler
Yes 48 205 1063 521 1837
No 3888 3371 1248 114 8621
Don't know / 1 5 o L
Prefer not to say 34 9 4 77
100%
90% o
< 17%
& 80% 770
£ 70% 52%
E 60%
Z 50% 99% 93%
—§ 40%
2 30%
E 20%
- 10%
oo U e
Non-problem Low risk Moderate risk  Problem gambler

EYes ©No © Unknown

Figure 15. Concerns about gambling behaviour as a percentage of customers in each PGSI
band

36



Q9 a) Have you ever used any safeguards to restrict your online gambling behaviour?
(Please select ONE only)

b) [If Yes Question 9a] Please provide further details of the safeguards you have used. (Please
select ALL that apply)

A higher proportion of problem gamblers have used safeguards to restrict their online
gambling behaviour (54%) compared to non-problem gamblers (17%). Across PGSI bands,
deposit limits were most commonly used to place bets online (26%; 93% of those that used a
safeguard). For those that used safeguards, a lower proportion of problem gamblers used
deposit limits (89%) compared to non-problem gamblers (97%). Notably, problem gamblers
used a higher proportion of self-exclusions (37%) compared to non-problem gamblers (3%).

Table 9a. Use of safeguards to restrict online gambling behaviour by PGSI band

PGSI band
Non- Low Moderate Problem Total
problem risk risk gambler
Yes 670 902 1008 367 2047
No 3255 2688 1377 203 7613
Don't know / 20 20 18 L
Prefer not to say o 75
100%
- 90%
X
% 8o% 43%
5 70% 57%
£ 60% 8% 74%
2 50%
o
3 40%
T 30%
E 20%
wn
0%
Non-problem Low risk Moderate risk  Problem gambler

mYes mNo = Unknown

Figure 16. Use of safeguards to restrict online gambling behaviour as a percentage of
customers in each PGSI band
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Table 9b. Types of safeguards used to restrict online gambling behaviour by PGSI bands

PGSI band
Non- Low Moderate Problem Total
problem risk risk gambler

Deposit limits 651 865 906 328 2750
Self-exclusion from an 20 63 299 137 442
operator
Time-outs 24 52 126 63 265
Time limits 30 54 53 37 174
Accessed information
from Gamble Aware 0 ! 9 20 30
Contacted Gamblers
Anonymous 1 4 5 19 29
Contacted the National L L
Gambling Helpline 5 7
Other 8 8 23 7 46

Customers that use safeguards (%)
0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Deposit limits

Self-exclusion from an operator

Time-outs

Time limits

Accessed information from Gamble Aware
Contacted Gamblers Anonymous
Contacted the National Gambling Helpline
Other

y=- r r r"lbl‘

® Non-problem Lowrisk ®Moderaterisk ®Problem gambler

Figure 17. Types of safeguards used to restrict online gambling behaviour as a percentage of

customers that use safeguards in each PGSI band

38



Q11 a) Which of the following gambling activities have you taken part in online in the last 12
months? (Please select ALL that apply)°

Betting on football was the most common online gambling activity (83%), which was
comparable across PGSI bands. However notably, a relatively lower proportion of problem
gamblers bet on horse racing online (63%) compared to non-problem gamblers (76%), whilst
a relatively higher proportion of problem gamblers played casino games online (54%)
compared to non-problem gamblers (16%). Appendix 1.1 contains the survey responses to
Q11b with a frequency table of these online gambling activities.

Table 10. Gambling activities taken part in online in the last 12 months by PGSI band

PGSI band
Non- Low Moderate Problem Total
problem risk risk gambler
Lottery 2048 1916 1214 301 5479
Betting on football 3204 3090 2037 539 8870
Betting on horse 00 276 1780 58
racing 3003 704 7 4 7975
Betting on other sports
or events 1657 1876 1335 330 5198
Casino games 618 1029 942 362 2951
Slots and gaming
machines 676 979 869 325 2849
Bingo 548 617 522 182 1869
Poker 342 537 497 157 1533
Betting exchanges 403 505 440 122 1470
Spread betting 95 147 155 45 442
Surveyed customers (%)
0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Lottery
Betting on football

Betting on horse racing

Betting on other sports or events
Casino games

Slots and gaming machines
Bingo

Poker

Betting exchanges

Spread betting L

® Non-problem Lowrisk ®Moderaterisk ™ Problem gambler

Figure 18. Gambling activities taken part in online in the last 12 months as a percentage of
customers in each PGSI band

20 Q10 contained 9 questions from the Problem Gambling Severity Index (PGSI). Appendix 1.1
contains a table with the raw data from the survey results for Q10
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Q12a) Thinking outside of your online gambling, what forms of gambling activities have
you taken part in on the high street, in betting shops, in casinos or other retail premises in
the last 12 months? (Please select ALL that apply)

The lottery was the most common form of gambling activity outside of online gambling (37%),
which was comparable across PGSI bands. However, problem gamblers were involved in a
higher proportion of gambling, across all other forms outside of online gambling. In particular,
a higher proportion of problem gamblers played casino games (24%) or on slots and gaming
machines (32%) compared to non-problem gamblers (5% and 8% respectively). Appendix 1.1
contains the survey responses to Q12b with a frequency table of these gambling activities.

Table 11. Gambling activities taken part in on the high street, in betting shops, in casinos or
other retail premises in the last 12 months by PGSI band

PGSI band
Non- Low Moderate Problem Total
problem risk risk gambler
Lottery 1433 1389 846 256 3924
Betting on football 1108 1268 1021 308 3705
Betting on horse
racing 1156 1160 941 271 3528
Betting on other sports
or events 301 375 365 140 1181
Casino games 210 385 344 162 1101
Slots and gaming
machines 322 503 480 213 1518
Bingo 182 175 141 56 554
Poker 104 167 158 62 491
Surveyed customers (%)
0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
|
Lottery |
I
Betting on foothall
|
Betting on horse racing _

I

Betting on other sports or events .
. —_—
Casino games
Slots and gaming machines ‘
. —_—
Blngo -
Poker -
H Non-problem Lowrisk ®Moderate risk ® Problem gambler

Figure 19. Gambling activities taken part in on the high street, in betting shops, in casinos
or other retail premises in the last 12 months as a percentage of customers in each PGSI
band
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Summary of survey results

These survey results demonstrate clear differences in behaviour between the PGSI bands,
which are typically incremental across the bands with the greatest differences apparent
between the problem gambler and non-problem gambler PGSI groups. There are notable
demographic differences with problem gamblers more likely to be single and not employed,
but currently looking for work. They also appear to be less likely to have children and for those
that do, less likely to have adult children.

With regards to gambling activity, there also appears to be incremental increases in the hours
per week across the PGSI bands from non-problem gamblers to problem gamblers.
Furthermore, use of safeguards, multisite usage and increased activity online and offline is
notably higher in the problem gambler PGSI band.
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6.2  Data profile of operator data

Transactional betting and account behaviour data for each of the survey respondents was
provided by the four operators. Summary statistics for these behaviours across respondents
are presented in this section.

Demographics

The median age of customers decreases across the PGSI bands from non-problem gamblers
(47) to problem gamblers (34), whilst a higher proportion of problem gamblers are male
(78.5%) compared to non-problem gamblers (70.0%).

Table 12. Age, median (inter-quartile range), and gender by PGSI band

PGSI band
Non- Low Moderate Problem
problem risk risk gambler
Age 47 39 37 34

(35-57) (30-51) (29-48) (28 -43)

Male 70.0% 73.5% 78.4% 78.5%

Gender Female 11.2% 9.7% 9.8% 10.1%

Not available 18.7% 16.8% 11.9% 11.4%

Transactional and account behaviour

The median proportion of betting days across the year is only marginally higher for problem
gamblers (95) compared to non-problem gamblers (78). However, account behaviour notably
increases across the PGSI bands with problem gamblers having proportionally higher median
number of deposit days across the year (64) and withdrawal days across the year (8) compared
to non-problem gamblers (respectively, 19 and 2).

Furthermore, the typical number of bets placed on a betting day (bet volume), the typical size
of bets placed (bet value), the total amount staked on a betting day (amount staked) and the
volatility of that behaviour (coefficient of variance of the amount staked) all notably increase
across the PGSI bands. Problem gamblers compared to non-problem gamblers have:

¢ higher median bet volumes (respectively, 14.0 and 3.3)

e higher median bet values (respectively, £5.01 and £3.25)

e higher median amounts staked on a betting day (respectively, £98 and £14)
¢ higher median bet volatility (respectively, 132% and 87%)
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Table 13. Transactional and account behaviours by PGSI band: median (inter-quartile range)

PGSI band
Non- Low Moderate Problem
problem risk risk gambler
. 78 92 108 95
Betting days per year (35 - 158) (42 - 167) (49 - 191) (43 - 169)
. 19 31 51 64
Deposit days per year (7-47) (11-73) (19 - 107) (27-117)
Withdrawal days per year 2 4 7 8
(0-7) (1-12) (2-19) (2 -20)
Daily bet volume 3.3 4.1 6.0 14.0
(betting days only) (2.0-7.0) (2.3-10.0) (2.9-21.1) (5.0-89.6)
Bet value £3.25 £4.10 £5.36 £5.01
(typical stake placed) (£1.49 - 6.90) (£1.67-8.82) (£1.95-12.34) (£1.50-15.18)
Daily amount staked £14 £22 £43 £98
(betting days only) (£7-31) (£10-51) (£19 - 119) (£34-267)
Coefficient of variance for 87% 99% 111% 132%

amount staked

(69 - 116%)

(77 - 132%)

(85 - 149%)

(100 - 177%)

Games verticals played

Across PGSI bands, the majority of customers placed bets on sports betting only (48.9%) and
both sports and gaming (36.6%) over the period. However, a higher proportion of problem
gamblers placed bets on both sports and gaming (49.6%) compared to non-problem gamblers
(29.3%), whilst a lower proportion of problem gamblers placed bets on sports betting only
(25.8%) compared to non-problem gamblers (58.8%).

Table 14. Games verticals played by PGSI band

PGSI band
Non- Low Moderate Problem
problem risk risk gambler
Sports betting only 58.8% 49.3% 38.5% 25.8%
Gaming only 1.4% 1.3% 2.6% 4.4%
Bingo only 0.6% 0.4% 0.5% 0.7%
Sports and gaming 29.3% 37.2% 44.0% 49.6%
Sports and bingo 1.3% 1.2% 0.8% 1.0%
Gaming and bingo 0.9% 1.6% 2.4% 2.8%
Sports, gaming and bingo 7.6% 8.9% 11.3% 15.6%
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Day of the week and time of day

Across PGSI bands, the majority of customers placed bets on Saturday (28.4%). However, a
higher proportion of non-problem gamblers placed bets on a Saturday (32.1%) compared to
problem gamblers (21.2%). Problem gamblers also appear to place proportionally higher bets
late at night (see Figure 21).
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Figure 20. Betting by day of the week across PGSI bands

250

I

g 200

S

g 150

,g === Non-problem

= Low

o 100

s \/ /\ =Moderate

[<5)

Z 50 \ _ = Problem gambler
o

ON P XH0AD 90N IDHMDONDOP QoD

Time of day (hour)

Figure 21. Betting by time of the day across PGSI bands

Summary of operator data

Comparable to the survey results, the transaction data shows notable differences across PGSI
bands, and in particular between problem and non-problem gamblers. Problem gamblers are
typically younger and a higher proportion are male. Problem gamblers are also associated with
increased activity in general with more frequent betting, depositing and withdrawals. They
also typically have higher bet volume, values and volatility, and are more likely to bet on
multiple gaming verticals, bet during the week and late at night.
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7. Results

An exploration of predictive markers and approaches that could be taken to reduce harm for
remote problem gamblers were then assessed along the six steps outlined below. These focus
on how potentially harmful gambling behaviour can be mitigated at different stages of the
customer life-cycle: on-entry, over time, and in-the-moment.

Analysis of Analysis of Segmenting Customising Optimising
demographic behavioural customers into markers for each classification of
markers summary markers gambling profiles gambling profile problem gamblers

Identifying
daily triggers

7.1 Analysis of demographic markers

The first set of problem gambling markers to be assessed were from the demographic
attributes. These comprised three attributes contained in the operator data: time as a
customer, customer age, and gender, and four attributes from the customer survey: marital
status, number of dependents, employment status, and occupation. Predictions from a derived
set of demographic markers allows operators to take action on-entry, when they
create a new account, before a gambler places a bet.

Demographics model of problem gambling

Using the demographics attributes a predictive model of problem gamblers was built. An AUC
of 0.741 was achieved with just the operator data and an AUC of 0.751 with the full set of
enriched demographics2'. A total of 6 demographic attributes were shown to be important,
which resulted in 8 markers, 4 from existing data and 4 from supplementary survey data (see
Table 15).

At this phase of the overall programme the intention is not to create an operational model but
to examine the application of predictive markers, integrated from various sources. Hence
Table 15 illustrates the markers that were important and their direction of impact but not a
prescriptive application, which would be the focus of a next phase to the programme. These
markers with their associated coefficients from the analyses in this study are detailed in
Appendix 7.

21 See also Appendix 6 for a summary of the cross validation methodology
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Table 15. Demographic markers identified

Attribute Marker PG*
Time as a customer Account open > 1 year
—
S« Account open < 2 months2?
55
§ < Customer age Age in years
Gender Male
Marital status Single
Any other x
Children Number of children, age of children x
—
é’ 2 Employment status Not employed, but currently looking for work
3
7 E Retired
5 7]
Any other x
Occupation Intermediate or higher managerial occupation -
Any other X

* Relationship to problem gambling:

Marker has no statistical relationship to problem gambling
Marker has a positive statistical relationship to problem gambling

Marker has a negative statistical relationship to problem gambling

Assessment of problem gambler predictions

The demographics model was then used to calculate a risk score for all customers (from o to
1). A classification threshold was determined such that the top 20% of riskiest customers i.e.
those above the 80t percentile of customers ranked by risk score, were classified as predicted
problem gamblers with the rest classified as predicted non-problem gamblers (see Figure 22).
At this stage the threshold is chosen for illustrative purposes and for comparability between
models. It is subsequently refined in section 7.5, ‘Optimising classification of problem
gamblers’.

Figure 22. The proportion of problem

Predictedas anon Predictedasa
e proflemganbler . problemgambler gamblers and non-problem gamblers

plotted across an illustrative range of
200 M risk score bands. This yields the
= following performance metrics:
" ,_M// Accuracy:  78.7%
o Hit-rate: 45.3%

1 23 4 56 78 g 101n 121314 1516 1718 19 20 L.
Customersranked byrisk scoreband (lowtohigh) Precision: 33.2%

Number ofcustomers

—— Problem gamblr —+— Non-problem

22 This is possibly an artefact of the sampling adopted. Customers with an account less than 2 months
old and that have made 5+ bets in that period are more active than those with an equivalent number
of bets over the period of a year.
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Lowest risk score (<0.01) Highest risk score (0.80)

£50 £50 , Account
= = | opened
E £40 E £4
5 £30 E
2 5
& £20 2
£ B
= f10 )
a al
£o
Date Date
Account age: 10 months Account age: <1 Month
Age: 72 Age:18
Gender: Unknown Gender: Male
Marital Status: Married Marital Status: Single
Employment: Retired Employment: Looking for work
Occupation: Intermediate managerial Occupation: Skilled manual worker

Figure 23. An example daily betting profile for the lowest risk score customer (a non-
problem gambler) and the highest risk score customer (a problem gambler) from the
demographics model

Interim conclusions

The findings here demonstrate that a discriminating predictive model can already be made
with the demographic attributes alone, and that there is predictive power from data already
available to operators when a customer creates a new account. As 4 of the 8 markers originated
from data not presently collected by operators it does suggest collection of a wider set of
customer profile data on account creation may help identify potential problem gamblers on-
entry, though we recognise the operational limitation that customers may not want to disclose
data such as employment status, and indeed this changes over time. Nevertheless, we believe
lessons can be learned from the credit card industry for example, where demographics are
more widely used to manage customer risk.

However, most customers exhibited fairly low risk scores at this stage. It is only when many
problem gambling markers align that problem gamblers can be more accurately classified.
Nevertheless, small groups of customers do emerge with notably higher average risk scores.
In particular, young unmarried men opening a new account, that are not employed but
currently looking for work, as an example of where markers align.
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7.2 Analysis of behavioural summary markers

The second set of problem gambling markers to be assessed were from summarised account
or betting behaviours observed over a period of time (‘behavioural summaries’). These were
developed in accordance with findings from Phase 1 and are structured as overall behavioural
attributes, such as ‘bet volume’. These are then measured using a range of descriptive
statistics, which include measures of central tendency (e.g. the mean), measures of variation
(e.g. standard deviation or coefficient of variance), and other measures such as skewness. Over
200 potential measures were created in total. Predictions that incorporate significant
behavioural summary markers allow operators to take more informed actions based
on evidence that builds over time.

Behavioural summary model of problem gambling

The demographics model was extended to include a refined set of 10 behavioural markers23
summarised over a 12-month window, extending the total number of markers from 8 to 18.
This improved the AUC from 0.751 to 0.90524. However, an AUC of 0.903 was achieved with
just the data held by all operators i.e. excluding time of day and use of protection tools. The
significant markers are presented below:

Table 16. Behavioural summary markers identified

Attribute Measure PG*
Bet volume Average number of bets per day

Bet value Average value of bets placed over the period

Gaps in betting days High variation of gaps between betting days

Day of the week Proportion of bets made on a Saturday

Time of day Proportion of sports bets made between 0-4 am

Deposit frequency Proportion of deposit days by betting days**

Daily net position High variation of amount won (on winning days)

High variation of amount lost (on losing days)
Negatively skewed daily outcomes (extreme losses)

Protection tools Occurrence of a failed deposit

* Relationship to problem gambling:

Marker has no statistical relationship to problem gambling
Marker has a positive statistical relationship to problem gambling

Marker has a negative statistical relationship to problem gambling

** The conditional ‘by betting days’ rather than ‘over the period’ was used to remove a latent ‘amount
played’ correlation across bet, deposit and withdrawal frequencies

The markers and their coefficients are detailed in Appendix 8.

23 Over 100 behavioural summary measures had significant univariate relationships with problem
gambling. The remaining 10 key markers are a refined set of significant markers after accounting for
other variables in the model.

24 See also Appendix 6 for a summary of the cross validation methodology
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Assessment of problem gambler predictions

The behavioural summaries model,

which includes both demographic and behavioural

summary markers, was used to create a refined problem gambling risk score. As before, the
top 20% of riskiest customers were classified as predicted problem gamblers, with the rest
classified as predicted non-problem gamblers (see Figure 24).

Demographics model

Numberofecustomers

Behavioural summaries model

Numberofecustomers

123 4 56 78 g 10mn 113141515 1718 1920 123 456 78 9g10mni12i1314 1515 1718 1920

Customersranked byrisk scoreband (lowtohigh)

—=— Problem gambler ~ —#— Nan-problem

Customersranked by risk scoreband (lowtohigh)

—— Problem gambler ~ —#— Non-problem

Figure 24. Comparison of the distribution of customers by risk score for the demographics
model and behavioural summaries model. This yields the following performance metrics:

Demographics model:

Accuracy: 78.7%
Hit-rate: 45.3%
Precision: 33.2%

Lowest risk score (<0.01)

£5
£1
£3
£2
£1

Daily bet amount

fo

Date

Bet volume: 1.0

Bet value: £1.06

Variation of bet sparsity: 15%
Betting on Saturdays: 96%
Variation of win amount: 100%
Deposit frequency: 21%

Behavioural summaries model:

Accuracy: 86.8%
Hit-rate: 73.3%
Precision: 53.5%
Highest risk score (0.98)
- £50k
E £40k
E £30k
E’ £20k
o
'-T—“' £10k
A £ok
Date

Bet volume: 65.1

Bet value: £62.10

Variation of bet sparsity: 148%
Betting on Saturdays: 11%
Variation of win amount: 420%
Deposit frequency: 82%

Figure 25. example daily betting profile for the lowest risk score customer (a non-problem
gambler) and the highest risk score customer (a problem gambler) from the behavioural

summaries model
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Comparison over time

The behavioural summaries used in the predictive model were created by summarised account
or betting behaviour over a 12-month window, although we are not recommending at this stage
the optimal window to use. A further comparison was made by varying this window from one
week to 24 months, to explore the impact on the performance of the model (see Figure 26).
The analysis shows a plateau at six months with only a small gain from using data beyond 6
months.

1.00 Figure 26. A comparison of AUC
scores from the demographics model
o903 ogo5 ©910  and behavioural summaries models

0.90 0.879 0886 0-894 . . .
0.8 with varied summary windows from

&) 59
= 085 one week to two years.

o0.80

0.751
.. B
0.70

On One  Two One Three Six One  Two
entry week weeks month months months year years

®m Demographics  ® Behavioural Summaries

Interim conclusions

Adding summaries of recent account and betting behaviour increases the number of predictive
markers in the model from 8 to 18, which significantly improves performance of the model to
identify problem gamblers. However, two of these markers are dependent on data that were
not available from all operators: time of day bets are placed and use of protection tools.
Nevertheless, their removal did not materially impact the performance of the model.

Examination of the window over which those behaviours are summarised reveals that
performance is greatly improved with as little as one week of historical observations, and
begins to plateau between 3 and 6 months with only marginal benefit of using data from 12
months and above?s.

This demonstrates that a customer’s risk can be more accurately assessed as evidence builds
over time, and that high predictability can be achieved with a relatively short period of
customer engagement.

Note, however, that our data covers a two year snapshot of players’ behaviour rather than the
behaviour since the account opened. Therefore, the results for e.g. ‘one week’ cannot be
generalised to the first week since account opening.

25 See Appendix 9 for a comparison of the 12-month models to 3-month models
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7.3 Segmenting customers by gambling profiles

The analyses conducted so far consider only a one-size-fits-all approach to identifying problem
gamblers. However, there is significant variation in the ways in which people gamble.
Segmenting customers into peer groups according to their gambling profiles allows
operators to better understand the distinct patterns of play of online gambling.
This allows a refined strategy to be developed by customer segment, as discussed in the
subsequent sections.

Customer segmentation through clustering

Customer segmentation was conducted by statistical clustering, using the six betting and
account behaviours:

e Bet frequency — proportion of betting days over the period

e Bet volatility — variation of daily betting amount

e Bet volume — average number of bets per day

e Bet value — average value of bets placed over the period

e Deposit frequency — proportion of deposit days by betting days

e Withdrawal frequency — proportion of days withdrawing money by betting days

A two-stepped clustering algorithm was then applied, which resulted in nine distinct segments
of online gamblers. A summary of all nine customer segments is presented in Appendix 10. A
sharp distinction was observed between the top 4 segments ranked by prevalence of problem
gamblers and segments 5-9 (see Figure 27). The top 4 segments contain 78% of sampled
problem gamblers but only comprise 40% of the total sample. These customers also typically
bet £87 in a day vs. £15 for those in segments 5-9.

Problem gamblers Typical daily betting

160 £140
140 m Segments 1-4 £120 m Segments 1-4
120 m Segments 5-9 £100 B Segments 5-9
100 £30

8o

60 £60

a I I B I

20 £20

o I | . [ | £o . . . . |

12 3 4 5 6 7 8 9 12 3 45 6 7 89
Segment Segment

Figure 27. Comparison of problem gambler prevalence and typical daily betting amounts
between segments 1-4 and segments 5-9.

Classification of problem gamblers

To illustrate how precision of the behavioural summaries model could be improved in each
segment, we have focused on segments 1-4 where the majority of problem gamblers in the
sample reside. As before, the top 20% of customers by risk score for this subset of data were
then classified as problem gamblers (see Figure 28).
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Segment 1 — ‘high intensity mixed gamer’
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Figure 28. The proportion of problem
gamblers and non-problem gamblers in
segments 1-4 only plotted across an
illustrative range of risk score bands.
This yields the following performance
metrics?°:

Accuracy: 73.1%
Hit-rate: 40.7%
Precision: 74.8%

Segment 2 — ‘high volume gaming bettor’

Erratic high value betting periods across Regular high volume betting throughout the
time period, mostly gaming

game types

1800
1600
1400
1200
1000
800
600
400
200

o
May-2015

Transaction value

Aug-2015 Nov-2015

Deposit value

Segment 3 — ‘high value sports bettor’
Less frequent but higher value betting,

mostly on sports
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Transaction value
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A

Feb-2016
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b

May-201

Transaction value
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Segment 4 — ‘high frequency sports bettor’

Near daily betting but for lower amounts,

mostly on sports

o

May-2015 Aug-2015 Nov-2015

Deposit value

Feb-2016

Bet value

May-201(

Transaction value

45

May-2015 Aug-2015 Nov-2015 Feb-2016 May-201¢

Bet value

Deposit value

Figure 29. A typical daily betting profile is presented for each of the top 4 segments. For a
summary of each segment see Appendix 10

26 These are not directly comparable with the preceding models because the base-rate of problem
gamblers has increased from 14.6% to 33.5% (see section 6.5 on ‘Optimising classification of problem

gamblers’)
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Impact of multi-site usage

The behavioural summaries model developed inherently requires historical account and
betting behaviour to be observed in order to create an accurate risk score for customers. One
short-coming of this study’s methodology is that the data could only be collected from one site
per customer, notwithstanding the potential that we surveyed the same customer more than
once via multiple operators but did not know this. Any behaviour at other sites will therefore
be missed, leading to potentially underestimated risk scores of problem gambling for some
customers.

The customer survey contained a question about the number of online gambling sites used,
and a notably a higher proportion of multisite usage (2+ online sites used) was observed for
problem gamblers vs. non-problem gamblers, particularly for segments with lower levels of
gambling behaviour, see Figure 30.

60% Figure 30. Comparison of multi-site
®m Non-problem gamblers
use for problem gamblers and non-
problem gamblers in segments 5-9.
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S

-
o
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To examine this, an ordered logistic regression was conducted on the number of online sites
used with two binary predictors: whether the customer is in segments 1-4 or segments 5-9,
and whether the customer was a problem gambler or a non-problem gambler. Overall the
model was significant (y3=152.3, p<0.001).

Segments 1-4 and problem gamblers were shown to use significantly more online gambling
sites than segments 5-9 (t=5.422, p<0.001)and non-problem gamblers (t=5.389,
P<0.001) respectively. However, there was also a significant interaction between the segment
category and whether or not they were a problem gambler (t=2.404, p=0.016). Problem
gamblers specific to segments 5-9 were shown to use disproportionately more online gambling
sites.

This therefore suggests that a disproportionate amount of betting behaviour from self-
reported problem gamblers in segments 5-9 is unobserved at one site. To mediate the effects
of the potential confounding effects of multisite usage, further analyses was restricted to
segments 1-4 (see interim conclusions).
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Interim conclusions

The scope of this study covers multiple game types and multiple operators, and therefore
patterns of play and account behaviour vary considerably across customers. Segmenting
customers identified 9 distinct patterns, of which 4 were more commonly associated with
problem gamblers.

However, evidence also suggests that some self-reported problem gamblers in the study may
not be using the operator providing their data as their primary betting site, meaning that their
normal betting behaviour is not represented. This appears to impact segments 5-9 more than
segments 1-4.

This has two implications:

a) Segmentation allows us to mediate the potential confounding effects of multisite usage by
restricting analysis to segments 1-4. This improves the ability to correctly identify problem
gambling by limiting the analysis to where we are more confident the associated betting
behaviour has been observed.

b) Single operator detection models have an inherent disadvantage at detecting problem
gamblers that use multiple sites. To address this a multi-operator detection capability
could be considered, which we recommend exploring the feasibility of in a Phase 3 of the
programme.
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7.4  Customising markers for each customer segment

Having identified four distinct high risk customer segments, the predictive model of problem
gamblers were refined separately for each of these customer segments. These improvements
would allow operators to take differentiated approaches that account for distinct
patterns of play.

To improve the predictions by segment, iterative model fits were conducted. Across the
segment-specific models, four additional markers were identified that significantly improved
model fit from the base behavioural summaries model.

Table 17. Segment-specific behavioural summary markers

Attribute Measure

Bet volume High variation of gaming bet volume

Bet value High variation of bet value

Daily bet amount Average total value of gaming bets on betting days

Withdrawal frequency  Proportion of days withdrawing money by betting days***

* Relationship to problem gambling, with impacted segment model labelled:

Marker has no statistical relationship to problem gambling
Marker has a positive statistical relationship to problem gambling

Marker has a negative statistical relationship to problem gambling

** Segments 3 and 4 are typically but not exclusively sports betting, see Appendix 10

*** The conditional ‘by betting days’ rather than ‘over the period’ was used to remove a latent ‘amount
played’ correlation across bet, deposit and withdrawal frequencies

In addition to new markers, several existing markers also needed updating:
Segment 1 — ‘high intensity mixed gamer’
e Age has a reduced impact on problem gambling
Segment 2 — ‘high volume gaming bettor’
¢ Gender has no impact on problem gambling
Segment 3 — ‘high value sports bettor’

e Bet value has an increased impact on problem gambling
e DPositively skewed daily outcomes has no impact on problem gambling
¢ Failed deposits has an increased impact on problem gambling

Segment 4 — ‘high frequency sports bettor’

e Proportion of bets made on a Saturday has an increased impact on problem gambling
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Classification of problem gamblers

Using the revised models for the top four segments, the top 20% of customers by risk score
were then classified as problem gamblers, with the rest classified as non-problem gamblers
(see Figure 31).

Predicted as anon Predictedasa Predictedas anen Predictedasa
problem gambler problem gambler problem gambler problem gambler
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g 8o % 8o
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'_% 40 = 40
Z 20 Z 20
o (o]
1 2 3 4 5 6 7 8 9 t 2 3 4 5 6 7 8 9 10
Customersranked byrisk scoreband (lowtohigh) Customersranked byrisk scoreband (lowtohigh)
—=— Problem gambler ~ —#— Non-problem —a— Problem gambler ~ —#— Non-problem

Figure 31. Comparison of the distribution of customers by risk score for the original and
revised behavioural summaries models (segments 1-4 only). This yields the following
performance metrics:

Behavioural summaries model Revised behavioural summaries model
(segments 1-4) (segments 1-4)

Accuracy: 73.1% Accuracy: 74.0%
Hit-rate: 40.7% Hit-rate: 41.8%
Precision: 74.8% Precision: 77.0%

Interim conclusions

Tailoring the behavioural summaries models separately for each of the four high risk segments
increases the number of predictive markers used from 18 to 22, which marginally improves
performance of the models to identify problem gamblers. This suggests that whilst there is
some variability in the importance of markers for problem gambling across segments, there is
a high degree of similarity in their strength of association with problem gambling. However,
separating the models also allows a more tailored approach to classifying predictions, as
discussed in the next section.
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7.5  Optimising classification of problem gamblers

To this point in our analysis, the predictive models have classified customers as problem
gamblers with an illustrative and fixed ‘threshold’ i.e. the top 20% of customers by risk score.
This enables easier comparability between models but is not optimised to the associated costs
of false predictions, which requires an explicit ethical and commercial judgement about the
trade-off between falsely predicting self-reported non-problem gamblers as problem gamblers
(false positives) and failing to predict true problem gamblers as problem gamblers (false
negatives). We present different thresholds that allow the industry to explicitly consider
the cost trade-offs of any classification strategy. We expect this judgement and
associated interventions to be a key part of supporting the development of an industry harm
minimisation framework.

Performance metrics across risk score percentiles

The full range of accuracy, hit-rate and precision performance metrics can be measured for
any threshold set across the risk score percentiles, as shown in Figure 32.

100%

80%
\

60%

40%

20%

Performance metric

0%
0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
Customers ranked by risk score percentile (low to high)

Accuracy —— Hit-rate Precision

Figure 32. The performance metrics accuracy, hit-rate and precision presented across the
percentiles of risk score

This illustrates the range of thresholds that could be chosen for the purposes of classifying an
observed customer as a problem gambler. However, that decision is dependent on the
associated cost trade-offs between false positives and false negatives. A preference for
minimising false positives is achieved through increased precision i.e. avoiding falsely
predicting self-reported non-problem gamblers as problem gamblers, whilst a preference for
minimising false negatives is achieved through an increased hit-rate i.e. capturing a higher
proportion of true problem gamblers as problem gamblers. We include three thresholds below
as illustrations, not recommendations at this stage.
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Low threshold: above-chance classification

A low threshold for identifying problem gamblers, resulting in a higher proportion of
customers classified as problem gamblers, is set whereby any lowering of that threshold
would incrementally classify problem gamblers correctly at a rate lower than the base rate of
the sample. Using this criterion, false negatives are judged to be proportionally more
important than false positives. See Figure 33 for a visual illustration.

Figure 33. The threshold is set at the

Low threshold o
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Mid threshold: maximised classification accuracy

A mid-level threshold for identifying problem gamblers, resulting in a balanced proportion
of customers classified as problem gamblers, is set at the point that maximises the
classification accuracy. Using this criterion, both false negatives and false positives are judged
to be equally important. See Figure 34 for a visual illustration.

Figure 34. The threshold is set at the
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High threshold: minimal rate of false positives

A high threshold for identifying problem gamblers, resulting in a lower proportion of
customers classified as problem gamblers, is set at a level that minimises a cost
function whereby false positives are explicitly three times more important to avoid than false
negatives. See Figure 35 for a visual illustration.
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Figure 35. The threshold is set at the
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Setting multiple thresholds by segment

The approach above is used to identify three contrasting thresholds across all customers in
segments 1-4. However, the approach can also be used to assign distinct thresholds for each
segment. Aggregated together classifying customers using segment-specific thresholds further
improve the classification performance metrics.

Table 18. Performance metric comparison across low, mid and high threshold case studies,
set either uniformly over segments 1-4 or tailored to each segment

Low threshold Mid threshold High threshold

Uniform thresholds

Accuracy: 75.0% 76.8% 68.1%
Hit-rate: 81.3% 61.9% 16.3%
Precision: 62.3% 71.2% 85.2%
Segmented thresholds

Accuracy: 75.2% 77.8% 71.1%
Hit-rate: 81.3% 66.7% 25.8%
Precision: 62.5% 71.0% 85.8%

Interim conclusions

Varying the classification threshold for identifying problem gamblers allows an explicit trade-
off between false positives and false negatives. This would facilitate a graded intervention
strategy that could allow operators to take alternative actions, dependent on their levels of
confidence in the customer risk. Developing an industry intervention strategy will be explored
in the next phase of work.
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7.6 Identifying daily triggers

The highest risk problem gambler presented in Figure 25 and the illustrations of problem
gamblers from across segments in Figure 29 are all characterised by and present examples of
volatile, erratic behaviour with many unexpected spikes across their betting profiles. Such
spikes in betting behaviour that are specifically characteristic of problem gambler may go
undetected by risk models that are slow to react (e.g. if updated daily overnight) and that dilute
extreme behaviour with preceding betting behaviour observed. To reduce the risk of harm,
problem gambling behaviours should be detected, and interventions enacted as quickly as is
appropriate.

To supplement the existing models, a micro-clustering approach is taken to identify particular
patterns of behaviour that are unique to problem gamblers at a daily level. The development
of such ‘daily triggers’ will allow operators to take action in-the-moment. We have
tested this approach using segments 1-4 where the majority of problem gambling play occurs
in the sample.

Daily segmentation through micro-clustering

Micro-clustering was conducted to identify patterns and groupings across a sample of
approximately 434,000 individual betting days across the dataset. After preliminary analyses,
an approach was refined using a key set of 6 daily attributes:

e By customer segment

e Bet value

e Bet volume

e Outcome of previous betting day (net win or net loss)
e Bet value on previous betting day

e Bet volume on previous betting day

Micro-clustering was used to identify patterns of daily play in those subsets of data that are
distinctive to problem gamblers. For example, whether and to what extent the number of bets
placed increase from one day to another in reaction to a net winning day on the previous
betting day.

A summary of the daily triggers identified is presented in Table 19. Examples of the type of
‘daily triggers’ identified are shown in Figure 36. A full list of the individual daily triggers
identified is presented in Appendix 11.
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Table 19. Summary of daily triggers identified

Segment Reaction Number of Betting days flagged by =~ Problem gamblers flagged

daily triggers daily triggers by daily triggers
1 After win 5
162 (1.1%) 47 (36.4%)
After loss 4
2 After win 6 (1.8%) ( %
244 (1.8% 35 (25.2%
After loss 8
3 After win -
50 (1.1%) 11 (12.0%)
After loss 4
4 After win 9
192 (1.3%) 7 (10.9%)
After loss 3
Reaction to win Reaction to loss
5000 Example betting day 800 Example betting day
4500 flagged by daily trigger T e 700 flagged by daily trigger > '3
4000 * 600 *
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B 2000 D 300
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200
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Betting day Betting day

Figure 36. Daily triggers for customers in segment 2 (high volume gaming bettors)

Interim conclusions

The daily triggers approach reveals interesting inter-day patterns of play that are unique to
high risk and problem gamblers, and which vary between customer segments. A total of 39
individual daily triggers were identified, which when observed, can be used to prevent
potential harmful gambling behaviour in-the-moment as it is occurring.

However, it is considered that the observed daily triggers are specific instances of harmful
behaviour that are indicative of a deeper structure, and which should be converted into
broader preventative rules that can be deployed to flag high risk play behaviour for appropriate
intervention. For example, for segment 2 (high volume gaming bettor):

e If they have a bet volume > 800 and increase bet volume by 50% or more on the next
betting day

This was not explicitly covered in the present study and merits further exploration with the
online operators.

61



7.7 Illustration of detection mechanisms applied over time

The refined risk score can be calculated on a continuous basis with rolling windows applied
over any period of time. An illustration is presented in Figure 37 that shows the total amount
staked per day over a year for an example problem gambler from segment 1 (high intensity
mixed gamer) and the associated risk score calculated using the preceding markers over a
rolling 3-month period. Notably, using a 3-month window requires a minimum of 3 months
of observed behaviour before creating a risk prediction and to allocate a customer to a segment
(see Figure 26 and Appendix 9 for a comparison of window length performances).

Individual days that were flagged using the daily triggers are also highlighted. These indicate
occasions where in-the-moment interventions could be made, thereby overriding the current
risk score — which would otherwise only be updated prior to the next betting day and after the
harmful betting day has transpired.

Figure 37. The total daily stake

£5k
# Daily triggers for an example problem gambler
@ £4k from segment 1 (high intensity
e * mixed gamer), the associated
£ £3k 3 risk score and individual days
= * flagged using the daily triggers
S £2k
E| IR
2 £1k
£k
> 2 = e B > ) = Qa — = >
§§h2%5£5i§£§3§
1.0
® 0.8
S 0.6 W
n
% 0.4
~
0.2
0.0
> =] = o0 [= TR 1 > Q =] Q =] = >
g@ﬁéﬁéégr‘%mg%g
Low risk Moderate risk —— High risk

62



8. Marker testing

We requested additional data for approximately 1,000 customers over a 13-month period from
the same four operators and in the same formats as previously provided. The data was required
to include the same demographic and behavioural markers in order to recreate the
methodology outlined in this study. At least 60 customers (6%) were requested to be flagged
as problem gamblers using the operators’ own existing identification and verification
mechanisms.

However, an additional dataset with operator identified problem gamblers was only provided
by one operator and for another only a self-exclusion criterion for identifying problem
gamblers was provided. The findings for the one operator who provided the required dataset
are below.

Operator 1 provided data for 984 customers: 86 flagged customers (9%), and 898 active
customers (91%). The flagged sample was a mix of 50 self-excluded customers and 36 operator
excluded customers — where the operator had conducted sufficient processes to be confident
that the customer was gambling in a harmful manner. All customers were then assigned to
different segments and risk bands and segments using the statistical clustering and predictive
modelling from this study. For the statistical clustering, 92% of the flagged customers and 38%
of the active customers were classified as being in segments 1 to 4. See Figure 38 for those
customers classified in segments 1 to 4 and Table 20 that presents the performance metrics
for the mechanisms applied to this new data. The hit rate for each threshold exceeds the
optimised segment models but precision is significantly reduced.

Segments 1-4
50%

40% 39%
(]

30% 31%
30% 24%
21%1 8% 20% B Active customers
0,
20% o o u Self-excluded
11% 11% 9%
10% I 5% I % ® Operator excluded
N l =

0
No risk Low risk Mod. risk High risk
Predicted risk classification

w

Percentage of customers
across segments

X

Figure 38. Active customers and customers flagged as problem gamblers using operator 1’s
existing identification methods compared with the predicted risk classification using the
predictive model and illustrative thresholds
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Table 20. Performance metrics for the active and flagged customers provided by operator 127

Low threshold Mid threshold High threshold

Operator excluded

Accuracy: 83% 85% 87%
Hit-rate: 81% 69% 31%
Precision: 45% 49% 62%
Self-excluded

Accuracy: 82% 83% 87%
Hit-rate: 74% 54% 30%
Precision: 42% 43% 61%

Interim conclusions

For operator 1 the three risk bands applied to the flagged sample have comparable hit-rates to
the original results using the self-report measure of problem gambling. Notably, the operator
excluded sample is shown to have a higher hit-rate across risk bands than for self-reported
problem gambling, which supports the finding from Phase 1 that self-exclusion is not a direct
proxy for problem gambling. Whilst the sample size is small it indicates that the mechanism
developed with a self-reported PGSI for identifying problem gamblers using automated
markers also holds for problem gamblers identified through more manual and lengthy
customer processes.

The precision scores are lower across risk bands for the operator testing dataset compared
with the original self-reported dataset. This either implies:

e Over-sensitiveness of the present methodology at identifying problem gamblers in the
operator data

e There are customers exhibiting problem gambling behaviour which were not identified
using the operator mechanisms

We can conclude that with a comparable hit rate between the proxy self-reported problem
gamblers (PGSI: 8+) and operator identified problem gamblers there is a degree of confidence
that this testing data set will hold up in an operational environment. However, the conclusion
is limited by the availability of information provided to perform this test. We recommend that
further validation is performed on a dataset containing proven problem gamblers’ behaviour,
ideally with a set of customers identified via independent processes e.g. another research
process that has identified problem gamblers via more extensive and perhaps qualitative
investigation.

27 For comparison the proportion of flagged customers is rescaled to the 14.6% of problem gamblers in
the sample for the predictive models across all segments
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9. Application discussion

9.1  Summary of findings

In this study we examined different markers throughout three states of the customer lifecycle:
on-entry, over time and in-the-moment. A refined set of 22 predictive markers, across
demographics and behavioural summaries and 39 instances of daily triggers were used to
identify problem gambling. These provide insight into how actions could be taken at various
phases of the relationship with a customer.

Table 21. Summary of problem gambling markers

Category Identification Markers
Demographic ~ On-entry 8
Predictive Behavioural Builds over time 14
Model
61 markers Daily triggers In-the-moment 39

We defined a set of questions we aimed to answer in this study and summarise our findings
here:

e Can remote problem gamblers be identified by their online transactional behaviour?

Yes. After transactional behaviour is observed, remote problem gamblers are more clearly
identifiable. In particular, problem gamblers typically place higher value bets, bet in higher
volumes on days that they gamble and deposit money more frequently. However, they are also
more erratic on the days that they play and the amount they bet when they do. Moreover,
operators can identify many gamblers with a high risk of harm accurately with a week of play
data, with further evidence that builds over time, beginning to plateau between 3 and 6 months
of data.

e How soon can operators identify remote problem gamblers in their customer life-
cycle?

Demographic markers such as age, gender, and the age of the account are available to
operators before customers deposit money or place a bet. However the data presently collected
by the four operators does not cover all the markers that were identified to be predictive at this
point. Furthermore, only a few very distinct demographic groups generate meaningfully high
risk scores at this point in the customer lifecycle, and therefore transactional data are also
required to provide sufficient evidence of problem gambling. Our analysis suggests that such
predictions can be made after 1 week of transactional data and mature after 3-6 months.

The use of daily triggers also enable an operator to detect and intervene in-the-moment during
any day of play that is highly predictive of problem gambling.
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e Do markers of remote problem gambling vary for different groups of customers?

An examination of gambling profiles revealed nine distinct customer segments, of which four
were notably higher risk with a significantly higher proportion of problem gamblers. For each
segment there were unique behavioural and daily trigger markers identified but also many
similarities across segments. However, tailoring the approach of classifying customers as
problem gamblers according to their gambling profile segment improves the ability to respond
to these different customers.

e Could operators identify a remote problem gambler ‘in-the-moment’?

We have identified specific unique markers of problem gambling related to play activity that
can be used as triggers to intervene in-the-moment rather than wait for a risk score to develop
over time. These need to be converted into rules that can be applied consistently across the
customer base to enable in-the-moment interventions.

e  What markers are practical to implement online, especially given the level of false
positives for those predicted as remote problem gamblers?

Models of this type can be highly predictive but can have a significant false positive rate. We
have illustrated different threshold scenarios that enable an operator to trade off detection
versus precision and customise these thresholds for different segments, devising an
appropriate intervention to match the degree of confidence in the problem gambler prediction.

9.2  Marker usage throughout the customer lifecycle

At each state of the customer life cycle there are practical applications of these markers but
also limitations that need to be considered in any operational model used by operators.

On-entry — the demographic predictions demonstrated that there are relevant markers that
operators can use on-entry but that only generate meaningfully high problem gambling risk
scores for distinct customer groups. This suggests that account creation filters based on basic
demographic data presently collected by operators would be quite limited. We have
demonstrated additional demographic data adds to the model performance so we propose to
test in Phase 3 pilots what additional data could be collected on account creation to improve
identification on-entry.

Over time — as a new customer begins to play their betting activity will build a profile that
defines their relevant segment and generates a behavioural risk score which matures at around
three months of play. Whilst transaction behaviour provides strong signals of problem
gambling where the customer is a primary account user, the impact of multi-operator
gambling needs to be considered in certain segments which could mean the models miss
problem gamblers due to low volume betting profiles. We also note from a practical
perspective that customer contact data may add additional predictive markers but this needs
more work by the operators to able access. Until these data sets are available and can be
considered, their inclusion is not practical.

In-the-moment — we have identified daily triggers, which are distinct daily betting patterns
observed by problem gamblers. These can be used to identify when play behaviour observed
within a day crosses a threshold for a particular daily trigger ‘rule’ that is associated with
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problem gamblers. This approach enables operators to intervene immediately as harmful play
is detected and suggest harm minimisation actions.

Application of these approaches in live operator environments would allow a more effective
and automated mechanism for the identification of problem gamblers or behaviour indicative
of problem gambling. Phase 1 noted that the main method operators currently use to
determine where there is an actual or potential harm occurring is through a number of manual
review processes such as a conversation with a trained call centre expert, complemented by a
review of information from public sources such as Facebook and LinkedIn.

Developing such a mechanism would allow more consistent problem gambler classification
and mitigation across the industry, thereby reducing costs and the rate of false negatives
during detection i.e. those problem gambler that previously went undetected because it relied
on a reaction by the operator such as a call centre alert.

9.3 Graded intervention

The behavioural summary risk scores enable a graded intervention strategy. This would allow
operators to take alternative actions, dependent on their levels of confidence in a customer’s
risk. Further exploration of such a strategy and the development of specific interventions
would be addressed in a next phase of the project (Phase 3). An indicative strategy is presented
in Figure 39.

1.0
o8 Limit betting

o Contact customer

8 0.6

@ =~ Add to watch list

% 0.4

~
0.2 T o

Observe daily trigger:

0.0 Enact in-the-moment
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Daily triggers Low risk Moderate risk High risk

Figure 39: Illustration of a potential graded intervention strategy

The behavioural risk score would run daily to score all customers and group them into high
risk, moderate risk, low risk or no action groups so specific interventions could be
implemented. The risk scores are an aggregate of behaviour over time so may not be
immediately sensitive to volatile or sudden higher volumes of play. This can be complemented
by daily trigger markers run continuously that when triggered initiate in-the-moment
interventions (e.g. in game messaging, automated protection limits or customer service
intervention) to limit harmful play.

This combination of daily and continuous marker detection would cover a range of behaviour
over the customer life cycle.
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9.4  Operator detection model recommendations

Having identified a method by which problematic gambling can be detected from data held by
operators, we summarise here a set of principles we recommend operators use in their ongoing
and future practices to minimise harm. Applying these principles to an operational model that
can be used in practice will be developed and tested in the next phase, which is discussed in
the next section. Based on our learnings from Phase 1 and 2 of research our view is that
operators should:

1. Use self-reported PGSI survey results to train detection models, not self-exclusion data
2. Use a range of data sets in detection models, including:

a. Demographics (e.g. age, gender)

b. Account activity (e.g. deposits, withdrawals, use of protection tools)

c. Play activity (e.g. volume of bets)

d. Customer service contacts28

3. Use customer segmentation based on play behaviour to identify higher risk gambling
groups

4. Use multivariate models to capture complex combinations of features

5. Run detection models from the day the account is created, starting with demographic data
to identify higher risk groups

6. Update detection models daily to create customer risk scores that change as play behaviour
develops over time

7. Complement this with daily detection of specific problem gambling triggers to enable
immediate investigation and potentially intervention

8. Use risk thresholds customised by segment to set detection and intervention policies

9.5 Limitations

The present study explored a range of predictive markers of problem gambling. Throughout
the design principles, approach and method, various limitations are highlighted. Whilst the
response rate is reasonable compared to typical online surveys, unknown biases have to be
accepted as a potential limitation. In addition, we note two key areas that could not be
examined with the present dataset.

Operator-held data concerning the use of customer protection tools and customer service
contacts were not consistently available and could not adequately be assessed in the context
of the other predictive markers. These are expected to reveal significant markers of problem
gambling, which could be used to improve interventions over the customer life-cycle.

Furthermore, not all operators were able to provide data at the individual bet level. There is
evidence to suggest the proportion of sports betting placed between 0-4am is an important
marker of problem gambling. However, there may be other distinct patterns observed within-

28 Following additional research that measures any incremental performance improvement through
their inclusion
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day that could be used as additional behavioural markers or that could be used as the basis of
additional daily trigger preventative rules.

Evidence provided by the present study also suggests that there are many problem gamblers
that play across online and retail channels and with multiple operators. This would result in
underestimated risk scores for problem gambling that are analysed separately for each account
rather than from behaviour across accounts. We therefore propose to test the feasibility of a
multi-operator detection capability, which we recommend to explore in Phase 3 of the
programme.

Furthermore, given the inherent bias during sampling towards active customers, many of the
conclusions for the present study cannot be generalised to the larger population of online
gamblers at this stage. In particular, precision scores throughout the analyses are likely to be
inflated as a result of problem gamblers being overrepresented in the samples collected. This
is partly mitigated by refining the predictive models to the four highest risk segments only,
which are less likely to be diluted by low volume customers excluded from the present study.
However, this limited the scope of analysis to that reduced set of customers and for which the
prevalence in the population is unknown.

The application of varying thresholds for classification requires a cost trade-off between falsely
predicting self-reported non-problem gamblers as problem gamblers (false positives) and
failing to predict true problem gamblers as problem gamblers (false negatives). This has
important ethical implications because it requires a direct comparison between over-action
and inaction. Setting the net too wide, thereby increasing the rate of false positives has both a
direct financial cost to the operators and a welfare cost of intervening with customers that are
not problem gamblers or not at risk of becoming one. In contrast setting the net too narrow,
thereby increasing the rate of false negatives has the moral and social consequences of
allowing problem gamblers to continue gambling. This is beyond the scope of the present study
but needs to be considered in Phase 3 as part of any intervention strategy developed.

9.6  Conclusions

So to conclude: can available operator data identify markers that could be predictive of
problem gambling? Yes, this study has demonstrated that there are opportunities to identify
markers across the customer lifecycle and across three gaming verticals. There are key
limitations around multi operator play but with a combination of approaches markers can be
detected across the life-cycle to identify problem gamblers, and therefore harm can be
minimised with the appropriate use of interventions. This is the focus of the next phase of this
programme.
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10. Recommendations for Phase 3

The overall objective of a Phase 3 is to develop, test and refine an intervention strategy for
minimising harm from remote gambling in the UK. By using the predictive markers and
exploratory approaches developed in Phase 2, we aim to start identifying individuals at risk of
harm in a pilot experiment running against live customer betting. We would then begin testing
the efficacy of a set of industry agreed interventions to see what, if any, are effective at reducing
the sort of play patterns we believe are predictive of problematic gambling. The outcome of
Phase 3 would be a model containing operationally tested markers that can be utilised by
remote bookmakers in their responsible gambling operations, and some recommended
interventions. Recommendations will be based on an evaluation of the impact on reducing
harmful or risky gambling behaviour and practicality.

We aim to achieve this phase’s goals through the following steps which we recommend to start
in 2017:

a) Learning workshops — enable gambling operators to learn and embed the knowledge
and capabilities developed over Phase 2 to ensure a base-line capacity for harm
identification in the industry. Therefore mitigate the risk of limited or differentiated
responses due to a lack of consistent training.

b) Pilot test design — design a framework and parameters for an industry pilot test in
order to recruit operators. Incorporate operator, regulator and other stakeholder
feedback early and check the technological feasibility of intervention types before
starting design.

c) Industry intervention framework — establish an intervention strategy for operators to
pilot, which would stratify gamblers based on agreed risk thresholds and have
appropriate interventions deployed (e.g. monitor, message, exclude). We recommend
that an industry working group could build on ongoing work on intervention
messaging which we believe could be made available as an input to this phase.

d) Live pilot test — test in a live pilot the usefulness of the risk algorithm to identify at-
risk customers and the effectiveness of interventions to reduce harmful gambling.
Player behaviour will be monitored over time to understand the effects of the
interventions. Within this pilot, an operational model that can be deployed by
operators will be developed. The operational model should incorporate a number of
improvements identified in this study such as daily triggers and customer
segmentation.

d) Broader application feasibility — study the feasibility of a range of ways to create a
broader industry-wide harm minimisation framework, incorporating the strategy
developed and tested in this research programme, but widening it for further
application (e.g. use in land-based environments, links to self-exclusion schemes, the
creation of a ‘national risk register’ with cross-operator data sharing). A feasibility
study would test the legal, technical and commercial considerations of a variety of
enhancements.
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11. Glossary

Gross Gambling Revenue - For games in which the operator accepts risk gross gambling
revenue is defined as stakes less winnings; for games in which the operator accepts no risk
gross gambling revenue is the revenue that accrues to the operator (e.g. commission or
equivalent charges)

Harm (no commonly accepted definition) - The adverse financial, personal and social
consequences to player, their families and wider social networks that can be caused by
uncontrolled gambling

Marker - A behaviour or indicator which can be used to reliably predict another behaviour or
state, such as problem gambling

Problem gambling (no commonly accepted definition) - A progressive disorder
characterised by a continuous or periodic loss of control over gambling; a preoccupation with
gambling and with obtaining money with which to gamble; irrational thinking; and a
continuation of the behaviour despite adverse consequences

Problem Gambling Severity Index (PGSI) - A measure that allows for the assessment of
social and environmental aspects of gambling with the ability to identify levels of problem
gambling

Operator identified problem gambler - In this context we mean a customer where an
operator has completed sufficiently thorough investigations (which often means manual
processes completed by an expert) that a player is ‘frozen’ or the account is closed. There is no
commonly accepted means of proving someone is a problem gambler by operators. The PGSI
is a validated measure but it is self-reported.

Risk score - A problem gambling risk score is calculated for each customer using the
predicted probability of being a problem gambler from the predictive modelling.
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12. Appendix
Appendix 1: customer survey

RGT remote gambling research

Introduction

Welcome to the Responsbile Gambling Trust (RGT) remote gambling research study. The RGT is the
leading charity in the UK committed to minimising gambling related harm. RGT has engaged PwC for
their support in improving customer protection during online gambling. As a customer of online
gambling, we would be delighted if you would participate in this important study. It will take no longer
then 5 minutes to complete

The survey will ask you questions about your experience of online gambling. When answering these
questions please think about them as referring to your online gambling only, unless the question says
otherwise.

All information provided in this survey will be kept anonymous and will not be used beyond research
purposes or shared with your gambling operator. Your name will not be requested at any point.

By participating in this survey, you will have the chance to win 1 of 10 iPads we’re giving away.

Completing the Survey

The 'Back’ and 'Next' buttons at the bottom of each screen allow you to navigate through the survey.
Please note that using the web browser 'back’ button will take you out of the survey without saving
your answers.

Some screens may require you to use the scroll bar at the right-hand side of the screen in order to
move down the page and answer the rest of the question. The navigation buttons will be located at the
end of each set of questions.

It is best to complete the survey in one sitting. However, if you need to save your questionnaire and
return to it later, please do so by clicking the ‘Save now, complete later’ button, located in the top right
hand corner of your screen. To restart the survey click on the link included in your email message. The
survey will open at the last question submitted.

Q1) Which of the following do you consider to be the main device that you use to place bets online.
(Please select ONE only)

Mobile 1

Tablet 2

Computer 3
Other (please specify) 94

Q2) How much time do you estimate you spend gambling online? (hours per week)
(Please select ONE only)

< 2 hours per week

2 - 5 hours per week

6 — 10 hours per week

> 10 hours per week

\O
O\AOJMH

Don’t know/Prefer not to say
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Q3) How many online gambling sites do you currently gamble with?
(Please select ONE only)

AW N -

5
More than 5
Don’t know/Prefer not to say

Q4) What is your current employment status?
(Please select ONE only)

Employed full time

Employed part time

Self-employed

Not employed, but currently looking for work
Not employed, but not currently looking for work
Student

Retired

Staying at home to raise a family

Staying at home to care for a friend / family member
Other (please specify)

Don’t know/Prefer not to say

Q5) What is your marital status?
(Please select ONE only)

Single, never married

Married/Civil Union/Civil Partnership
Living with partner

Separated

Divorced

Widowed / widower

Prefer not to answer

Other (please specify)

Don’t know/Prefer not to say

Q6a) Do you have children?
(Please select ONE only)

N (W N =

\O
(@)}

\O NO
AR O [P |G A 0N =

SR N[ [ o o =

Yes

Continue

to Q6b

No

Don’t know/Prefer not to say 96

Skip to
Q7
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Q6b) [IF YES AT Q6A] What age groups do they belong to?
(Please select ALL that apply)

0 — 5 years old

6 — 10 years old

11 — 15 years old

16 — 18 years old

> 18 years old

Don’t know/Prefer not to say

\O
O\O‘IAOONH

Q7) Please indicate to which occupational group the Chief Income Earner in your household

belongs, or which group fits best.

(Hover: Chief Income Earner is the person in your household with the largest income)
If the Chief Income Earner is retired and has an occupational pension please answer for

their most recent occupation.

If the Chief Income Earner is not in paid employment but has been out of work for less than

6 months, please answer for their most recent occupation. )
(Please select ONE only)

Semi or unskilled manual work (e.g. Manual workers, all apprentices to be skilled
trades, Caretaker, Park keeper, non-HGV driver, shop assistant)

Skilled manual worker (e.g. Skilled Bricklayer, Carpenter, Plumber, Painter, Bus/
Ambulance Driver, HGV driver, AA patrolman, pub/bar worker, etc.)

Supervisory or clerical/ junior managerial/ professional/ administrative (e.g. Office
worker, Student Doctor, Foreman with 25+ employees, salesperson, etc.)
Intermediate managerial/ professional/ administrative (e.g. Newly qualified (under 3
years) doctor, Solicitor, Board director small organisation, middle manager in large
organisation, principal officer in civil service/local government)

Higher managerial/ professional/ administrative (e.g. Established doctor, Solicitor,
Board Director in a large organisation (200+ employees, top level civil
servant/public service employee)

Student

Casual worker — not in permanent employment

Homemaker

Retired and living on state pension

Unemployed or not working due to long-term sickness

Full-time carer of other household member

Don’t know/Prefer not to say

Q8) Have you ever had concerns about your gambling behaviour?
(Please select ONE only)

Yes
No

Don’t know/Prefer not to say

L2 (B o|N (o] o

96
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Qoa) Have you ever used any safeguards to restrict your online gambling behaviour? (Hover text:

Safeguards — definition to be provided)
(Please select ONE only)

Yes
No

Don’t know/Prefer not to say

Continue to

1 Qob
2 Skip to Q10
96

Qob) [IF YES AT QoA] You have indicated that you have used safeguards to restrict your online

gambling behaviour. Please provide further details of the safeguards you have used.

(Please select ALL that apply)

Deposit Limits

Time Limits

Time-Outs

Self-exclusion from an operator

Contacted the National Gambling Helpline
Accessed information from Gamble Aware
Contacted Gamblers Anonymous

Other

If ‘Other’, please indicate in the box provided

\O
AN (NG RN =
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Q10) Thinking about the last 12 months of online gambling...
(Please select ONE response for each row)

Most of Almost

Never Sometimes  the time always
Have you bet more than you could really afford to
1 0s e? Oo O1 02 03
Have you needed to gamble with larger amounts of
money to get the same feeling of excitement? 0o o1 02 03
When you gambled, did you go back another day to
try to win back the money you lost? 00 o1 02 03
Have you borrowed money or sold anything to get
money to gamble? 00 o1 02 03
Have you felt that you might have a problem with
gambling? 00 o1 02 03
Has gambling caused you any health problems,
including stress or anxiety? 0o o1 02 03
Have people criticised your betting or told you that
you had a gambling problem, regardless of whether 0o 01 02 03
or not you thought it was true?
Has your gambling caused any financial problems
for your household? 0o o1 02 03
Have you felt guilty about the way you gamble or
what happens when you gamble? 0o o1 02 03

Q11a) Which of the following gambling activities have you taken part in online in the last 12

months?
(Please select ALL that apply)

Lottery

Bingo

Poker

Casino games

Slots and gaming machines
Betting exchanges

Spread betting

Betting on horse racing
Betting on football

Betting on other sports or events
Don’t know/Prefer not to say

Q|5 o [N |ovfw [ [wo o=
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Q11b) How frequently do you take part in these gambling activities online?
(Please select ONE response for each row)

Every 2-3 2-3
Once a 2-3 Oncea times times
Never year months month a Weekly = aweek Daily

3 4 mont 6 7 8
Lottery o1 02 03 04 05 06 07 08
Bingo 01 02 03 04 05 06 07 08
Poker 01 02 03 04 05 06 07 08
Casino games 01 02 03 04 05 06 07 08
Slots and gaming o R R o o o o o
machines ! 2 3 4 5 ¥ 7 ¢
Betting exchange 01 02 03 04 05 06 07 08
Spread betting o1 02 03 04 05 06 o7 08
Betting on horse racing 01 02 03 04 05 06 07 08
Betting on football 01 02 03 04 05 06 07 08
Betting on other sports or o o o o o o o o
events ! 2 3 4 ° ¥ 7 Ny

Q12a) Thinking outside of your online gambling, what forms of gambling activities have you taken
part in on the high street, in betting shops, in casinos or other retail premises in the last 12

months?

(Please select ALL that apply)

Lottery

Bingo

Poker

Casino games

Slots and gaming machines
Betting on horse racing

Betting on football

Betting on other sports or events
Don’t know/Prefer not to say

LB [\ |mw | | b |~

1




Q12b) How frequently do you take part in these gambling activities in retail premises?
(Please select ONE response for each row)

Every 2-3 2-3
Once a 2-3 Oncea times times
Never year months month a Weekly = aweek Daily
3 4 mont 6 7 8
Lottery o1 02 03 04 05 06 07 08
Bingo 01 02 03 04 05 06 07 08
Poker 01 02 03 04 05 06 07 08
Casino games 01 02 03 04 05 06 07 08
Slots and gaming o R R o o o o o
machines ! 2 3 4 5 0 7 ¢
Betting on horse racing o1 02 03 04 05 06 o7 08
Betting on football o1 02 03 04 05 06 o7 08
Betting on other sports or
O1 02 03 04 O35 06 O7 08

events

Thank you for taking the time to complete this survey.
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Appendix 1.1: supplementary customer survey results

Q10) Thinking about the last 12 months of online gambling...
(Please select ONE response for each row)

PGSI Non-problem Low risk Moderate risk Problem gambler
[ (] [}
» £ o E = v E =
3 = 4 = © I g
5 5 E 2|5 E 2 2|5 E 2 2
. — < —_ e © — < [
Questions 3 3 D = 3 o = - 3 © I =
z z g S z g o 3 z g [ 3
) 2 w» g E » ¢ E
= = < = <
When you gambled, did you go
back another day to try to win 3,954 1,128 2,458 29 285 1,817 262 44 12 300 232 135
back the money you lost?
Have you felt guilty about the
way you gamble or what 3,954 3,119 496 - 795 1,561 46 6 26 367 177 109
happens when you gamble?
Have you bet more than you
could really afford to lose? 3,954 3115 500 B 986 1,388 29 5 25 455 128 71
Have you felt that you might
have a problem with 3,954 3,394 221 - 1,009 1,378 18 3 20 462 139 58
gambling?
Have you needed to gamble
with larger amounts of money
to get the same feeling of 3,954 3,082 529 4 |1,258 1,001 45 14 | 113 403 121 42
excitement?
Have people criticised your
betting or told you that you
had a gambling problem, 3,954 3,022 590 3 1,208 1,031 70 9 100 376 134 69
regardless of whether or not
you thought it was true?
Has gambling caused you any
health problems, including 3,954 3,536 79 - 1,917 486 5 - 111 447 79 42
stress or anxiety?
Has your gambling caused any
financial problems for your 3,954 3,609 6 - 2,101 306 - 1 163 397 75 44
household?
Have you borrowed money or
sold anything to get money to 3,954 3,597 18 - 2,199 204 3 2 |240 359 53 27

gamble?
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Q11b) How frequently do you take part in these gambling activities online?
(Please select ONE response for each row)

Freq. Activity Non-problem Low risk Moderate risk Problem gambler
Spread betting 7 11 11 6
Betting exchanges 82 97 84 19
Poker 11 15 20 13
Bingo 27 30 38 13
= Slots and gaming machines 24 34 53 56
8 Casino games 11 21 38 42
Betting on other sports or events 49 57 102 57
Lottery 23 26 30 16
Betting on horse racing 427 354 360 113
Betting on football 215 348 417 175
Spread betting 17 19 16 2
Betting exchanges 88 102 72 22
”é Poker 25 33 38 10
2 Bingo 41 43 51 23
o Slots and gaming machines 71 97 154 76
g Casino games 33 69 98 57
fj) Betting on other sports or events 135 173 179 57
& Lottery 209 283 176 52
Betting on horse racing 509 484 352 86
Betting on football 737 960 720 165
Spread betting 17 23 36 4
Betting exchanges 83 97 95 33
Poker 37 44 47 17
5, Bingo 58 81 50 19
% Slots and gaming machines 114 189 167 67
§ Casino games 79 128 136 75
Betting on other sports or events 270 356 280 65
Lottery 875 659 416 93
Betting on horse racing 620 514 324 76
Betting on football 1,439 1,167 585 126
Spread betting 14 18 16 9
o Betting exchanges 43 65 60 15
*g’ Poker 41 62 48 14
& Bingo 78 86 60 25
s Slots and gaming machines 97 160 136 45
g Casino games 94 142 144 51
-5 Betting on other sports or events 298 376 254 64
P Lottery 219 225 138 45
« Betting on horse racing 351 362 213 38
Betting on football 443 345 164 34
Spread betting 14 21 16 11
Betting exchanges 32 48 38 12
= Poker 41 66 75 29
é Bingo 67 80 68 21
g Slots and gaming machines 84 127 122 38
b Casino games 101 169 137 59
2 Betting on other sports or events 279 318 223 40
o Lottery 208 237 157 39
Betting on horse racing 240 220 139 37
Betting on football 177 131 82 18
Spread betting 15 35 30 6
“ Betting exchanges 61 61 63 12
S Poker 131 210 190 47
5 Bingo 176 170 151 49
i Slots and gaming machines 193 256 168 37
& Casino games 188 345 260 66
QE; Betting on other sports or events 488 489 242 39
A Lottery 331 390 243 45
Betting on horse racing 502 510 228 50
Betting on football 169 124 62 20
Spread betting 11 20 30 7
Betting exchanges 14 36 29 9
. Poker 56 107 81 27
§ Bingo . . 102 128 104 32
o Slots and gaming machines 93 116 70 6
I Casino games 112 156 130 12
8 Betting on other sports or events 139 108 57 8
Lottery 75 97 56 11
Betting on horse racing 354 323 166 28
Betting on football 26 18 11 2
Don’t know / Prefer not to say 16 9 5 5
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Q12b) How frequently do you take part in these gambling activities in retail premises?
(Please select ONE response for each row)

Freq. Activity Non-problem Low risk Moderate risk Problem gambler
Betting on football 14 30 54 43
Betting on horse racing 34 36 52 31
Betting on other sports or events 2 6 15 20
%‘ Bingo 2 2 2 2
A Casino games 4 2 5 9
Lottery 3 7 8 7
Poker 1 3 2 3
Slots and gaming machines 1 7 6 11
Betting on football 73 97 114 49
'T;E Betting on horse racing 80 78 95 42
= Betting on other sports or events 20 18 22 21
© Bingo 4 5 8 6
g Casino games 3 5 14 13
B Lottery 103 99 72 25
&m Poker 2 2 4 4
Slots and gaming machines 14 12 34 20
Betting on football 312 299 282 84
Betting on horse racing 172 162 159 47
. Betting on other sports or events 38 45 71 23
= Bingo 16 22 13 6
§ Casino games 8 22 31 30
Lottery 463 384 245 78
Poker 16 8 10 12
Slots and gaming machines 30 46 80 47
Betting on football 180 220 176 48
Betting on horse racing 166 195 166 49
g = Bfetting on other sports or events 51 57 81 28
g E Bingo 16 13 13 6
i g Casino games 12 24 40 18
& Lottery 212 181 135 44
Poker 3 12 15 6
Slots and gaming machines 33 86 90 51
Betting on football 130 165 121 33
<= Betting on horse racing 134 131 116 31
g Betting on other sports or events 45 64 59 19
g Bingo 23 25 19 8
s Casino games 20 45 50 30
] Lottery 209 228 130 45
o Poker 13 22 23 11
Slots and gaming machines 47 94 72 29
" Betting on football 297 348 207 41
g Betting on horse racing 341 345 224 42
S Betting on other sports or events 98 134 82 23
fo Bingo 69 55 53 15
& Casino games 83 164 127 41
E Lottery 338 382 194 44
3 Poker 37 68 67 11
Slots and gaming machines 135 183 141 39
Betting on football 103 110 68 11
. Betting on horse racing 229 214 130 29
§ Bfettlng on other sports or events 47 51 36 6
© Bingo 52 54 34 13
g Casino games 80 123 77 21
§ Lottery 106 109 64 13
Poker 32 52 38 15
Slots and gaming machines 62 75 57 16
Don't know / Prefer not to say 53 62 34 15
Online only 1,417 1,094 633 135
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Appendix 2: customer service markers

All of the operators have a system that captures data on contacts made with customer service.
However, being able to link customer service data to account and transactional data wasn’t
uniformly straightforward. A separate request was made for available contact data for a sample
of survey respondents. A sample of 196 customers was provided by one operator, of which 96
were problem gamblers and 100 non-problem gamblers.

On average non-problem gamblers made 4.7 contacts per year, problem gamblers made 7.0
contacts, approximately a 50% increase.

Topics more common to problem gamblers included:

e Bonus marketing (119 contacts vs 89, +34%)
e Account related (114 contacts vs 51, +124%)
e Technical issues (65 vs 34, +91%)

Following increased betting behaviour, problem gamblers mostly contact customer service to
discuss deposits, transactions, rule explanations and missing/trapped funds.
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Appendix 3: markers and measures

Demographics
Marker Measure Comments
Age Age
Children Children
Employment Employment
Gender Gender
Marital Marital
Occupation Occupation
Operator Operator
Time accountholder Numeric_account_creation
Time accountholder Time_accountholder_yrs

Betting behaviour
Marker Measure Comments
Bet frequency Bet_freq
Bet frequency Bet_freq t Transformed (e.g. log)
Bet sparsity Bet_sparsity_cov Coefficient of variance
Bet sparsity Bet_sparsity_mean
Bet sparsity Bet_sparsity_sd Standard deviation
Bet sparsity Bet_sparsity_sk Skewness
Bet value Bet_perBetVal_daily overall_avg
Bet value Bet_perBetVal_daily_overall_cov Coefficient of variance
Bet value Bet_perBetVal_daily_overall_sd Standard deviation
Bet value Bet_perBetVal_daily_overall_sk Skewness
Bet value Bet_val_avg
Bet value Bet_val_avg_avg
Bet value Bet_val_avg_avg_cov Coefficient of variance
Bet value Bet_val_avg avg sd Standard deviation
Bet value Bet_val_avg avg sk Skewness
Bet value Bet_val avg t Transformed (e.g. log)
Bet volume Bet_all_days
Bet volume Bet_volume
Bet volume Bet_volume_cov Coefficient of variance
Bet volume Bet_volume_sd Standard deviation
Bet volume Bet_volume_sk Skewness
Bet volume Bet_volume_t Transformed (e.g. log)
Daily bet value Bet_val_daily_overall_avg
Daily bet value Bet_val_daily_overall cov Coefficient of variance
Daily bet value Bet_val_daily_overall _cov_t Transformed (e.g. log)
Daily bet value Bet_val_daily_overall sd Standard deviation
Daily bet value Bet_val_daily_overall_sk Skewness

83



Account behaviour

Marker

Measure

Comments

Cancelled withdrawal flags

Cancelled_withdo1

Deposit frequency

Dep_freq_bybets

Deposit | Bet day

Deposit frequency

Dep_freq bybets_t

Transformed (e.g. log)

Deposit sparsity Dep_sparsity _cov Coefficient of variance
Deposit sparsity Dep_sparsity_mean

Deposit sparsity Dep_sparsity sd Standard deviation
Deposit sparsity Dep_sparsity_sk Skewness

Deposit value Dep_val_avg

Deposit value total_deposit

Failed deposit flag Failed_depo1

Use of protection tools

Protection_ toolso1

Withdrawal frequency With_freq_bybets_t Transformed (e.g. log)
Withdrawal frequency Withd_freq_bybets
Withdrawal sparsity W _sparsity_cov Coefficient of variance
Withdrawal sparsity W_sparsity_mean
Withdrawal sparsity W_sparsity_sd Standard deviation
Withdrawal sparsity W_sparsity_sk Skewness
Withdrawal value total _with
Withdrawal value Withd_perW_val
Withdrawal value Withd_perW_val_cov Coefficient of variance
Withdrawal value Withd_perW_val_sd Standard deviation
Withdrawal value Withd_perW_val_sk Skewness
Withdrawal value Withd_val_avg

Win / loss behaviour
Marker Measure Comments

Net position (winnings - stake)

Net_position_cov

Coefficient of variance

Net position (winnings - stake)

Net_position_mean

Net position (winnings - stake)

Net_position_sd

Standard deviation

Net position (winnings - stake)

Net_position_sk

Skewness

Net position (winnings - stake)

total_net_position

Net position given overall loss in
day

Net_position_loss_cov

Coefficient of variance

Net position given overall loss in
day

Net_position_loss_mean

Net position given overall loss in
day

Net_position_loss_min

Net position given overall loss in
day

Net_position_loss_sd

Standard deviation

Net position given overall loss in
day

Net_position_loss_skewness

Skewness

Net position given overall win in
day

Net_position_win_cov

Coefficient of variance

Net position given overall win in
day

Net_position_win_max
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Net position given overall win in
day

Net_position_win_mean

Net position given overall win in
day

Net_position_win_sd

Standard deviation

Net position given overall win in

day Net_position_win_sk Skewness
Win frequency Win_ days
Win frequency Win_ freq
Win frequency Win_ freq_transaction
Day of the week and time of day
Marker Measure Comments

By game length of gaps between
play

Gap_bingo_time_cov

Coefficient of variance

By game length of gaps between
play

Gap_bingo_time_hrs

By game length of gaps between
play

Gap_bingo_time_sd

Standard deviation

By game length of gaps between
play

Gap_bingo_time_sk

Skewness

By game length of gaps between
play

Gap_gaming_time_cov

Coefficient of variance

By game length of gaps between
play

Gap_gaming_time_hrs

By game length of gaps between
play

Gap_gaming_time_sd

Standard deviation

By game length of gaps between

play Gap_gaming_time_sk Skewness

By game number of play

sessions within day Gap_no_bingo_avg

By game number of play

sessions within day Gap_no_bingo_cov Coefficient of variance
By game number of play

sessions within day Gap_no_bingo_sd Standard deviation
By game number of play

sessions within day Gap_no_bingo_sk Skewness

By game number of play

sessions within day Gap_no_gaming_avg

By game number of play

sessions within day Gap_no_gaming cov Coefficient of variance
By game number of play

sessions within day Gap_no_gaming sd Standard deviation

By game number of play

sessions within day Gap_no_gaming_sk Skewness

By game number of play

sessions within day Gap_no_sports_avg

By game number of play

sessions within day Gap_no_sports_cov Coefficient of variance
By game number of play

sessions within day Gap_no_sports_sd Standard deviation

By game number of play

sessions within day Gap_no_sports_sk Skewness

By game number of play

sessions within day

Gap_sports_time_cov

Coefficient of variance

By game number of play
sessions within day

Gap_sports_time_hrs
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By game number of play
sessions within day

Gap_sports_time_sd

Standard deviation

By game number of play
sessions within day

Gap_sports_time_sk

Skewness

By game Saturday betting

Bet_bingo_not_sat

By game session time

Bet_bingo_time_cov

Coefficient of variance

By game session time

Bet_bingo_time_hrs

By game session time

Bet_bingo_time_sd

Standard deviation

By game session time

Bet_bingo_time_sk

Skewness

By game session time

Bet_sports_time_cov

Coefficient of variance

By game session time

Bet_sports_time_hrs

By game session time

Bet_sports_time_sd

Standard deviation

By game session time

Bet_sports_time_sk

Skewness

By game time of day bets made
(e.g. 0-4am)

Bet_lateooo4_bingo_cov

Coefficient of variance

By game time of day bets made
(e.g. 0-4am)

Bet_lateooo4_bingo_mean

By game time of day bets made
(e.g. 0-4am)

Bet_lateooo4_bingo_sd

Standard deviation

By game time of day bets made
(e.g. 0-4am)

Bet_lateooo4_bingo_sk

Skewness

By game time of day bets made
(e.g. 0-4am)

Bet_late0004_gaming_cov

Coefficient of variance

By game time of day bets made
(e.g. 0-4am)

Bet_lateo0oo4_gaming_mean

By game time of day bets made
(e.g. 0-4am)

Bet_lateooo4_gaming_sd

Standard deviation

By game time of day bets made
(e.g. 0-4am)

Bet_lateo004_gaming_ sk

Skewness

By game time of day bets made
(e.g. 0-4am)

Bet_lateooo4_sports_cov

Coefficient of variance

By game time of day bets made
(e.g. 0-4am)

Bet_lateooo4_sports_mean

By game time of day bets made
(e.g. 0-4am)

Bet_lateooo4_sports_sd

Standard deviation

By game time of day bets made
(e.g. 0-4am)

Bet_lateooo4_sports_sk

Skewness

By game time of day bets made
(e.g. 0-4am)

Bet_late2024_bingo_cov

Coefficient of variance

By game time of day bets made
(e.g. 0-4am)

Bet_late2024_bingo_mean

By game time of day bets made
(e.g. 0-4am)

Bet_late2024_bingo_sd

Standard deviation

By game time of day bets made
(e.g. 0-4am)

Bet_late2024_bingo_sk

Skewness

By game time of day bets made
(e.g. 0-4am)

Bet late2024_gaming cov

Coefficient of variance

By game time of day bets made
(e.g. 0-4am)

Bet late2024 gaming mean

By game time of day bets made
(e.g. 0-4am)

Bet_late2024_gaming_sd

Standard deviation

By game time of day bets made
(e.g. 0-4am)

Bet_late2024_gaming_sk

Skewness

By game time of day bets made
(e.g. 0-4am)

Bet_late2024_sports_cov

Coefficient of variance
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Games verticals played

Marker Measure Comments
Mixture of games played Bet xGBgames_days
Mixture of games played Bet xGgames_days

Mixture of games played

Bet xSBgames_days

Mixture of games played Bet_xSgames_days
Mixture of games played Bet xSGBgames_days
Mixture of games played Bet_xSGgames_days

Mixture of games played

xBgames

Mixture of games played

xBgames_days

Mixture of games played xGBgames
Mixture of games played xGBgames_days
Mixture of games played xGgames
Mixture of games played xGgames_days

Mixture of games played

xSBgames

Mixture of games played

xSBgames_days

Mixture of games played

xSgames

Mixture of games played

xSgames_ days

Mixture of games played

xSGBgames

Mixture of games played

xSGBgames_ days

Mixture of games played xSGgames

Mixture of games played xSGgames_ days

Sports multipliers Bet_all_multi_days

Sports multipliers Bet_sport_multi_cov Coefficient of variance
Sports multipliers Bet_sport_multi_sd Standard deviation
Sports multipliers Bet_sport_multi_sk Skewness

Mixture of games played Bet_xBgames_days

Sports multipliers Bet_multipliers

Sports multipliers Bet_single days

By game bet frequency Bet_gaming cov Coefficient of variance
By game bet frequency Bet_gaming days

By game bet frequency Bet_gaming freq

By game Saturday betting

Bet_gaming_ not_sat

By game bet value

Bet_gaming_ perBetVal_daily avg

By game bet value

Bet_gaming_perBetVal_daily_cov

Coefficient of variance

By game bet value

Bet_gaming_perBetVal_daily_sd

Standard deviation

By game bet value

Bet_gaming_perBetVal_daily_sk

Skewness

By game bet frequency

Bet_gaming_sd

Standard deviation

By game bet frequency

Bet_gaming_ sk

Skewness

By game session time

Bet_gaming time_cov

Coefficient of variance

By game session time

Bet_gaming time_hrs

By game session time

Bet _gaming time sd

Standard deviation

By game session time

Bet_gaming time_sk

Skewness

By game bet value

Bet_gaming val avg

By game bet value

Bet_gaming val daily_avg

By game bet value

Bet_gaming_val_daily_cov

Coefficient of variance
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By game bet value

Bet_gaming_val_daily_sd

Standard deviation

By game bet value

Bet_gaming val_total

By game bet volume

Bet_volume_gaming

By game bet volume

Bet_volume_gaming_cov

Coefficient of variance

By game bet volume

Bet_volume_gaming sd

Standard deviation

By game bet volume

Bet_volume_gaming sk

Skewness

By game bet frequency Bet_sports_cov Coefficient of variance
By game bet value Bet_sports_perBetVal_daily avg

By game bet value Bet_sports_perBetVal_daily_cov Coefficient of variance
By game bet value Bet_sports_perBetVal_daily_sd Standard deviation

By game bet value Bet_sports_perBetVal_daily_sk Skewness

By game bet frequency Bet_sports_sd Standard deviation

By game bet frequency Bet_sports_sk Skewness

By game bet sparsity Bet_sports_sparsity _mean

By game daily bet value Bet_sports_val_daily_avg

By game daily bet value Bet_sports_val_daily_cov Coefficient of variance
By game daily bet value Bet_sports_val_daily_sd Standard deviation

By game daily bet value Bet_sports_val_daily sk Skewness

By game bet value

Bet_sport_val_avg

By game bet value

Bet_sport_val_total

By game bet frequency

Bet_sports_days

By game bet frequency

Bet_sports_freq

By game Saturday betting

Bet_sports_not_sat

By game bet volume

Bet_volume_sports

By game bet volume

Bet_volume_sports_cov

Coefficient of variance

By game bet volume

Bet_volume_sports_sd

Standard deviation

By game bet volume

Bet_volume_sports_sk

Skewness

By game bet frequency Bet_bingo_cov Coefficient of variance
By game bet frequency Bet_bingo_days
By game bet frequency Bet_bingo_freq

By game bet value

Bet_bingo_perBetVal_daily avg

By game bet value

Bet_bingo_perBetVal_daily_cov

Coefficient of variance

By game bet value

Bet_bingo_perBetVal_daily_sd

Standard deviation

By game bet value

Bet_bingo_perBetVal_daily_sk

Skewness

By game bet frequency Bet_bingo_sd Standard deviation
By game bet frequency Bet_bingo_sk Skewness
By game bet sparsity Bet_bingo_sparsity_mean

By game bet value

Bet_bingo_val_ avg

By game bet value

Bet_bingo_val daily avg

By game bet value

Bet_bingo_val_ daily cov

Coefficient of variance

By game bet value

Bet_bingo_val_daily sd

By game bet value

Bet_bingo_val_total

By game bet volume

Bet_volume_bingo

By game bet volume

Bet_volume_bingo_cov

Coefficient of variance

By game bet volume

Bet_volume_bingo_sd

By game bet volume

Bet_volume_bingo_sk

Standard deviation
Skewness
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By game time of day bets made
(e.g. 0-4am)

Bet_late2024_sports_mean

By game time of day bets made
(e.g. 0-4am)

Bet_late2024_sports_sd

Standard deviation

By game time of day bets made
(e.g. 0-4am)

Bet_late2024_sports_sk

Skewness

Saturday betting

Bet_not_sat

Session time

Bet_time_cov

Coefficient of variance

Session time

Bet_time_ hrs

Session time

Bet_time_sd

Standard deviation

Session time

Bet_time_sk

Skewness
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Appendix 4: illustrative variable pre-processing

Variable creation e.g.

Raw

deposit frequency

Deposit frequency

Conditional
deposit frequency

Variable transformations e.g.

Frequency
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Raw bet
intensity
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y = In(xine)
y - nuy

Zint =

—

Frequency

Taking the conditional e.g.

deposit frequency =
(deposit days / total days)
conditional on
(betting days only)

removes heteroscedastic
relationship with bet frequency

Transformed
bet intensity

i (Zi‘nt)

1000 1500 2000

500
I

0
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Appendix 5: predictive model for ordered PGSI bands
Demographics

For the demographics model, an alternative ordered logit model was fitted using the 4 levels
of the PGSI bands: non-problem (PGSI: 0), low risk (PGSI: 1-2), moderate risk (PGSI: 3-7),
and problem gamblers (PGSI: 8+). To compare an equivalent average risk score across PGSI
from this ordinal approach to the binary approach in the report, the non-problem and problem
gambler predicted probabilities were refitted using the softmax function reapplied to these
two categories only. Both the binary model predictions and the ordinal model predictions are
then applied to all customers in the sample and compared below.

Appendix Figure 5.1. Demographics

0.50
% OZO model of problem gambling comparing the
_2 0.30 binary model used in our predictive
B o et modelling to an ordinal model, with both
:gf o010 applied to all customers in the sample.
>
< 0.00 Non Low  Moderate Problem The ordinal model only slightly under
problem risk risk gambler performs relative to the binary model:
PGSI band
Binary model  Ordinal model
—&— Binary model Ordinal model Accuracy 78.7% 78.5%
Hit rate 45.3% 44.6%
Precision 33.2% 32.7%

The ordered logit model also provides predicted probabilities for a customer being in each
PGSI band. The four predicted levels of the PGSI bands can be compared against the
observed PGSI bands, see below. For example, the average PGSI band predictions for a self-
reported problem gambler are, in order: 35% low risk, 31% non-problem, 27% moderate risk
and 8% problem gambler

0.50
v
g
= 040 ® R R Predicted probability
,.8 r— L 4 \ 4 ) 4
@ 030 Non problem
2 .
o 0.20 —&— Low risk
& .
§ 0.10 Moderate risk
z k/ﬁ—a——"
0.00 —&— Problem gambler
Non Low Moderate Problem
problem  risk risk  gambler
PGSI band

Appendix Figure 5.2. The average predicted probabilities for the four ordinal levels
compared to the actual PGSI bands
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Behavioural summaries

For the behavioural summaries model, an alternative ordered logit model was fitted as per
the demographic model detailed above. Both the binary model predictions and the ordinal
model predictions are then applied to all customers in the sample and compared below.

Appendix Figure 5.3. Behavioural

0.50
% 0.40 summaries model of problem gambling
2 030 comparing the binary model from the report
é 0.0 to an ordinal model, with both applied to all
& customers in the sample.
0; 0.10
<< 0.00 ; :
Non Low  Moderate Problem The ordinal 'model on.1y slightly under
problem  risk risk  gambler performs relative to the binary model:
PGSI band
Binary model = Ordinal model
—&— Binary model Ordinal model Accuracy 86.8% 86.5%
Hit rate 73.3% 72.3%
Precision 53.5% 52.8%

The ordered logit model also provides predicted probabilities for a customer being in each
PGSI band. The four predicted levels of the PGSI bands can be compared against the
observed PGSI bands, see below. For example, the average PGSI band predictions for a self-
reported problem gambler are, in order: 37% moderate risk, 31% low risk, 17% non-problem
and 15% problem gambler

0.50
n
g
= 040 Predicted probability
= —r——"—
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@ 030 Non problem
g 020 —e— Low risk
g 0.10 // Moderate risk
< —&— Problem gambler
0.00
Non Low Moderate Problem
problem  risk risk  gambler
PGSI band

Appendix Figure 5.4. The average predicted probabilities for the four ordinal levels
compared to the actual PGSI bands
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Appendix 6: cross validation

Across the three modelling stages: demographics, behavioural summaries and for the
behavioural summaries in segments 1-4 only, stable and parsimonious predictive models were
developed. The performance metrics for the full sample are within the central range using k-
fold cross validation, and the risk scores across customer risk bands fall within bootstrapped
confidence intervals using repeated random sub-sampling validation.

Demographics

Appendix Table 6.1. K-fold cross validation (k = 10) for performance metrics for the

demographics model

K-fold cross validation (k = 10) All
Min Q1 Q2 Mean Q3 Max sample
AUC 0.709 0.731 0.740 0.749 0.773 0.793 0.751
Accuracy 0.749 0.778 0.789 0.786 0.799 0.805 0.787
Hit-rate 0.354 0.433 0.464 0.458 0.496 0.525 0.453
Precision 0.269 0.317 0.335 0.331 0.352 0.387 0.332
120 Appendix Figure 6.1.
2 100 Repeated random sub-
g sampling validation with
2 80 .
2 bootstrapped confidence
< 60 .
S intervals for problem
ié 40 gambler risk score banding
2 20 in the demographics model

1 2 3 45 6 7 8 9 101112 13 14 15 16 17 18 19 20

Customers ranked by risk score bands (low to high)

Upper (99%) - - - = Upper (95%)
Lower (99%)

Behavioural summaries

Lower (95%)

Median

All sample

Appendix Table 6.2. K-fold cross validation (k = 10) for performance metrics for the
behavioural summaries model

K-fold cross validation (k = 10) Full

Min Q1 Q2 Mean Q3 Max sample
AUC 0.870 0.893 0.904 0.902 0.911 0.935 0.905
Accuracy 0.840 0.857 0.866 0.865 0.872 0.890 0.868
Hit-rate  0.656 0.690 0.718 0.728 0.765 0.809 0.733
Precision 0.430 0.489 0.527 0.527 0.573 0.624 0.535
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Appendix Table 6.3. K-fold cross validation (k = 10) for performance metrics for the
behavioural summaries model (segments 1-4 only)

K-fold cross validation (k = 10) Full
Min Q2 Mean Q3 Max sample
AUC - - - - - -
Accuracy 0.651 0.706 0.730 0.731 0.765 0.792 0.733
Hit-rate 0.298 0.372 0.404 0.409 0.457 0.488 0.409
Precision 0.560 0.693 0.760 0.746 0.800 1.000 0.752
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Appendix 7: demographics model

Appendix Table 7.1. Demographics model markers and their significances

Coefficient Std. Error z-value p-value
Operator data
Account age: > 1 year 0.509 0.159 3.193 0.001
Account age: < 2 months 0.997 0.377 2.645 0.008
Age (years) -0.057 0.005 -12.552 <0.001
Female -0.374 0.146 -2.575 0.010
Survey data
Single 0.298 0.100 2.971 0.003
Unemployed 0.839 0.272 3.080 0.002
Retired -0.690 0.287 -2.405 0.016
Managerial -0.379 0.106 -3.569 <0.001

Operator specific intercepts were included to account for differences in the base rate of
problem gamblers in the sample by-operator, and operator interactions were explored but

not presented herein. The markers and their significance are presented after accounting for

operator-specific characteristics.
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Appendix 8: behavioural summaries model

Appendix Table 8.1. Behavioural summaries model markers and their significances

Coefficient Std. Error z-value p-value
Demographics
Account age: > 1 year 0.572 0.193 2.960 0.003
Account age: < 2 months 1.045 0.450 2.321 0.020
Age (years) -0.045 0.006 -8.038 <0.001
Female -0.838 0.187 -4.485 <0.001
Single 0.039 0.123 0.319 0.750
Unemployed 0.985 0.326 3.024 0.002
Retired -0.665 0.324 -2.053 0.040
Managerial -0.386 0.131 -2.957 0.003
Behavioural summaries
Bet volume* 0.599 0.045 13.419 <0.001
Bet value* 0.623 0.057 10.896 <0.001
Variation of bet sparsity*  0.290 0.119 2.434 0.015
Bets not on a Saturday (%) 1.107 0.389 2.849 0.004
Sports bets 0-4am (%) 0.753 0.206 3.663 <0.001
Variation of win amount*  0.375 0.150 2.496 0.013
Variation of loss amount* 0.646 0.201 3.216 0.001
Skewness of net position -0.076 0.025 -2.989 <0.001
Deposit frequency 2.235 0.254 8.809 <0.001
Failed deposits 0.621 0.300 2.067 0.039

* log transformed prior to inclusion in model

96



Appendix 9: comparison of 12-month models to 3-month models

Demographics model:

12-month 3-month
Accuracy 78.7% 79.1%
Hit rate 45.3% 46.5%
Precision 33.2% 33.4%

Notably all performance metrics marginally increase from 12 to 3-month model. It is
plausible that the demographic information available at the time of the survey is more up-to-
date for those customers that have at least 3-months of transactional behaviour compared to
having at least 12-months of transactional behaviour.

Behavioural summaries model:

12-month 3-month
Accuracy 86.8% 86.0%
Hit rate 73.3% 71.1%
Precision 53.5% 50.8%

Notably all performance metrics only marginally decrease from 12 to 3-month model despite
proportionally less historical information available to describe someone’s betting behaviour.
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Appendix 10: customer segments

Appendix Table 10.1. Customer segments and summary attributes

Segments Customers gl):r(r)};)lﬁe 1::; Bet frequency Bet volatility  Bet volume Bet value frIZZﬁZISny V}?:ESZ?:?
1 High intensity mixed gamer 785 32% 209% 17 £7.23 67% 8%

: o Can o sy o o

; TR PR o e

4 High frequency sports bettor 773 97% 57% 12%

5 Pay-as-you-go sports bettor 900 32

; U i R B

7 Standard sports bettor 50 16% 03% | 3 ............... £5.02 29% 6%

8 Frequent sports low-bettor

9 Infrequent customer 994

Appendix Table 10.2. Customer segment descriptors

Segments

Betting Days

High intensity mixed gamer

117

N

High volume gaming bettor

66

Median
Daily Bet

Typical
Annual Total

£6,312

High value sports bettor

High frequency sports bettor

Pay-as-you-go sports bettor

51

Standard mixed gamer

Standard sports bettor

Frequent sports low-bettor

O P0iINY iONiO b W

Infrequent customer

Gaming Bingo

45% 1%
I— 5 % .............
I g) % .............
1% 0%
3% 2%
51% 8%
4% 1%
1% 2%
9% 8%
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Appendix 11: daily triggers identified

Appendix Table 11.1. Inter-day betting patterns identified as daily triggers for Segment 1

Daily trigger Previous Bet value Bet value Previous Bet volume Bet volume
number bet value delta bet volume delta
After win
95 £o 473
63 £o 555
70 £o 466
12 £9 £8 ~£0 110 154 44

After loss

Appendix Table 11.2. Inter-day betting patterns identified as daily triggers for Segment 2

Daily trigger Previous Bet value Bet value Previous Bet volume Bet volume
number bet value delta bet volume delta
After win
£0 2556 2729
£o 3067
£o 971 1229 258
£o 2089 3443 1354
£7 1796 2860 1064
<£o <0
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Appendix Table 11.3. Inter-day betting patterns identified as daily triggers for Segment 3

Daily trigger Previous Bet value Bet value Previous Bet volume Bet volume
number bet value delta bet volume delta
After win
N/A
After loss
87 £10 £12 £2 15 49 34
98 £10 <£o
100 £906 ~0

Appendix Table 11.4. Inter-day betting patterns identified as daily triggers for Segment 4

Daily trigger Previous Bet value Previous Bet volume
number bet value Bet value delta bet volume Bet volume delta

After win
85 ~£0 66 119 53
88 £10 45 68 23
87 £51 £75 £24 88 137 49
89 £56 £101 £45 6
86 £65 £79 £14 54 63 9
93 £87
90 £90
91 £117

After loss

% B m

84 £102
o1 £135 £171 £35 4
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