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How do gamblers start gambling: identifying
behavioural markers for high-risk internet
gambling

Julia Braverman'-2, Howard J. Shaffer'?

Background: The goal of this study is to identify betting patterns displayed during the first month of
actual Internet gambling on a betting site that can serve as behavioural markers to predict
the development of gambling-related problems. Methods: Using longitudinal data, k-means
clustering analysis identified a small subgroup of high-risk gamblers. Results: Seventy-three percent
of the members of this subgroup eventually closed their account due to gambling-related problems.
The characteristics of this high-risk subgroup were as follows: (i) frequent and (ii) intensive betting
combined with (iii) high variability across wager amount and (iv) an increasing wager size during the
first month of betting. Conclusion: This analysis provides important information that can help to
identify potentially problematic gamblers during the early stages of gambling-related problems.
Public health workers can use these results to develop early interventions that target high-risk
Internet gamblers for prevention efforts. However, one study limitation is that the results distinguish
only a small proportion of the total sample; therefore, additional research will be necessary to identify
markers that can classify larger segments of high-risk gamblers.
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Introduction

The availability of Internet gambling services raises public
health and public policy concerns about their potential to
influence the development of gambling-related addiction.'?
Among all people who have ever been exposed to gambling
activities worldwide, ~5% experience some gambling-related
problems and between ~0.2% and 2.1% become ‘pathological
gamblers’ during their lifetime.>™'" Early intervention efforts
might successfully prevent, or at least diminish, the likelihood
of developing gambling-related disorders.'"'? Therefore, it is
essential to identify gamblers at higher risk of developing
gambling-related problems as early as possible.”> Just as
biomarkers indicate the presence of pathogenic biological
processes, behavioural markers can indicate high probability
of developing disordered gambling or more generally
addiction.

A growing body of published articles has described the
actual gambling behaviour of subscribers to the Internet
gambling service, ‘bwin’ Interactive Entertainment, AG
(‘bwin’).!*?? However, only one article®® identified specific
behavioural markers to predict gambling-related problems
among this group. Xuan and Shaffer compared the gambling
behaviours of self-identified live-action Internet bettors during
the month prior to closing their accounts because of gambling-
related problems with the gambling behaviours of a matched
sample of live-action gamblers who did not close their
accounts. Live-action betting allows gamblers to follow a
particular sporting event and to bet on an immediate
proposition within the event while the event is occurring
(e.g. betting on who will be the next man out during
a cricket match). Xuan and Shaffer”® found that those who
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closed their accounts due to gambling-related problems
experienced increasing money loss, increasing stakes per bet,
and increasingly shorter odds bets as the time of account
closure approached. In this new study, instead of using the
last segment of prospective betting patterns, we used the
initial betting patterns from the same sample of gamblers
used by Xuan and Shaffer.”®

The syndrome model of addiction** suggests an aetiological
approach to the emergence of addiction. From this perspective,
antecedent distal (e.g. genetic, post-traumatic stress disorder,
etc.) and proximal (e.g. reward value, psychiatric morbidity,
socio-economic status, etc.) events can influence the likelihood
of developing addiction. These aetiological antecedents include
individual vulnerability factors (e.g. biological, psychological
and social), object exposure and repeated object interaction.
There is growing evidence that many distal (e.g. neurogenetic
and cultural) and proximal (e.g. psychiatric morbidity)
influences contribute to the development of addiction in
general and gambling-related problems in particular.'®*>*°

The purpose of this study is to examine some proximal
features associated with gambling that might influence
or relate to the emergence of addiction. Specifically, we
investigate whether several gambling characteristics cluster in
a reliable way during the first month of Internet gambling to
identify live-action sports betters who will later close their
accounts due to gambling-related problems.

We considered four characteristics of first-month gambling
to be important candidate variables that might distinguish
between account closers and other gamblers: gambling
frequency; gambling intensity; gambling trajectory; and
gambling variability. Research has shown that gamblers vary
in their gambling frequency (i.e. the number of betting days
during the period of observation) and their betting intensity
(i.e. the average number of bets per day). For example, LaBrie
et al.’® observed high frequency and high intensity of gambling
among the characteristics of a distinct group of most involved
Internet casino bettors. Another potentially important
characteristic that might identify high-risk gambling
behaviour early in a sequence is gambling trajectory, i.e. the
tendency to increase or decrease the amount of wagered
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money. LaPlante et al.'” observed that most gamblers tend to

decrease the amount of money they wager after the first 8-day
period of gambling. However, the most involved sports bettors
in this study (~1% of the sample) did not show this
‘adaptation’; instead, they increased their betting activity.
The American Psychiatric Association has identified a need
to increase the amount of wagers to achieve the desired
excitement previously experienced at lower levels of wagering
(e.g. tolerance) or to try to make back previous losses as a
criterion associated with pathological gambling.®' Finally, the
variability of betting might distinguish prospectively high-risk
gamblers from their lower risk counterparts. Previous studies
showed that a uniform, stable and consistent gambling pattern
characterizes the majority of Internet gamblers.'>***
Deviation from this prototypical behaviour pattern could be
a marker that distinguishes high-risk gamblers from
recreational gamblers.

Consequently, we hypothesize that gambling frequency,
intensity, variability and the tendency to increase or decrease
wagers (trajectory) during the first month of Internet live-
action gambling, will identify reliable and meaningfully
different subgroups of gamblers. In addition, we examine
whether members of any of the identified subgroups are
more likely to develop gambling-related problems than others.

Method

Participants

We selected the analytic sample from the full research cohort
that included 48 114 people who opened an account with the
Internet betting service provider ‘bwin’ during February 2005.
For a complete description of this sample, interested
readers should see LaBrie et al'® About half of the full
sample (21996 participants) engaged in live-action gambling
more than three times during the 2-year observation period.
Of those, 1758 formally closed an account after 1 month and
before the end of a 2-year period, and 599 reported the reason
for closing by selecting one of three available choices: (i)
having no further interest in gambling; (ii) being unsatisfied
with the service; or (iii) due to gambling-related problems.
This last choice did not specify a particular range or
intensity of problems. Finally, we excluded 69 participants
who had less than two active gambling days during the
first month. We excluded these participants because it was
impossible to calculate some variables (e.g. standard
deviation and trajectory) for less than two data points.
Nineteen of those 69 participants reported closing their
account because of gambling-related problems. The final
analytic cohort consisted of 530 participants; 176 (33%) of
those reported closing their account for gambling-related
problems, 98 (19%) were unsatisfied with the service
provided and 256 (48%) reported having no interest in
gambling.

Measures

Our gambling behaviour measures represented daily aggregates
of betting activity records during the first 30 days, starting with
the first live-action betting day. The daily aggregates included
number of bets, amount of money wagered and winnings
credited to the bettors’ account for live-action betting on
that day. From this available information, we calculated four
variables that describe a pattern of gambling activity: (i)
frequency—total number of active days (i.e. days on which
a participant placed at least one live-action bet) during the
first 30 days, starting from the first day of live-action
gambling; (ii) intensity—total number of live-action bets

divided by frequency; (iii) variability—standard deviation of
wagers; and (iv) trajectory—the trajectory of first month
wagers. To calculate trajectory, we coded the active betting
days sequentially (i.e. the first betting day was coded 1; the
next betting day was coded 2, and so on). We then computed
a linear regression model with wager as a dependent variable
and a sequence number as a predictor. We used the slope
coefficient of the regression model to describe the trajectory
of wager. A positive slope value indicated increasing wager size;
a negative slope value reflected a decreasing pattern of
wager size.

In addition to these early predictors, we calculated the
following variables that summarize betting behaviour for the
entire period of gambling (i.e. from first live-action betting day
to account closing): total wagers—sum of total stakes wagered;
total number of bets—sum of bets for the whole period;
average bet size—total nember of bets divided by the total
wagers; period of gambling—number of days from first to
last betting days; and total losses—total wagers minus total
winnings.

Statistical analysis

We used a k-means cluster analysis to identify subgroups
(clusters) of wusers with similar first-month gambling
behaviours. We created the k-means clusters by associating
every observation with the nearest mean. The final partition
method minimizes the distances between observed scores and
the cluster centres.’>>> Before clustering the Internet gamblers,
to assure comparability, we standardized all variables using z
transformations. After identifying clusters, we conducted a
chi-square test to identify meaningful associations between
cluster membership and reason for closing an account (i.e.
gambling-related problems versus other reasons)

We used the k-means cluster analysis to partition
observations into k relatively homogeneous subgroups or
clusters. All cases that belong to a single cluster demonstrate
similar patterns of behaviours, as defined by the variables
included in the cluster analysis. A major drawback of
k-means cluster analysis is its potential instability.
Consequently, to ensure the reliability of the results, we split
the sample randomly into two halves and repeated the same
clustering procedure for each subgroup independently.
We also calculated a Kappa degree of concordance in cluster
membership by comparing memberships of both subsamples
separately with the memberships of the total sample. Following
this procedure for 3-10 clusters, we identified a four-cluster
solution as stable and reliable. The subgroup total membership
concordance for subgroup one was good (k=0.658, P<0.001)
and for subgroup two it was perfect (k=0.925, P<0.001).

Results

Demographics

The total analytic sample consisted of 44 (8%) women and
486 (92%) men. The mean age at the time of registration
was 28.4 (SD=8.8), ranging from 17 to 62. The users
reported that they were residents of 21 countries; the most
frequent residency was Germany (53%), followed by Turkey
(11%), Poland (6%) and Spain (5%). Men in the sample were
younger than women [mean=28 versus 32 years old,
£(528) =3.16, P<0.05] and placed more bets per day during
the first month [6.8 versus 5.3, #(528)=1.98, P<0.05] [We
conducted a logarithmic transformation (natural logarithm)
of all variables prior to conducting a f-test to ensure
normality of the distribution]. There were no other gender
differences.
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Intercorrelations

Spearman’s correlations between frequency, intensity, vari-
ability and trajectory were low to moderate (all r’s<0.60).
We found the highest correlation (r=0.571) Dbetween
variability and frequency.

Description of clusters

As table 1 shows, the k-means cluster analysis identified four
clusters of Internet gamblers distinguished by high versus low
z-scores for each variable. Cluster 1 (high intensity, high
variability, n=15) contained gamblers who played frequently
(mean=20 days during the first month) and intensively
(mean=13.5 bets/day), with high variability of the wager
sizes (mean of SD is 722 Euro) and positive trajectory
(mean=0.19). Cluster 2 (low first month activity, n=22)
contained gamblers who played very rarely (mean=2.2
days). Cluster 3 (high intensity, low variability, n=115)
consisted of gamblers who played as frequently as the
members of Cluster 1 (mean=19 days) and intensively
(mean=14 bets/day), but bet about the same amount of
money each day that they gambled [i.e. relatively low SD of
wagers (mean=382 Euro) with almost no increase in the
waging size (mean=0.03)]. Finally, Cluster 4 (moderate
betting, n=378) included the majority of gamblers: those
who played rarely (mean=7 days), not intensively (mean=
4 bets/day), with low variability in their wager size [M(SD) =
34 Euro] and the trajectory close to zero (mean =0.09).

We conducted a series of post hoc one-way analysis of
variance (ANOVAs) tests to examine the differences between
the four clusters. All differences for the four primary measures
were significant with F’s (3526) ranging from 61.6 (variability)
to 149.8 (frequency) (P <0.001 for all comparisons).

Cluster groups’ characteristics and association
with gambling-related problems

A chi-square analysis revealed a significant relationship
between cluster membership and reason for closing an
account (x*=13.58, P<0.01). We contrasted the group that
closed their account for gambling-related problems with the
other two account closing groups (i.e. those who reported
being unsatisfied with the service and those with no interest
in gambling). The vast majority (73%; N=11) of members of
the high activity, high variability cluster reported closing their
accounts for gambling-related problems. This compared to
only 45% (N=10, low first-month activity), 29% (N=33,
high activity, low variability) and 32% (N=122, moderate
betting), of members from the other three clusters. The
other three clusters did not differ significantly from each other.

Post hoc one-way ANOVAs [All the variables except
trajectory were not normally distributed. Consequently, we
performed a logarithmic transformation (natural logarithm)
on these variables to ensure normality.] revealed statistically
significant differences between the members of each of the four
clusters for the following variables that describe the entire
period of gambling: total wagers [F(3526) =59.45, P<0.001],
total bets [F(3526)=91.53, P<0.001], average bet per day
[F(3526) =75.91, P<0.001) and total losses [F(3526)=5.05,
P<0.001]. Table 2 presents the mean values of these
variables for each subgroup. There was no significant
difference for the period of gambling. These analyses further
revealed that the members of the high-intensity, high-
variability gambler subgroup wagered significantly more
money than did members of other clusters (P<0.01). Also,
the member of both high intensity subgroups made more
bets and placed them more frequently than the members of
low first-month activity and moderate betting clusters
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Table 1 Standardized scores of cluster centres on gambling
behaviour characteristics

Cluster 1 Cluster 2 Cluster 3 Cluster 4
High activity, Low first- High activity, Moderate
high month low betting
variability activity variability (n=378)
(n=15) (n=22) (n=115)
Frequency (days) 2.63489 —0.54361 2.39258 0.27904
Intensity (bets) 1.78653 0.03928 1.89973 0.00430
Variability (Euro) 4.40874 0.15649 0.26157 —0.04460
Slope 0.26706 —2.48611 0.14316 0.22323

Table 2 Mean values of variables that describe gambling
behaviours of different clusters for the entire period of
gambling

Cluster 1 Cluster 2 Cluster 3 Cluster 4

High Low first-  High Moderate
intensity, month intensity, betting
high activity low
variability variability
Period of gambling 447.33 337.86 425.78 360.33
(days)
Total wagers (Euro)  74085.80  6317.81 23660.03 5444.43
Total bets (N) 1165.66 165.91 1995.76 317.58
Bets per day (N) 10.65 5.42 12.64 4,92
Total losses (Euro) 4308.62 809.87 1705.85 408.42

(P<0.01). Finally, members of the High Intensity, High
Variability cluster lost more money than did members of
the other clusters, P<0.05).

To determine whether demographic characteristics were
associated with subgroup membership, we conducted a series
of chi-square analyses for categorical variables and ANOVA for
the continuous age variable. These analyses revealed no
significant gender, nationality or primary language differences
among members of the four clusters (P> 0.4 for all variables).
However, ANOVA demonstrated that the members of both
high intensity clusters were slightly older (mean age=30)
than members of low first-month activity (mean age=27)
and moderate betting clusters (mean age=28) (P<0.02).

Finally, a series of t-tests revealed that no single variable
(frequency, intensity, variability or trajectory) was associated
with closing an account due to gambling-related problems
[#(528) ranged from 0.60 to 1.15, with P>0.25 in all
instances).

Discussion

The k-means cluster analysis identified four meaningful
subgroups of Internet live-action gamblers based on their
actual first 30 days of live-action betting. Gamblers
characterized by high-intensity and frequency of gambling
and by high variability of wager sizes were at higher risk
than other gamblers to report gambling-related problems
upon closing their accounts.

To our knowledge, this study is the first to use cluster
analysis to identify a group of gamblers at higher risk for
reporting gambling-related problems. This also is the first
study to examine the first segment of a prospective period of
actual Dbetting behaviours. These results complement the
findings of Xuan and Shaffer,”> who investigated the last
segment of a prospective period of gambling before gamblers
closed their account because of gambling-related problems.
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Analysing the first segment of a longitudinal sequence is more
critical than a later segment if the purpose of the research is to
identify gamblers who might develop problems in the future,
thereby providing public health workers with the opportunity
to intervene at an earlier time.

Only about half of a percent of all gamblers who registered
at the ‘bwin’ site during the 2-year period ever closed their
account for gambling-related problems. The challenge,
therefore, is to use these few cases to correctly identify others
who might have similar problems or might develop such
difficulties in the future. The high-risk subgroup that we
identified in this study included only ~3% of all those
gamblers who closed their accounts because of gambling-
related problems. Nevertheless, identifying even a small
portion of the total gamblers at-risk for developing
gambling-related problems is an important step towards
understanding these risks and towards identifying the larger
subgroup at risk. For example, during early studies of seizure
disorders, neurologists could classify the aetiology of very few
accurately and most seizures remained of unknown origin.
Aided by growing clinical and empirical evidence, the
majority of seizures now can be classified accurately. As the
evidence grows for gambling-associated risks, we expect to
observe a similar phenomenon. More research will provide
scientists with the opportunity to better identify the risks
of developing gambling-related problems. Perhaps even more
important is that although only a minority of those who self-
reported gambling-related problems demonstrated the pattern
of high-intensity and high-variability gambling, those who did
evidence this pattern are at very high risk to close their account
for gambling-related problems later. More than 70% of the
members of the distinguished cluster reported closing their
account due to gambling-related problems. Being a member
of this high-risk subgroup also predicted losing more money
during the entire period of gambling. These findings seem to
clearly identify one group of high-risk gamblers.

Although the results of this study do not reveal why high
wager intensity and variability predict gambling-related
problems, we can speculate that external factors (e.g. social
relationships, availability of time, or monetary resources)
influence gamblers with problems more than ‘social
gamblers’. Variability of wager sizes might reflect gamblers’
desire to stop or limit their gambling or to control their
impulses. Frequent gamblers who keep their daily betting
sums constant presumably have more control over their
gambling behaviour than do those players who dramatically
change the sums they bet. This explanation is consistent with
the clinical definition of excessive gambling as an impulse
control disorder” and the results of several studies that
demonstrated problematic gamblers often evidence periods
of intensive gambling interrupted by the periods of
remission.'®** However, we will need more research to
clarify these issues.

An examination of the distribution of cluster centres raises
the question of whether high variability might be a single
variable capable of predicting account closing because of
gambling-related problems. However, the results demonstrate
that neither variability nor other variables taken separately
are sufficient to predict gambling-related problems.

The syndrome model of addiction* suggests an aetiological
approach to addiction where there are distal and proximal
antecedent ~ commonalities  (e.g.  neurogenetics  and
psychopathology), across different expressions of addiction
(e.g. gambling, substance misuse and excessive eating).
Therefore, the same behavioural markers that are antecedent
to Internet gambling-related problems might be relevant to
predict other expressions of addiction. Further studies
should test this assumption by examining the early behavioural

patterns of alcohol drinkers, smokers or individuals with
other addiction problems.

Limitations

This study has some limitations. We analysed only the
behaviours of those who closed their accounts during the
2-year period, a very small proportion of the total sample.
Although we employed account closers’ self-reported
gambling-related problems as an indication of actual
gambling-related problems, we did not have clinical or
collateral evidence about the participants’ mental status (e.g.
pathological gambling). Participants’ self-report of having
experienced gambling-related problems does not permit us
to distinguish between levels 2 (e.g. subclinical) and 3
(e.g. pathological) gamblers within the public health
nosology. Consequently, we conservatively suggest that the
participants in this study represent level 2 gamblers; that is,
these are people who report some gambling-related adverse
symptoms, but an insufficient cluster of symptoms to
warrant a clinical diagnosis.”> Furthermore, gamblers who
report symptoms insufficient to call for a clinical diagnosis
are likely more diverse than those whose symptom patterns
warrant a diagnosis of pathological gambling. Consequently,
more research is necessary to clarify the extent of
psychopathology among customers who close their accounts
and select ‘gambling-related problems’ as the reason for their
account closing. Similarly, we require more research to better
understand the initial behaviours of gamblers who do not close
their account but still report either gambling-related problems
or demonstrate particularly dangerous gambling behaviours.

In our analysis, we used four characteristics of initial betting
behaviour. However, other factors might also be candidates
for identifying at-risk gamblers. These other variables might
include total amount of wagers, number of winning or losing
days, number of deposits made during the first month, etc.
Future studies can use the predictors found by the present
analysis and other variables to build other models that can
predict high-risk gambling.

Our analysis identified only a small portion of individuals
with  gambling-related problems. The population of
problematic and pathological gamblers is likely more
heterogeneous.®® Levels 2 (e.g. problem) and 3 (e.g.
pathological) gamblers vary in their socio-demographic
characteristics, motivation, personality types as well as their
patterns of betting behaviour.'? Therefore, it is likely that we
can generalize our results to only a small subgroup of
gamblers. It is important to conduct further studies that will
identify risk factors or subgroups for the non-identified 97%
of gamblers with gambling-related problems.

This study used Internet gamblers from only one gambling
service and these results might not generalize to other
populations. Moreover, we only considered live-action
bettors in our analysis. We found that there were a substantial
number of users who reported closing their account for
gambling-related problems who demonstrated little live-
action betting activity during their first month or during the
whole 2-year period of gambling. It is likely that these gamblers
participated in other games (e.g. fixed odds betting) and this
other betting activity was contributing to account closing.

In sum, this study advances the field of gambling research by
providing a logical continuation of a series of investigations of
actual betting behaviours. Our previous publications on this
topic provided reports about overall gambling patterns'*"
and, in particular, about the last segment of betting activities
before closing an account.”® In this study, we identified a
subgroup of Internet gamblers at high risk for reporting
gambling-related problems by using k-means cluster analysis.
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This method could be used in the future to investigate other
high-risk groups using different variables that describe
gambling behaviours. Further studies could confirm the
findings for other types of gambling (e.g. poker and casino).
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Key points

e This is the first study to use actual gambling behaviour
to identify specific behavioural markers to predict
gambling-related problems.

e This study used cluster analysis to identify a group of
gamblers at higher risk for reporting gambling-related
problems based on the characteristics of their initial
stage of gambling.

e The study revealed that gamblers characterized by high
intensity and frequency of gambling and by high
variability of wager sizes during their first month of
gambling were at higher risk than other gamblers to
report gambling-related problems upon closing their
accounts.
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