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The Internet gambling industry has witnessed tremendous growth in recent years.
Nonetheless, our understanding of Internet problem gambling behaviour remains in its
infancy. In this paper we build on previous research analysing behavioural markers for
high-risk Internet gambling using a new casino data set of active real money Internet
gamblers. We assess the first month of play following registration using four behavioural
markers: trajectory, frequency, intensity and variability. Our findings identify groups of
gamblers who show signs of potentially risky behaviours, specifically gambling intensity
and frequency. These gamblers also spend time gambling on slots Internet games. These
findings provide a basis for using behavioural analysis to educate players about risks
associated with gambling. We suggest a framework for how this can be implemented.
Further research leading to the identification of risk factors for problem gambling using
new methodologies and data sets will increase the clinical understanding of Internet
problem gamblers.

Keywords: behavioural analytics; casino games; Internet gambling; problem
gambling; screening

Introduction

Internet gambling is one of the fastest-growing sectors of the gambling industry. This
growth is primarily being driven by increasing broadband penetration and a growing
number of countries beginning to regulate online gambling markets. Global Betting and
Gaming Consultants (2011) estimate that the Internet gambling sector will grow to
US$41.71 billion by 2013, or 8.9% of global gross gambling yield. As the popularity of
Internet gambling grows, concerns have been raised with regards to its effects compared
with traditional forms of gambling, inasmuch as it can cause greater levels of problem
gambling behaviour due to the very nature and immediacy of the online interaction and
gaming experience. The growth in Internet gambling, however, also offers new
opportunities to analyse data and player behaviour relative to risk, which can be utilized by
academics, policymakers and the gambling industry to understand better gambling
behaviours and to protect vulnerable players.

Internet and problem gambling

The assertion that Internet gambling is potentially more harmful than other forms of
gambling is controversial. Research into online gambling and levels of problem gambling
is an emerging field. One of the first attempts to assess the link between Internet and
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gambling behaviour was undertaken by Griffiths (2003). He proposed a number of factors
that make Internet gambling potentially addictive, including accessibility, anonymity,
affordability, convenience, interactivity and disinhibition, arguing that addicts use the
Internet to fuel underlying addictions. Griffiths (2003) further argues that the Internet
could also potentially be a very dangerous medium, as the structural characteristics of the
gambling software itself — including methods for paying and receiving winnings, speed of
play, gambling features such as maximum stake allowed, and ambience through the use of
stimulating light — might promote further addictive tendencies (see also Orford, 2011).

King, Delfabbro and Griffiths (2009) reviewed different forms of gambling that utilize
new digital media and concluded that new gambling technologies could facilitate making
gambling more accessible and ubiquitous, especially to the young, thus exposing them to
greater levels of risk to problematic involvement in gambling. Jolley, Mizerski and Olaru
(2006) assessed the effects of past behaviour (habit) on customer satisfaction in the
prediction of actual behaviour (retention) using an Internet gambling experiment. The
authors asserted that environments that foster habitual levels of gambling appear to
facilitate gambler retention. Wood, Griffiths and Parke (2007) studied 422 UK university
student poker participants and found a relatively high level of problem gambling amongst
the players. The authors stressed that this was worrying, given the rate at which online
Internet gambling is developing globally and given its 24-hour and seven-days-a-week
availability. Further analysis of Internet poker players by Parke, Griffiths, Wood and
Rigbye (2009) suggests that a new type of problem gambler could be emerging because of
the Internet; a problem gambler who is winning a lot of money — for example over
$1,000 per month — and also facing other problems related to time spent on the activity.
The analysis and interpretation by Griffiths, Wardle, Orford, Sproston, and Erens (2009) of
the 2007 UK Gambling Prevalence Survey showed that the problem gambling prevalence
rate was significantly higher among Internet gamblers compared with non-Internet
gamblers and that the medium of the Internet may be more likely to contribute to problem
gambling than gambling in offline environments.

Research utilizing Internet gambling data

Despite arguments suggesting that game characteristics and the Internet can be decisive
factors for increasing levels of problem gambling, it remains a limitation of the
aforementioned studies that they have not assessed actual player gambling data and
behaviour. Peller, LaPlante and Shaffer (2008) analysed 47 papers that embrace the notion
that new gambling technology is hazardous to players’ health. Their key recommendation
was that improved study methods, including analysis of actual player betting data, can
increase understanding of how new gambling technology affects player health.

A key development in the study of actual Internet player gambling data has been the
research undertaken at The Division of Addictions, an affiliate of the Harvard Medical
School, that used Internet gambling data obtained from the Internet gambling operator
bwin Interactive Entertainment AG. LaPlante, Kleschinsky, LaBrie, Nelson and Shaffer
(2009) carried out the first epidemiological study of actual Internet poker gambling
behaviour amongst 3,445 participants of bwin. According to bwin (2010), the conclusions
from this analysis refute prior research claiming that online gambling caused greater
levels of problem gambling. bwin stated that the epidemiological findings contradict the
conventional view that most Internet players exhibit excessive gaming behaviour and
that evidence shows that the overwhelming majority of bwin customers played
moderately, e.g. 2.5 sports bets with a stake of four Euros every four days, one casino
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game every two weeks and one poker session every three days, with an average 13 Euros
per session and 1.80 Euros per session, respectively.

Further research from The Division of Addictions using bwin data was undertaken by
Braverman and Shaffer (2010), who studied the betting patterns displayed during the first
month of Internet gambling. They analysed betting patterns relative to behavioural markers,
in an attempt to predict the development of gambling-related problems by using the k-
means clustering methodology to group gamblers with similar betting patterns. Braverman
and Shaffer (2010) selected a sample of live action sports bettors from their full research
data set that included 48,114 players who opened an account with bwin during February
2005. For this study, the final data sample consisted of 530 players. The study was
particularly noteworthy as it was the first to analyse actual Internet gambling behaviour
during the first month of gambling activity in order to predict problem gambling behaviours.
The study revealed that players characterized by high intensity and frequency of gambling
and also by high variability of wager (bet) sizes during their first month of gambling were at
higher risk than others of reporting gambling-related problems upon closing their accounts.

Braverman and Shaffer (2010) utilized four variables (intensity, frequency, variability
and trajectory) as risk factors to analyse problem gambling behaviour in their study. Some
of these risk factors arguably denote greater justification for inclusion as signs of problem
gambling (i.e. bet variability) than others (i.e. bet frequency). For example, there is
considerable research (American Psychiatric Association [APA], 1994; Blaszczynski &
Nower, 2002; Cummins, Nadorff, & Kelly, 2009; Ferris & Wynne, 2001; Johansson,
Grant, Kim, Odlaug, & Gotestam, 2009) that supports the inclusion of bet variability as a
sign of problem gambling, due to either loss chasing, or overconfidence through the illusion
of control with early large winnings. Johansson et al. (2009) identified 35 such risk factors;
nine of these factors could be supported by two or more studies linking them to
pathological gambling, including cognitive distortions. Jacobsen, Knudsen, Krogh,
Pallesen, and Molde (2007) asserted that cognitive factors, such as loss chasing, control
illusion and big wins, play a role in the development of problem gambling, while Cummins
et al. (2009) supported the notion that early wins influence more reckless betting patterns.

Further support for bet variability as a problem gambling risk factor can be found in
Blaszczynski and Nower (2002) by analysing their pathways model. They identified three
distinct groups of gamblers manifesting impaired control over their gambling behaviour:
(a) behaviourally conditioned problem gamblers; (b) emotionally vulnerable problem
gamblers; and (c) antisocial, impulsivist problem gamblers. In the first pathway
(behaviourally conditioned problem gamblers), Blaszczynski and Nower (2002) illustrate
that these problem gamblers fluctuate between regular/heavy and excessive gambling
because of conditioning, distorted cognitions surrounding the probability of winning,
and/or a series of bad judgments or poor decision-making Whilst many types of betting
can have conditioning effects, Blaszczynski and Nower (2002) highlight that members of
this subgroup could be involved in chasing losses. The APA (1994) also asserts that
problem gamblers chase losses. Ferris and Wynne (2001) specify wager increase as an
indicator of problem gambling behaviour. The APA (1994) provided further evidence for
the inclusion of intensity, frequency and trajectory as risk factors, asserting that problem
gamblers need to increase the amount of their wagers to achieve the desired excitement
previously experienced at lower levels of wagering and that problem gamblers report
unsuccessful attempts to cut back or control gambling. The Australian Productivity
Commission gambling report (Productivity Commission, 2010) highlighted gaming
intensity as a problem gambling risk factor and recommended limiting the intensity at
which gamblers can gamble on gaming machines given the risks posed by high intensity
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gambling. In addition, Holtgrave’s (2009) analysis of adult survey data in Canada between
2001 and 2005 concluded that the frequency of play was significantly and positively
related to problem gambling.

One recommendation from Braverman and Shaffer (2010) was that further studies were
needed in order to confirm their findings from other types of gambling (e.g. poker and
casino). Consequently, in this paper we employ some newly available Internet casino
gambling data to assess whether the behaviours of casino players during the first month of
play demonstrated similar betting behaviours to Braverman and Shaffer’s (2010) live action
sports bettors. Thus, the main purpose of our study is to describe the patterns of gambling
behaviour of Internet gamblers relative to a set of problem gambling risk factors, as identified
earlier: intensity, frequency, variability and trajectory. We also consider alternative risk
factors that could be used in future studies and assess the merits of using such analyses in
order to help players make more informed choices about their gambling activities.

Internet gambling and player feedback

The analysis of Internet gambling data relative to risk factors provides opportunities for
giving players feedback on their gambling behaviour relative to problem gambling risk
factors. Research undertaken by McDonnell-Phillips (2005) to assess the usefulness of
responsible gaming tools showed that all players, including problem gamblers, reported that
they tried to self-regulate by having some kind of spending limit in mind. The research also
reported that most players were in favour of both the option to set their own limits when
gambling, as well as receiving feedback on their transactions, such as detailed statements
about how much they had spent on a given day or month. Larger global studies (e-Commerce
and Online Gaming Regulation and Assurance [e-COGRA], 2007) also indicate that the
most popular option for player feedback is receiving regular financial statements, with 75%
of 10,000 respondents considering this option to be at least quite useful.

In a study focusing on the effectiveness of warning messages to gamblers, Monaghan
and Blaszczynski (2010, 2010a) propose that in contrast with signs displaying
probabilities or informing players of the risks associated with gambling, signs designed
to encourage players to reflect on, appraise, evaluate and self-regulate their actions have
greater theoretical and empirical support. Wiebe (2011) also argues for the importance of
tailoring specific messages to different types of players as part of an Informed Decision
Making (IDM) Framework. Wiebe’s IDM Framework classified players into casual,
frequent and intensive gamblers, with each group requiring different objectives, content
and information delivery mechanisms to assist in the maintenance of healthy gambling
behaviour. For example, whilst casual gamblers could benefit from awareness
programmes that promote gambling literacy, intensive gamblers could be best served by
encouraging them to take advantage of player feedback mechanisms, such as play activity
reports and self-assessment tools. Very little empirical research exists that examines the
effectiveness of player feedback mechanisms that utilize risk factors to predict gambling
behaviour. Griffiths, Woods and Parke (2009) undertook a survey of 2,348 customers of
the online gambling site operator Svenska Spel to ascertain the usefulness of such
feedback tools. From the respondents, 26% had activated a feedback tool that assessed
their game play relative to risk factors associated with problem gambling and 36% found
receiving feedback on their gambling profile in this context useful. Whilst the authors state
that the accuracy of the tool was extremely high, a limitation of this study was the lack of
empirical analysis of the risk factors used by the operator to assess what constituted
problem gambling behaviour.
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Methodology
Data sets

We obtained de-identified Internet player data from GTECH G2, an Internet gambling
software provider for lotteries and commercial Internet gambling operators. We asked
GTECH G2 to identify a random and de-identified selection of players considered to be
active, real money players at a point in time. There is no standard definition of what an
active real money player is within the gambling industry. The definition typically takes
into account whether a player has gambled with real or legal currency (i.e. not bonus
money) during the last one to three months from a point in time. Other methodologies for
segmenting players also include the analysis of a player’s behaviour relative to factors
within a specified period such as recency (how recently a player gambled within the
period), frequency and total monetary spend (analysis of recency, frequency and monetary
activity is termed as RFM, from a marketing perspective).

We selected the analytic sample from the full research cohort that included 128,788
people who had an active account with three Internet gambling sites licensed in Malta
offering download casino and poker games to regulated markets in Europe. We decided to
focus this study on casino players since the poker data only included cash play, not
tournament play. We also needed to choose casino sites that used GTECH G2’s payments
gateway to enable us to map the different payments transaction types. This filtering of the
full sample resulted in 26,221 (20.4%) players engaged in casino gambling. From these
players our data set included 2,188 active real money players who were active gamblers
for the month ending 31 July 2010. Based on this date, we analysed player data over the
previous year, from 1 August 2009 to 31 July 2010, and selected players who had opened
an account during that period (1,251 players). Finally, from those who had opened an
account we selected the players who had gambled with a minimum of two bets during their
first month of gambling, consistent with the methodology followed by Braverman and
Shaffer (2010). After applying these filters the final research sample to be used in the k-
means clustering analysis included 546 players. The casino data set included data resulting
from online gambling across five casino game types (‘Roulette’, ‘Slot Game’, ‘Table
Game’, ‘Video Poker’ and ‘Other’).

Clustering approach

Whilst the full, de-identified data set consisted of all available online player data in respect
of demographic, session, game and transaction data, we only used a subset of the data for
this analysis. The data attributes required to recreate the Braverman and Shaffer k-means
clustering analysis included the player unique identifier, the start and finish times of each
session, the number of rounds played during a session and the amount that was bet in real
money (or legal currency), excluding any betting with bonus money.

Braverman and Shaffer (2010) put forward four variables or risk factors in their
methodology: (i) frequency — the total number of active days (i.e. days on which a
participant placed at least one bet during the first month of betting; (ii) intensity — total
number of bets divided by frequency; (iii) variability — standard deviation of bets; and (iv)
trajectory — the trajectory of first month of bets. We use the same methodology as Braverman
and Shaffer (2010) for calculating these variables for our casino data set for frequency,
intensity and trajectory. For trajectory, we developed a time trend to the data points in the
first month of gambling via regression analysis, with amount bet being the dependent
variable, used in conjunction with the frequency risk factor as the predictor variable, i.e. each
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active betting day was a sequential number. A positive slope value indicates an increasing
trend in amount bet during the first month of gambling, a negative slope value indicating a
decreasing trend in amount bet. Our method for calculating variability is different, in that we
calculated variability of the amount bet per betting day rather than per wager. Whereas there
are several methods for determining the number of clusters for a data set when using the
k-means clustering method, we replicated Braverman and Shaffer (2010) by using four
clusters. We also calculated mean values for variables for the first month’s gambling activity.
This included calculating the number of days of active gambling, total number of bets placed
(n), total bets per day (n), total losses (Euros) and the standard deviation (SD) of the bet
amount per bet or wager (Euros). Bet amount or wager was calculated using the total amount
bet per session divided by the total number of played rounds per session.

Results
Description of clusters

Table 1 shows the standardized results from the k-means clustering analysis and Table 2
provides mean value of variables that describe gambling behaviours of different clusters
for the first month of gambling using our casino data.

Cluster 1 consisted of 80 players (14.7% of the total players) who demonstrated a high
frequency of gambling during the first month (mean = 14.89 days) relative to the other
players, bet an average of 4.35 bets per day, and exhibited a positive trajectory. The mean SD
of bet size for these players was 11.59 Euros. Cluster 2 consisted of 429 players (78.6% of total
players) who gambled moderately compared to the players in the other clusters. These players
gambled the least frequently in the first month (mean = 4.11 days), placed the least number
of bets (mean = 3.72 bets per day), and lost the least amount of money (mean = 571.78
Euros). However, these players did demonstrate a higher mean SD of bet size (20.63)
compared with players in cluster 1. Cluster 3 consisted of a small number of players (n = 6 or
1.1% of total players) who showed high variability in the amount bet per day when compared
with the other clusters. These players also gambled frequently (mean = 11.33 days) and
intensively (mean of total bets = 98.17) and lost the most money during the first month (mean
loss = 21,650.32 Euros). These players demonstrated a negative trajectory and recorded a
trend of reducing their bet size over the course of the first month more considerably than
players in the other clusters. Finally, cluster 4 consisted of 31 players (5.7% of total players)
who demonstrated a highly intensive betting pattern when compared with the other players
(mean of total bets = 138.45). Whereas they gambled less frequently than the players in
clusters 1 and 3, these players placed an average of 24.39 bets per day during their first month
of gambling. Players in cluster 4 also displayed the highest mean SD of bet size (55.38 Euros).

In addition, we examined the mean values of variables that described the gambling
behaviours of the different clusters for the data relating to the entire period of gambling

Table 1. Standardized scores of cluster centres on gambling behaviour characteristics (n = 546).

Cluster 1 (n=280) Cluster 2 (n =429) Cluster 3 (n =6) Cluster 4 (n = 31)

Frequency 1.87636 —0.36761 1.13606 0.02518
Intensity —0.09532 —0.21948 0.48517 3.18946
Variability 0.02426 —0.12131 7.49805 0.16499
Trajectory 0.10245 —0.00285 —1.47125 0.05978

Source: Bet Buddy
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Table 2. Mean values of variables that describe gambling behaviours of different clusters for the
first month of gambling (n = 546).

Cluster 1 Cluster 2 Cluster 3 Cluster 4
Period of gambling (days) 14.89 4.11 11.33 6.00
Total bets (n) 67.01 15.2 98.17 138.45
Bets per day (n) 4.35 3.72 7.83 24.39
Total losses (Euros) 2450.23 571.78 21,650.32 2570.45
SD of bet amount per wager (Euros) 11.59 20.63 44.00 55.38

Source: Bet Buddy

and the results confirmed the broad trend for the observed period of gambling. Players in
cluster 2 continued gambling with a relatively moderate gambling pattern, compared with
players in the other clusters, and they lost the least amount (mean = 2,666.58 Euros).
Cluster 3 players continued to gamble with a highly variable bet amount per day and
continued to lose more heavily than the other players, losing on average more than five
times the amounts players in the other clusters lost. Cluster 4 players continued to gamble
with the most intensive betting patterns (mean = 21.26 bets per day compared with an
average of 4.75 for the other three clusters). Finally, Table 3 outlines how much time the
players gambled on each game type as a percentage of the total time gambled for each
cluster for the entire period of gambling.

Table 3. Gambling duration by game type as a percentage of total gambling time for each cluster
for the entire period of gambling (n = 546).

Roulette Table game Slot game Video poker Other game
Cluster 1 13.5% 34.8% 45.6% 52% 1.0%
Cluster 2 13.2% 46.1% 28.6% 11.5% 0.7%
Cluster 3 84.1% 8.6% 7.0% 0.1% 0.2%
Cluster 4 37.8% 9.4% 47.6% 4.4% 0.7%

Source: Bet Buddy.

Discussion

Risk factors

Whilst we observed a group of players who varied the amount bet per day considerably
during the first month of gambling (cluster 3) these players’ mean SD of bet size (44.00
Euros) was lower than those observed in cluster 4 (55.38). Therefore, although cluster 4
players gambled more often and with a more variable mean SD of bet size, they lost on
average over 88% less than players in cluster 3. This posits the question of why the 31
players in cluster 4 — in spite of losing considerably less money — were demonstrating
riskier gambling behaviours than the six players in cluster 3, who were the only players to
demonstrate a notable negative trajectory of betting during the first month. Can we infer
from such analysis that cluster 3 players could have been chasing losses and subsequently
decreased their gambling trajectory as their losses increased? There are some similarities
in these results when compared with Braverman and Shaffer (2010). Their cluster 1
gamblers (high intensity, high variability), while losing more money over the entire period
of gambling compared with cluster 3 (high intensity, low variability), gambled with
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a marginally lower intensity (13.5 bets per day) compared with cluster 3 (14 bets per day).
Interestingly, our players in cluster 1, even though they were betting more frequently and
losing more money compared with our relatively moderate players in cluster 2, gambled
with a mean SD of bet size of 11.59, which was considerably lower than the more
moderate players in cluster 2 (mean SD of bet size = 20.63).

Our results also show that the z-score for cluster 3 with regards to variability (7.48905)
was markedly different to those of the other clusters in our analysis and with Braverman and
Shaffer (2010), including their cluster 1 (variability = 4.40874) which included 11
gamblers (73% of all gamblers in cluster 1) who closed their accounts due to problem
gambling reasons. One reason for this difference could be that our method for calculating
variability was based on the standard deviation of bets per day (rather than per bet) as our
data set did not allow for calculating the exact amount wagered per bet. This approach is
arguably more consistent with most problem gambling screens’ approach to assessing loss
chasing, including the Diagnostic and Statistical Manual for Mental Disorders-IV (DSM-
IV), the Canadian Problem Gambling Index (CPGI) and the South Oaks Gambling Screen
(SOGS). These screens assess loss chasing by asking gamblers whether they returned a
following day to try to win back losses. Within these screens there is no reference to chasing
losses within other time periods, which could be problematic when used in the context of
Internet gambling, which allows for players to gamble via multiple sessions within the same
day from their homes. Given the growth projections for Internet gambling we believe there is
merit in assessing whether these screens should reframe such questions to take into account
this industry trend. Griffiths and Whitty (2010) also highlight that in the very specific issue of
Internet problem gambling detection, if problem gambling could be identified online
without the use of diagnostic gambling screens, then this may also have implications for the
development of new problem gambling screening instruments in the future.

Opportunities exist for more detailed analysis of online gambling data and behavioural
markers (risk factors). Our results for variability do not provide concrete evidence as to
whether any players were actually involved in loss chasing, whichever method one uses to
measure variability (i.e. by bet size of bet amount per day). The analysis of a chain of
losing and of increasingly variable (in terms of bet amount) bets, rather than assessing the
overall bet variability for each bet during a day or online gambling session, could provide
clearer insights into problem gambling behaviour related specifically to loss chasing. Xuan
and Shaffer (2009) provide further considerations in respect to the analysis of loss chasing.
They analysed loss chasing in the context of the betting patterns of Internet sports
gamblers who closed their accounts due to gambling related problems. The authors stated
that regarding the construct of loss chasing, they observed evidence that supports the
construct with respect to increasing stake during increasing monetary loss. However, they
concluded that whilst problem gamblers experienced increased monetary loss and
increased their stake size prior to closing their accounts, they did not chase longer odds.
The analysis of bet variability as a risk factor has further considerations. For example,
analysing the ratio of a gambler’s early wins versus their early losses or total bet amount,
rather than the overall bet variability, particularly for games with little or no skill element
such as casino, could provide useful feedback for players regarding the risks associated
with the illusion of control.

Game structure

The composition of our clusters provides evidence of different gambling patterns when
Internet gamblers begin gambling. Cluster 4, as shown in Table 1, comprised a group of
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players that gambled more intensively than any of the other players, which could be
explained by the faster nature of casino games in comparison to other gambling verticals.
The most intensive live action sports bettors in Braverman and Shaffer (2010) were in their
cluster 3, who bet on average 19 days and placed 14 bets per day, fewer than our intensive
casino players in cluster 4, who on average placed over 24 bets per day but only bet on six
days during the first month.

Our analysis shows that our most intensive gamblers in cluster 4 spent the majority of
their time gambling on slots games (47.6%), which was the highest percentage for slots
games across all clusters, followed by roulette (37.8%). Slots games were also very
popular with gamblers in cluster 1 (45.6%), who gambled the most frequently in our
research cohort. Our cluster 3 gamblers spent the vast majority of their time gambling on
roulette; however, this data was highly influenced by one specific player’s gambling
behaviour and therefore little can be inferred from this. Our most moderate gamblers,
cluster 2, gambled across all different game types, with table games (46.1%) being the
most popular. We can infer from this analysis that amongst active real money casino
Internet gamblers, players who gamble more intensively and frequently spend the majority
of their time gambling on slots type games. This is in contrast to more moderate gamblers
who, whilst playing across all gaming types, had a preference for table games. Game type,
therefore, could be one explanation as to why our intensive gamblers in cluster 4 typically
placed more bets than Braverman and Shaffer’s (2010) intensive gamblers in clusters 1
and 3, in that the structural characteristics of slots allows for more intensive betting
compared with live action sports betting.

Turner (2008) states that continuous games, such as casino and horse betting, as well as
instant games, are ongoing and allow players to place multiple bets. Discrete games, such
as lottery and traditional sports betting, allow for significant gaps between bets. Therefore,
continuous games can condition and reinforce gambling behaviour, and in that way could
lead to the development of problem gambling behaviour. Turner (2008) also states that
volatile games result in frequent small prizes and infrequent large prizes. Slot machines,
lotteries and bingo are volatile, whilst roulette, blackjack, craps and baccarat are not as
volatile and typically have prizes that equal the bet. Volatility also depends on how people
play the game, e.g. variations in bet size. As problem gamblers frequently increase the size
of bets (e.g. doubling up, increasing the bet size after a win) a key consideration is that
increased variability increases losses over the long run. In other words, the volatility of the
game combined with the player’s betting strategy can lead to problem gambling
behaviour. This adds additional complication when assessing problem gambling risk
profiles of players who play multiple games that are offered in an Internet gambling casino
vertical, which typically includes both volatile games (slots) and less volatile games
(roulette and table games). Holtgrave’s (2009) analysis of adult survey data in Canada
between 2001 and 2005 supports Turner’s (2008) arguments, asserting that problem
gambling was particularly pronounced for volatile games, such as slots. A contrasting
perspective on this topic has been argued by Welte, Barnes, Tidwell and Hoffman (2009)
who assessed the relationship between the games played by over 2,000 American young
adults and the symptoms of problem gambling. Whereas their study showed that the form
of gambling that made the largest contribution to problem gambling was casino, in
contrast to Turner (2008) and Holtgrave (2009), they, nonetheless, refuted the hypothesis
that rapid (or continuous) forms of gambling — such as slot machines — are the most
problematic forms of gambling.

In this paper, by examining the types of games played by different types of gamblers, we
suggest that a combination of analysis of risk factors, such as variability of bet size and
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intensity and frequency of betting, in conjunction with a deeper understanding of the gaming
vertical, can provide further insight into high-risk gambling strategies and behaviours.

Player education

Internet gambling allows for many effective preventive measures that are arguably more
difficult to implement in land-based gambling, such as forms of pre-commitment and
self-limitation. We have demonstrated that the very nature of Internet gambling allows for
behavioural analysis using player data, which can not only help academics and scientists
to understand better gambling issues from a clinical perspective, but also can help the
industry to identify at-risk players. Segmentation of customers based on the analysis of
customer behaviour data has long been practised in Internet marketing and risk
management. However, the use of technology to segment players based on analysing
gambling patterns relative to problem gambling risk factors is not a widespread practice.
We strongly suggest that such segmentation could provide new opportunities for gambling
operators to provide feedback to their players that could potentially help at-risk players to
regulate their game play.

Our analysis of active real money casino players highlights that the gambling
behaviours of intensive gamblers varies considerably when analysed relative to risk
factors. Given this variation, it would be beneficial to consider micro-segmentation of
players, rather than using broad segmentation categories, such as causal, frequent and
intensive players, as discussed earlier. This would allow for an even greater level of
personalization of player feedback.

Building on Goetz’s (2010) conceptual model of behaviour change we can describe
how behavioural analysis and feedback mechanisms can help players to regulate their
gambling behaviour: (i) player Internet gambling data is made available for behavioural
analysis; (ii) analysis of the data in undertaken in the context of problem gambling risk
factors; (iii) the resulting analysis is fed back to the player and, where appropriate, a series
of choices from the operator’s existing player protection tools and features are made
available to the player (e.g. to set a betting monetary limit or to take a self-diagnostic test);
and (iv) from the choices available the player can execute any series of actions to help
regulate their game play.

McKinsey and Company (2011) draws attention to the further opportunities that data
analysis can offer, beyond traditional applications in marketing and risk management. It
states that applying advanced data analysis in new contexts (e.g. healthcare) can identify
individuals who would benefit from proactive intervention or lifestyle changes. The
conceptual model discussed above builds on this concept and when integrated alongside
an Internet operator’s existing player protection features (such as setting deposit and loss
limits) can function as an ongoing and iterative feedback loop, with new data and the
results of player actions being assessed regularly to ensure feedback is up-to-date and
relevant. Our analysis also demonstrates that gambling behaviours for the entire period of
gambling were consistent with that of the first month of gambling. Early feedback and
intervention, therefore, could provide opportunities to influence more moderate and
sustainable gambling behaviours over longer periods of time.

Clinical analysis

Notwithstanding the opportunities available to provide gamblers with feedback on their
game play relative to problem gambling risk factors, an analysis of four clusters suggests



Downloaded by [City University London], [Dr Georrge Tsogas] at 12:43 21 December 2011

International Gambling Studies 387

that it is difficult to assign any of the clusters to specific clinical groups with a high degree
of certainty with respect to problem gambling. Using Blaszczynski and Nower’s (2002)
pathways model we can argue that the growth in Internet gambling is an important
ecological factor that is increasing gambling availability. Also, some of the behaviours
exhibited in clusters 1, 3 and 4 could provide evidence to suggest behaviours consistent
with pathway 1 (behaviourally conditioned problem gamblers, notably heavy or excessive
gambling and loss chasing). It is not possible to link any of our clusters with pathway 2
(emotionally vulnerable problem gamblers), whilst the low trajectories exhibited across all
four clusters could suggest evidence against classifying any of our clusters with pathway 3
(antisocial, impulsive problem gamblers).

The challenge for using these results in a clinical capacity with a large degree of
confidence is that we analysed players’ exhibited Internet gambling behaviour relative to
four problem gambling risk factors. We could not assess, for example, whether any of the
gamblers in our study suffered from poor coping or problem solving skills, or negative
family experiences, or suffered from behavioural problems such as substance abuse, which
are important elements in pathways 2 and 3. In order to enable that, we would have had to
augment our exhibited gambling data with gamblers’ declared behaviour, such as data
obtained from interviews using a gambling screen. That would have enabled a specific
assessment of any negative consequences our players may have suffered as a result of their
gambling behaviours.

Analysis of alternative data sources from the gambling operator, such as Internet chat-
room data and call-centre data, could provide additional evidence suggesting classification
into pathway 2 (e.g. evidence of anxiety) and pathway 3 (e.g. irritability, antisocial
behaviours). Research from Haefeli, Lischer and Schwarz (2011) supports this, stating that
along with the analysis of Internet gambling data, communication-based indicators can be
used to predict the early signs of problem gambling behaviour. Their analysis combined
interviews with customer services staff to identify problem gambling risk indicators, together
with an analysis as to whether these factors could accurately predict whether a gambler closed
his or her account due to problem gambling related issues, by assessing the communications
of 150 random Internet gambling self-excluders from Internet gambling operators. Their
findings state that several predictors correlated with gamblers who self-excluded, including
frequency of customer contact and threatening tonality in customer contact.

Limitations

Whilst our data sample was specifically selected to identify active real money players, the
methodology of how the vendor calculated who was an active real money player was not
available. Further analysis of less active players relative to problem gambling risk factors
would provide additional insight into the early behavioural patterns of gamblers, which
could provide a more holistic overview of the gambling habits of the broader population of
Internet casino players. Although our analysis of player data provides new insights into
Internet gambling behaviour, it is, nonetheless, possible that some of the 546 players in our
sample played on multiple gambling websites and via other, land-based venues. Given this
possibility, the analysis of player behaviour from a single Internet gambling operator risks
not providing a truly holistic view of a player’s problem gambling risk profile. Unlike
Braverman and Shaffer (2010), our data sets did not include a full audit trail to the point
when the players closed their accounts, and for what reasons. Even with a full audit trail,
challenges exist when trying to identify problem gambling behaviour through the
analysis of Internet player data. For example, not all problem gamblers will necessarily
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self-exclude or close their account. Even though k-means clustering is a useful statistical
technique for dividing data into meaningful groups it has some limitations. For example,
k-means clustering has difficulty in grouping data with large outliers, such as skewed
and non-normally distributed populations like our casino data set (which could explain
the results of cluster 3). It also produces more meaningful and natural clusters with the
application of greater numbers of variables and sub-clusters. For example, Experian, the
credit rating agency, has used the k-means clustering methodology to cluster populations
into 45 types and 13 groups using 350 measures (Cameron, Cornish, & Wilson, 2005).

Implications for further research

We believe that future research into problem gambling behaviour that will utilize Internet
gambling data is both urgently required as well as socially significant and necessary. Such
research would benefit from exploring in greater detail a number of areas. Even though we
analysed the data in terms of five game types, our casino data set included 78 different
games within the game types. Further analysis of each cluster in the context of the 78
games could provide additional insight into which games the players in each cluster
participated in and whether these influenced behaviour. Analysis of Internet gambling data
for additional gaming verticals needs to be undertaken in order to assess gambling
behaviours relative to risk in popular games, such as poker, lottery and instant games. In
addition, the use of four risk factors to assess problem gambling behaviour could be
extended, by including additional risk factors related to spend, losses, time, type of games
and the odds that players bet against. Assessing trends in how quickly players spend cash
deposits, trends in player losses, changes in player funding sources, gambling behaviour
relative to the time of the day, and how much time is spent gambling can all be assessed
relatively easily, given the Internet gambling data available. That data is typically
available from the operator’s player account management systems and also includes
demographics, session, game and transaction data. Gainsbury (2011) describes how
Internet gambling behaviour can be tracked and analysed to identify behavioural patterns
that may be related to risky play or signify potential problems, arguing that this approach
offers considerable benefits for researchers, operators and regulators.

Although exhibited Internet gambling data is likely to continue to be the basis for future
research in this area, we believe that there is merit in assessing whether other data sets,
including data sets that are not owned by the gambling operator, can be used in conjunction
with exhibited data sets in order to try to understand better what drives problem or risky
gambling behaviours. Such data could be structured (i.e. data that resides in fixed fields such
as relational databases and spreadsheets) — for example, external credit risk, sporting event
and climate data — or unstructured (i.e. data that does not reside in fixed fields) — for
instance, relating to call centres, online chat and email data (which is another form of
exhibited behaviour data). There will, however, be challenges to analysing new data sets.
Acquiring external data could incur cost and involve data privacy issues. Data mining
techniques required for the analysis of some of these new data sources, particularly
unstructured data, could consign additional technical challenges for researchers.

Thus, we recommend that future research using Internet exhibited gambling data
should be augmented with actual interviews of gamblers, where feasible, in order to obtain
a better understanding as to whether gamblers have suffered negative consequences as a
result of their gambling behaviour. This data, along with unstructured exhibited data and
external data, would provide additional evidence to enable more effective clinical analysis
of Internet gambling behaviour.
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Further, the analysis of exhibited data behaviour in relation to problem gambling risk
factors should be undertaken using different statistical methodologies. There are many
alternative techniques that could be applied to these types of data sets that are arguably
more appropriate than k-means clustering. For example, an alternative methodology could
entail the use of regression analysis, by using the four risk factors as variables in order to
assess whether they can predict which players self-exclude themselves from gambling. In
this scenario, a logistic regression would be required given the categorical nature of the
outcome, i.e. self-excluded versus not self-excluded.

Finally, using the results of such analysis in the context of providing Internet gamblers
with feedback on their game play relative to risk is an emerging field with little empirical
evidence. Consequently, further research in collaboration with Internet gambling
operators is required in order to assess whether the provision of tailored messaging can
positively influence gambling behaviour by helping players to make more informed
decisions about their game play.
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