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RESEARCH ARTICLE

An empirical attempt to identify binge gambling utilizing account-based player 
tracking data

Michael Auera and Mark D. Griffithsb 

aNeccton GmbH, Lienz, Austria; bPsychology Department, International Gaming Research Unit, Nottingham Trent University, Nottingham, UK 

ABSTRACT 
Binge gambling is a relatively under-explored area and the few published studies have all used self- 
report data (i.e. surveys and interviews). The use of account-based tracking data has increasingly been 
used to identify indicators of problem gambling. However, no previous study has ever used tracking 
data to operationalize and explore binge gambling. Therefore, the present study investigated whether 
it is possible to identify behavioral patterns that could be related to binge gambling among a real- 
world sample of online gamblers. The authors were given access to an anonymized secondary dataset 
from a British online casino operator comprising 150,895 online gamblers who gambled between 
January and March 2023. Using 14 parameters of gambling (e.g. total number of gambling days, total 
number of gambling sessions, average amount of money spent per game), six distinct clusters of gam-
blers were identified. Two clusters – Cluster 2 (n¼ 22,364) and Cluster 5 (n¼ 12,523) – gambled on a 
relatively low number of days during three months, but displayed a high gambling intensity on those 
days compared to the other four clusters. These two profiles could potentially match the habits of 
binge gamblers. The majority of players retained their behavior in the following three months between 
April and June 2023 and were consequently assigned to the same cluster in the latter time period. A 
total of 17% of gamblers in Cluster 3 and 29% of gamblers in Cluster 5 stopped gambling entirely 
between April and June 2023. The findings suggest that binge gambling may be able to be identified 
by online gambling operators using account-based tracking data and that targeted interventions could 
be implemented with binge gamblers.

ARTICLE HISTORY 
Received 12 April 2023 
Revised 23 September 2023 
Accepted 26 September 2023 

KEYWORDS 
Binge gambling; problem 
gambling; behavioral 
tracking; account-based 
data; cluster analysis   

Introduction

The fifth edition of the Diagnostic and Statistical Manual of 
Mental Disorders (DSM-5; American Psychiatric Association 
2013) and the eleventh revision of the International 
Classification of Diseases (ICD-11; World Health Organization 
2019) describe gambling disorder (GD) as persistent and 
recurrent maladaptive gambling that results in gambling- 
related harms (e.g. financial problems, psychosocial problems, 
health problems, occupational/educational problems). In the 
DSM-5 (American Psychiatric Association 2013) GD was re- 
classified from an impulsive disorder to a behavioral addiction 
within the revised category of Substance-Related and 
Addictive Disorders (Petry et al. 2014).

Binge gambling

The DSM-5 also includes new provisions for the specifica-
tion of persistent versus episodic forms of gambling dis-
order. An episodic progression means that symptoms 
subside between gambling episodes. The episodic nature of 
problem gambling was also supported by Williams et al.’s 

(2015) longitudinal study of a sample of 4211 adult 
Canadians. They found that intermittent periods of problem 
gambling were common when considered across annual 
intervals. Nower and Blaszczynski (2003) discussed the diffi-
culties associated with the attempt to diagnose problem 
gambling based on two case studies. One was a 30-year-old 
Asian male bank employee and the other was a 26-year-old 
female factory worker. Both exhibited gambling problems. 
However, the first gambler met the criteria for problem 
gambling in both the DSM-IV (American Psychiatric 
Association 2013) and SOGS (Stinchfield 2002), but the 
second gambler did not.

In a conceptualization similar to binge drinking and 
binge eating, Nower and Blaszczynski (2003) posited that 
there was a sub-group of gamblers who participate in inter-
mittent binge episodes of gambling during which they 
experience a transient loss of control that results in acute 
harmful consequences. Both case studies described by 
Nower and Blaszczynski (2003) reported the emergence of 
transient harmful economic and social consequences associ-
ated with each episode of time-limited excessive gambling. 
In between the episodes there was not only abstinence from 
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gambling but also an absence of any drive to resume gam-
bling. Nower and Blaszczynski (2003) described the follow-
ing criteria for the identification of binge gambling: (i) 
sudden onset of an irregular and intermittent period of sus-
tained gambling, (ii) excessive monetary expenditure relative 
to income, (iii) rapid spending of money over a discrete 
interval of time, (iv) gambling that is accompanied by a 
sense of urgency and impaired control, (v) gambling result-
ing in marked intra-personal and inter-personal distress, and 
(vi) the absence, between bouts of gambling, of any rumin-
ation, preoccupation or cravings to resume participation in 
gambling.

A case study of problem binge gambling was also reported 
by Griffiths (2006). He interviewed a 31-year-old male slot 
machine addict three times over a three-month period preced-
ing a court case regarding the individual’s gambling-related 
crimes. The gambler’s intense episodes of gambling were typ-
ically caused by very specific ‘trigger’ incidents (e.g. relation-
ship break-up, not being allowed to see his young daughter). 
Griffiths also noted that in this case, the man’s gambling prob-
lem was the symptom of other underlying problems. When 
these underlying problems were dealt with, his problem gam-
bling all but disappeared. Griffiths concluded that binge prob-
lem gambling appeared to be less serious than chronic 
problem gambling but could still cause significant problems in 
the lives of people it affects.

Cowlishaw et al. (2018) developed a nine-item Binge 
Gambling Screening Tool (BGST) to provide a preliminary 
means of operationalizing the binge gambling criteria of 
Nower and Blaszczynski (2003) in clinical settings. If players 
indicate intermittent and irregular gambling, they are asked 
eight core questions regarding their periods of gambling 
(e.g. ‘During this episode, did you feel you lost control over 
gambling?’). In a sample of 214 patients entering a specialist 
treatment clinic for gambling problems, 32% reported gam-
bling episodes that were irregular and intermittent. Those 
individuals with irregular episodic gambling demonstrated 
lower levels of problem gambling severity and comorbidity. 
Based on a strict interpretation from Nower and 
Blaszczynski (2003), 3.7% of players were classified as binge 
gamblers. The criteria for binge gambling (taken verbatim 
from Cowlishaw et al. 2018) were that: (i) gambling was 
irregular and intermittent, (ii) gambling episodes began sud-
denly after a period of abstinence, (iii) during gambling epi-
sodes, there were losses of control over gambling, (iv) 
outside of episodes, there was absence of pre-occupation 
with gambling, and (v) outside of episodes, there was 
absence of gambling urges. When excluding the fifth criter-
ion, the results indicated 13.6% of patients were potential 
binge gamblers (n¼ 29). Cowlishaw et al. (2018) also 
reported that binge gamblers were less likely to report any 
psychiatric comorbidities, and also reported lower anxiety.

Sklar et al. (2010) conducted interviews with adolescents 
and young adults in a residential drug treatment facility and 
found some evidence for binge gambling. Participants 
described episodic gambling as a way of to raise funds for 
drug habits or as a substitute form of excessive risk-taking 
when drugs were not available. Furthermore, it appeared 

that gambling, drug use, and alcohol use frequently served 
as triggers for each other. Binge gambling precipitated or 
was precipitated by the use of alcohol or drugs.

Hing et al. (2012) derived gambling profiles from inter-
views of 169 indigenous Australians. Profiles were based on 
seven dimensions of gambling involvement (importance/ 
interest, pleasure, centrality, self-expression, social bonding, 
risk probability, and risk consequence). One respondent in 
the study stated that ‘many people are binge gamblers and 
Indigenous people have more triggers or reasons to prompt a 
binge’ (p. 224). Binge gamblers were said to be mostly males 
who usually gambled socially with family or social groups in 
a contained way with lower expenditure, but on occasions 
gambled intensively in a continuous style spending large 
amounts of money. Hing et al. (2012) also noted that binge 
gambling was motivated by seeking escape from stress, for 
time out and time away from home, and as a distraction 
from recurring problems.

Gupta and Derevensky (2011) surveyed 1254 participants 
aged between 17 and 23 years and 16.4% responded that 
they experienced binge gambling episodes over a sustained 
period of time (in answer to the item: ‘I have episodes of 
gambling, over sustained period of time, that seems to have a 
clear beginning and end’). The study also found that gam-
bling severity was positively correlated with the occurrence 
of experiencing gambling episodes that had a clear beginning 
and end. Gupta and Derevensky (2011) also asked partici-
pants if gambling episodes began with a sudden uncontrol-
lable urge to gamble but the majority of binge gamblers did 
not agree to that statement. Binge gamblers were identified 
as those who endorsed the aforementioned item. The gam-
blers who agreed with the item were more likely to be prob-
lem gamblers and less likely to be social gamblers.

Operationalizing problem gambling behavior using 
tracking data

A number of previous studies have attempted to apply 
account-based tracking data to criteria of disordered gam-
bling in an attempt to operationalize indicators of problem 
gambling (e.g. Perrot et al. 2018; Challet-Bouju et al. 2020; 
Catania and Griffiths 2022). Catania and Griffiths (2022) 
argued that most of the DSM-5 criteria for gambling dis-
order can be operationalized (at least to some extent) using 
actual transaction data. In a sample of 982 online gamblers, 
they assessed customer service contacts, number of hours 
spent gambling, number of active days, deposit amounts and 
frequency, the number of times a responsible gambling tool 
(such as deposit limit) were removed by the gamblers them-
selves, number of canceled withdrawals, number of third- 
party requests, number of registered credit cards, and 
frequency of requesting bonuses through customer service. 
During a subsequent cluster analysis of the 982 players 
Catania and Griffiths identified non-problem gamblers, 
at-risk gamblers, financially vulnerable gamblers, and emo-
tionally vulnerable gamblers. However, this study was 
exploratory and it was not known whether the gamblers 
were problem gamblers or not. Their conclusions regarding 
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problem gambling status were purely made on the basis of 
observed gambling behavior.

Auer and Griffiths (2023a) attempted to operationalize 
chasing losses in a sample of 16,771 online gamblers from 
the UK, Spain, and Sweden. The study developed five met-
rics indicative of chasing losses. These were (i) within- 
session chasing, (ii) across-session chasing, (iii) across-days 
chasing, (iv) regular gambling account depletion, and (v) fre-
quent session depositing. Auer and Griffiths (2023a) con-
cluded that frequent session depositing reflected chasing 
losses better than any of the other four metric operationali-
zations used.

Perrot et al. (2018) and Challet-Bouju et al. (2020) 
assessed chasing losses in studies of account-based player- 
tracking data. Both studies operationalized chasing losses as 
either three or more deposits within a 12-h period or a 
deposit less than one hour after a previous bet. Based on 
10,000 French online lottery players Perrot et al. (2018) 
identified a cluster of players which was characterized by a 
high gambling activity and a high probability of chasing 
behavior. Based on the first 6 months of gambling from a 
sample of 1152 French online lottery players Challet-Bouju 
et al. (2020) identified a subgroup of gamblers which stood 
out in terms of much higher gambling activity and breadth 
of involvement, and the presence of chasing behavior.

A number of other studies have also utilized player track-
ing data for the understanding of gambling behavior. 
Dragi�cevi�c et al. (2011) analyzed the trajectory, frequency, 
intensity, and variability of gambling behavior in a sample 
of online gamblers during the first four months after regis-
tration. They found subgroups of gamblers who were spend-
ing more time and gambled more frequently especially on 
online slots games. Other studies have used player tracking 
data to predict voluntary self-exclusion (VSE) (i.e. Percy 
et al. 2016; Finkenwirth 2021; Hopfgartner et al. 2023). 
Percy et al. (2016) compared several machine learning algo-
rithms and concluded that Random Forest delivered the 
highest prediction accuracy based on a sample of 845 gam-
blers who self-excluded. Based on a sample of 2157 
Canadian online gamblers, Finkenwirth et al. (2021) found 
that the variance in money bet per session contributed the 
most to the prediction of self-reported problem gambling. 
Hopfgartner et al. (2023) used a sample of 25,720 online 
gamblers out of which 414 self-excluded. A greater probabil-
ity of future self-exclusion across countries was associated 
with a higher number of previous voluntary limit changes 
and self-exclusions, higher number of different payment 
methods for deposits, higher average number of deposits per 
session, and a higher number of different types of games 
played

The present study

The aforementioned studies concerning binge gambling have 
either been based on interviews or information from sur-
veys. None of the previously published studies on binge 
gambling have ever utilized account-based player tracking 
data. Moreover, the previous studies that have tried to 

operationalize aspects of problem gambling and markers of 
harm have never tried to operationalize binge gambling. 
Therefore, the present study investigated whether it is pos-
sible to identify behavioral patterns that could be related to 
binge gambling among a real-world sample of online gam-
blers. Given that binge gambling could evade detection algo-
rithms because of its episodic nature, these efforts could 
help identify this subgroup of gamblers and assist prevention 
efforts by online gambling operators.

In the present study, the authors examined a sample of 
British online gamblers to study patterns of gambling which 
could be indicative of binge gambling. There are currently 
no definitions of binge gambling with respect to the fre-
quency of episodes, intensity or gambling habits. For that 
reason, there were no specific hypothesis (as the study was 
exploratory) other than the investigation of gambling pat-
terns over a three-month period. It was anticipated that the 
findings will be helpful for policymakers and regulators, as 
well as for online gambling operators.

Method

The data for the present study comprised an anonymized 
secondary dataset provided by an online casino operator 
from the UK. The dataset comprised all types of games 
played, details of every game that was won, all deposits that 
were made, as well as all financial transfers from the players’ 
online gambling accounts to their bank accounts (i.e. monet-
ary withdrawals). All the transactions were assigned to single 
player accounts. Other information in the secondary dataset 
included the players’ gender, age, and registration details. 
The dataset comprised player data from January 1, 2023 to 
June 30, 2023 (inclusive).

Study design

The dataset comprised all gamblers who placed at least one 
bet between January-June 2023 and registered before January 
2023. The data from January to March were used to carry out 
a cluster analysis and the derived cluster analysis was applied 
to data from April to June. The goal of the cluster analysis 
with the data from January to March was to identify groups 
of players which were similar with respect to a number of 
player tracking features. The goal of the application of the 
cluster model with the data from April to June was to deter-
mine the stability of the cluster memberships. For each gam-
bler, the gambling behavior during January to March was 
calculated (see Appendix 1 for a list of all the variables). Apart 
from two demographic variables (i.e. age and gender), 14 
player tracking variables were calculated (e.g. number of gam-
bling days, average amount of money bet per game, etc.). The 
variables assessed monetary gambling intensity as well as 
impulsivity which can result in chasing losses. The latter were 
captured by the number of deposits per day and per session, 
as well as the percentage of sessions terminating with low bal-
ance. This is in line with the findings of Auer and Griffiths 
(2023a) who argued that frequent depositing within a session 
or on a day and regular depletion of the gambling account 
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may be indications of chasing and not being able to stop gam-
bling. The balance refers the amount of money that players 
have in their gambling account at a specific point in time. If 
there was less than £5 in the gambling account at the end of a 
session, this was considered as a low balance (Auer & 
Griffiths, 2023a).

Griffiths (2006) concluded that the intense gambling epi-
sodes among problematic binge gamblers were caused by very 
specific ‘trigger’ incidents (e.g. relationship break-up) which 
would indicate an irregular number of days between the 
binges. For that reason, the authors also calculated the average 
number of days between to gambling days and the standard 
deviation of the number of days between two gambling ses-
sions. If a player only gambled on one day, the standard devi-
ation was not defined because there was only one observation.

Statistical analysis

A k-means cluster analysis was performed (Likas et al. 
2003). The 14 player tracking features were used to identify 
clusters of players. Age and gender were not used to com-
pute the clusters. K-means cluster analysis minimizes the 
sum of squares and is therefore sensitive to the range of the 
input variables. The larger the range, the bigger the influ-
ence of a variable on the cluster formation. In order to 
assign equal importance to each variable, it is recommended 
that each variable is standardized (Mohamad and Usman 
2013). The min-max standardization was applied. In this 
procedure, first, the minimum value is subtracted from an 
observation and then divided by the range. The range is the 
difference between the maximum and the minimum value. 
Consequently, each scaled variable has a range from 0 to 1 
and the influence on the clustering is equal for each variable. 
The programming language Python (Van Rossum 2007) was 
used to analyze the dataset. The sklearn package was used to 
perform the k-means clustering. The coding for the analysis 
is publicly available at: https://osf.io/4ub25/.

The number of clusters was determined by a scree-plot 
(Brusco and Cradit 2001) and silhouette scores (Lletı et al. 
2004) A scree plot displays the within sum of squares for 
each cluster solution. The within sum of squares is the dis-
tance between each data point and the respective cluster 

center and decreases with an increasing number of clusters. 
If every record is its own cluster, the within sum of squares 
is zero. The silhouette score is a measure of how similar a 
record is to its own cluster center compared to other cluster 
centers. The value ranges between −1 and þ1 where þ1 
indicates that the data record is well matched to its own 
cluster center and badly matched to other cluster centers.

In order to determine the stability of the players’ cluster 
membership, the cluster model was applied to data from 
April to June, 2023. Based on the gambling behavior during 
April to June, every player was assigned to one of the clus-
ters. Then the percentages of players remaining in each clus-
ter and transitioning to each of the other clusters were 
calculated.

Results

A total of 150,895 online gamblers registered before January 
2023 and placed at least one bet between January and March 
2023. The average age was 39 years (SD ¼ 11.74) and 67,681 
online gamblers were female (46%). Table 1 reports the 
mean and standard deviation for each variable which was 
calculated based on data from January to March 2023. On 
average, individuals gambled for 16 sessions on ten days and 
there were approximately seven days between two gambling 
days. On average they bet £0.72 per game and the average 
amount of money deposited was £32. The average daily 
deposit amount was £49 and the average amount bet per 
day was £440. On average gamblers deposited once per day 
and less than once per session.

Table 1 also reports the median value and the range (dif-
ference between maximum and minimum). Metrics such as 
amount bet, deposit, and number of sessions can potentially 
be very large and lead to skewed distributions. Skewed dis-
tributions can be determined based on the difference 
between the mean and median. The mean average number 
of gambling sessions was 15.98 and the median number of 
gambling sessions was 5. The range was 860 which means 
that some players had a very large number of gambling ses-
sions. The mean average amount of money deposited per 
day was £49 and the median amount of money deposited 
per day was £13. The range of the same metric was £6,885 

Table 1. Mean (and standard deviation) and median (and range) for each variable which was calculated based on data from January to March 
2023.

Variable Mean (SD) Median (range)

1 Age (in years) 39.12 (11.74) 37 (77)
2 Female 45% 0 (1)
3 Number of gambling days in total 10.02 (13.32) 4 (89)
4 Average number of days between two gambling days 6.61 (9.77) 3.33 (89)
5 Standard deviation of the number of days between two gambling days 4.54 (6.47) 2.07 (60.81)
6 Number of gambling sessions in total 15.98 (30.93) 5 (860)
7 Average amount of money bet per game (£) 0.72 (9.54) 0.21 (1390.95)
8 Standard deviation of the amount of money bet per game (£) 0.54 (6.90) 0.05 (869)
9 Average monetary deposit amount (£) 31.86 (76.38) 14.05 (4956)
10 Standard deviation of the average monetary deposit amount (£) 2.32 (13.50) 0.1 (1012)
11 Average amount of money deposited per day (£) 49.04 (129.27) 13.33 (6885)
12 Average amount of money bet per day (£) 440.30 (3280.55) 69.5 (599,886)
13 Average number of deposits per day 1.06 (1.29) 0.81 (37)
14 Average number of deposits per session 0.78 (0.93) 0.62 (37)
15 Average number of gambling sessions per day 1.38 (0.72) 1.11 (13)
16 Percentage of sessions terminating with a low monetary balance 0.79 (0.29) 0.97 (1)
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which also indicates that some gamblers deposited large 
amounts of money per day. The same relationship between 
median and mean average can be observed for the mean 
average amount of money bet per day.

Various cluster solutions were calculated and the authors 
decided on a solution with six clusters. The size of clusters, 
uniqueness, and interpretability were the deciding factors. 
Furthermore, a scree plot (Brusco and Cradit 2001) which 
displays the optimal number of clusters was used during the 
decision process. The y-axis value decreases much more 
between the one-cluster and the three-cluster solution, but 
there was little difference when the number of clusters was 
further increased. For that reason, three clusters would be 
recommended by the scree plot (Figure 1).

An examination of three clusters did not provide any 
indications of a binge gambling group and the authors sus-
pected that binge gamblers might comprise a smaller group 
of players which would only surface if the number of clus-
ters was increased. Therefore, a silhouette score (Lletı et al. 
2004) was subsequently computed for different cluster solu-
tions ranging from two clusters to eight clusters (Table 2). 
The highest silhouette score was generated by two clusters 
and the second highest silhouette score was generated by a 
six-cluster solution. For that reason, the authors chose to 
continue the analysis with six clusters because binge 
gamblers were not identified by the two-cluster solution. 
k-means clustering can also be used as a method for 
detecting outliers (Yoon et al. 2007). The potentially small 

group of binge gamblers were regarded as outliers in the 
present study.

Table 3 reports the average profile per cluster and the 
average across all players. Cluster 1 included the highest 
number of playing days (49 days) as well as the highest 
number of total sessions (103 sessions). If there was a sub-
group of binge gamblers it would be expected to include a 
relative low number of playing days due to the episodic 
nature of binge gambling. Cluster 1 can be ruled out based 
on this assumption. The maximum of playing days from 
January 1 to March 31 was 90. The average number of 
player days across all six clusters was 10. Gamblers in 
Clusters 2 played on approximately as many days as the 
average player. Players in Clusters 3, 5 and 6 played on 
fewer days than average. Cluster 4 gamblers played on aver-
age 16 days.

During a low number of playing days, binge gamblers 
should have a high intensity of gambling. Gamblers in 
Cluster 2 (17 sessions) and Cluster 5 (10 sessions) had more 
sessions than any of the other low gambling days clusters. 
Of these, 15% of the sample were classified in Cluster 2 and 
8% were in Cluster 5. The average amount of money depos-
ited per deposit between January and March in Cluster 2 
(£51.98) and Cluster 5 (£43.66) was higher than in any other 
cluster. On average, players in Cluster 2 bet £1.20 per game 
and players in Cluster 5 bet £1.18 per game. This was higher 
than the average bet per game in any other cluster. The 
average bet per game in the entire sample was £0.72. Also, 
the average amount of money deposited per day in Cluster 2 
(£85.91) was higher than in any other cluster. The average 
amount of money deposited per day in Cluster 5 (£50.67) 
was about average. The average amounts of money bet per 
day for Cluster 2 and Cluster 5 (£1021.08 and £827.48) were 
higher than in any other cluster. The average number of 
deposits per day and per session were not highest in either 
Cluster 2 or Cluster 5. Moreover, players in Cluster 2 and 
Cluster 5 did not deplete their sessions more frequently than 
the average (of the total sample). On average, 6.61 days 
elapsed between two sessions in Cluster 2 and the standard 

Figure 1. Elbow plot which visualized the within sum of squares for a one-cluster up to a nine-cluster solution.

Table 2. Average silhouette value for a two-cluster up to an 
eight-cluster solution.

Number of clusters Silhouette score

2 0.515
3 0.406
4 0.398
5 0.424
6 0.442
7 0.414
8 0.424
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deviation of the number of days between two gambling days 
was 4.54 days. The respective numbers for Cluster 5 were 
3.61 days and 2.35 days.

k-means clustering is based the sum of squares and is 
therefore a parametric approach. The amount of money bet, 
amount of money deposited, and number of gambling ses-
sions can potentially be very large. This could lead to skewed 
distributions which could in turn impact the k-means cluster-
ing. Table 4 reports the median values and the 90th percentile 
for each of the six clusters. Clusters 2 and 5 appeared to match 
the assumed patterns of binge gamblers most closely based on 
the analysis of the average cluster profiles. In Cluster 2, the 
median number of gambling days was 3.86 and the median 
number of sessions was 11. Therefore, players in Cluster 2 
also had relatively many sessions on just a few gambling days 
based on median values. In Cluster 2, the 90th percentile for 
the average amount of money deposited per day was £216.67 
and therefore higher than in any other cluster. This was also 
the case for the amount of money bet per day. The analysis 
based on the median and 90th percentile also support the 
assumption that Cluster 2 comprised gamblers who played 
relatively rarely but intensely.

The second cluster which appeared indicative of binge 
gambling based on the average values was Cluster 5. The 
median number of playing days and the median number of 

gambling sessions in Cluster 5 were both 1. However, the 
90th percentile of the number of sessions was 32. This means 
that a few extreme players in this cluster were responsible for 
the high average number of sessions reported in Table 3. The 
same extreme ratio between the median value and 90th per-
centile can be observed for the average amount of money 
deposited and the amount of money bet per day. Cluster 5’s 
median value for the average amount of money bet per day 
was £3.80, but the 90th percentile was £115.60. The respective 
values for the average amount of money deposited per day 
were £32.61 and £1308.67. Cluster 5’s analysis of the median 
and 90th percentile also supported the analysis based on the 
median values. However, Cluster 5 was a more heterogeneous 
group than Clusters 1, 3, 4 and 6 because a few gamblers 
were responsible for the large number of sessions, amount of 
money deposited, and amount of money bet.

Figure 2 shows the deviation of Cluster 2 from the aver-
age for each player tracking feature in Table 3. The devi-
ation was calculated as the difference between the cluster 
average and the total average, and the resulting value was 
divided by the total average. Cluster 2’s number of playing 
days was only slightly lower than the total average. The larg-
est deviation from the total average was observed for the 
average amount of money bet per day, and the average 
amount of money deposited per day.

Table 3. Average values for of each of the six clusters calculated based on data from January to March 2023.

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Average

Age (in years) 42.37 40.63 37.89 39.16 39.95 38.86 39.12
Female 53% 44% 43% 48% 41% 46% 45%
Number of playing days 49.27 9.58 3.14 16.82 5.15 3.89 10.02
Average number of days between two gambling days 1.78 5.64 3.64 4.49 3.61 24.79 6.61
Standard deviation of the number of days between two gambling days 1.66 5.92 1.61 4.85 2.35 14.14 4.54
Number of sessions in total 103.32 17.17 3.18 22.00 10.42 3.89 15.98
Average amount of money bet per game 1.10 1.20 0.34 0.86 1.18 0.57 0.72
Standard deviation of the amount of money bet per game 1.01 0.91 0.24 0.68 0.86 0.36 0.54
Average amount of money deposited per deposit 32.31 51.98 22.66 33.75 43.66 24.30 31.86
Standard deviation of the amount of money deposited per deposit 8.05 3.86 0.56 3.25 1.94 0.94 2.23
Average amount of money deposited per day 55.07 85.91 36.78 51.86 50.67 33.25 49.04
Average amount of money bet per day 537.86 1021.08 206.50 414.12 827.48 190.21 440.30
Average number of deposits per day 1.75 1.46 0.80 1.38 0.61 0.76 1.06
Average number of deposits per session 0.89 0.85 0.73 0.98 0.36 0.73 0.78
Average number of gambling sessions per day 2.18 1.90 1.11 1.47 1.17 1.13 1.38
Percentage of sessions terminating with low monetary balance 67% 52% 100% 85% 6% 97% 79%
N 9215 22,364 56,686 31,479 12,523 18,628
N Percentage 6% 15% 38% 21% 8% 12%

Table 4. Median and 90th percentile values for of each of six clusters calculated based on data from January to March 2023.

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6

Age (in years) 41(59) 39(58) 36(54) 37(56) 38(59) 37(55)
Number of playing days 46(69) 7(22) 2(8) 16(30) 1(15) 3(7)
Average number of days between two gambling days 1.76(2.38) 3.86(12.25) 1(10.5) 3.87(7.82) 1(8.89) 20.5(45)
Standard deviation of he number of day between  

two gambling days
1.46(2.86) 4.1(14.29) 0(6.36) 3.94(9.8) 0(7.91) 13.69(28.29)

Number of sessions 83(180) 11(40) 2(8) 19(41) 1(32) 3(7)
Average amount of money bet per game 0.36(1.64) 0(1.15) 0(0.23) 0.12(1.21) 0(0.58) 0(0.57)
Standard deviation of the amount of  

money bet per game
0.17(1.46) 0(0.58) 0(0.05) 0(0.8) 0(0.13) 0(0.19)

Average amount of money deposited 20.62(63.9) 23.95(113.62) 11.33(50) 19.22(68.24) 11.35(103.95) 11.51(53.32)
Standard deviation of the amount of money deposited 1.41(21.7) 0(6.39) 0(0) 0(7.65) 0(0) 0(0)
Average amount of money deposited per day 32.86(125.15) 28.46(216.67) 5.73(80.51) 21.79(125.04) 3.8(115.6) 7.63(71.76)
Average amount of money bet per day 238.24(1116.8) 235.35(2048.75) 20.82(367.38) 131.44(908.13) 32.61(1308.67) 27.24(359.42)
Average number of deposits per day 1.44(3.23) 1(3) 0.43(2) 1(2.79) 0.2(1.64) 0.5(1.86)
Average number of deposits per session 0.81(1.54) 0.67(1.67) 0.5(2) 0.85(1.79) 0(1) 0.5(1.67)
Average number of session per day 1.96(3.26) 1.73(3) 1(1.43) 1.33(2) 1(3.12) 1(1.5)
Percentage of sessions terminating with low balance 0.7(0.7) 0.5(0.5) 1(1) 0.86(0.86) 0(0) 1(1)
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Figure 3 shows the deviation of Cluster 5 from the aver-
age for each player tracking feature. As with Cluster 2, the 
deviation was calculated as the difference between the cluster 
average and the total average, and the resulting value was 
divided by the total average. Cluster 5’s number of playing 
days was smaller than the total average. The largest devi-
ation from the total average was observed for the average 
amount of money bet per day, the amount of money bet per 
game, and the standard deviation of the amount of money 
bet per game. The percentage of sessions terminating with 
low balance was smaller than the average in Cluster 5.

The k-means solution with six clusters was applied to 
the behavior of the 150,895 players between April and 
June 2023. If all players behavior stayed the same, they 

would have been assigned to the same cluster. Table 5
reports the number of players which moved away or 
stayed in their cluster during April to June 2023. The 
rows indicate the original cluster and the columns report 
the cluster membership based on the playing behavior 
between April and June 2023. The main diagonal reports 
the number of players who remained in their respective 
cluster. A total of 6,450 players who were in Cluster 1 
from January to March 2023 remained in Cluster 1. 
Moreover, 577 players from Cluster 1 did not place a sin-
gle bet during April to June 2023. Out of the 150,895 
players who placed at least one bet between January and 
March 2023, 25,867 players became inactive between April 
and June 2023 (17%).

Figure 2. Deviation of Cluster 2 from the average values for each player tracking feature.

Figure 3. Deviation of Cluster 5 from the average values for each player tracking feature.
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Figure 4 shows the percentage of players in each cluster 
moving to one of the six clusters or inactivity between April 
and June 2023. With 70%, Cluster 1 showed the largest per-
centage of players who remained in their cluster. Players in 
Cluster 1 had the largest number of gambling days and ses-
sions. Only 6% of players in Cluster 1 stopped gambling 
between April and June 2023. Moreover, 29% of players in 
Cluster 5 and 24% of players in Cluster 3 became inactive. 
Cluster 5 was identified as potentially fitting the pattern of 
binge gambling. Here, 55% of players in Cluster 5 remained 
in the cluster. Cluster 2 was also identified as another poten-
tial group of binge gamblers. Here, 17% of gamblers in 
Cluster 2 became inactive and 61% remained in Cluster 2.

Discussion

The present study was carried out in an attempt to identify 
patterns indicative of binge gambling. Player tracking data 
from a secondary dataset of 150,895 British online gamblers 
were used. Every single bet, win, deposit, etc. for the time 
period between January and June were available in the sec-
ondary dataset. The average age was 38 years which is in 
line with samples from other online gambling studies with 
other gambling operators (e.g. Auer and Griffiths 2023a, 
2023b). The authors attempted to compute player tracking 
variables which could reflect the episodic events of extreme 
gambling characteristic of binge gambling. Binge gamblers 
were hypothesized to gamble intensively on relatively few 
days. Gambling intensity was measured using the volume of 
deposits as well as frequency and the volume of the amount 
of money bet.

The 14 player tracking variables (excluding gender and 
age) were used to compute a k-means cluster analysis and a 

six-cluster solution was chosen because of the size of clusters 
and the uniqueness of the profiles of the clusters. 
Furthermore, a scree plot and silhouette scores were com-
puted. The scree plot suggested only two clusters. Silhouette 
scores suggested a six-cluster solution with an average sil-
houette score of 0.44. This does not represent a very good 
homogeneity of clusters, but it was the maximum value 
apart from the one-cluster solution.

Two clusters (Cluster 2 and Cluster 5) gambled on a rela-
tively low number of days, but displayed a high gambling 
intensity on those days. Their profiles could potentially 
match the habits of binge gamblers. Gamblers in Cluster 2 
and Cluster 5 deposited and bet more money per day than 
in any other cluster. Moreover, their single bets per game 
and single deposits were also higher than in any other clus-
ter. An analysis based on the median and 90th percentile 
confirmed the findings based on average values. This also 
provides additional support for the validity of two assumed 
binge gambling clusters.

Three other metrics (number of deposits per day, number 
of deposits per session, and percentage of sessions terminat-
ing with low balance) which have previously been reported 
as potentially indicative of loss of control and impulsivity 
(Auer and Griffiths 2023a) were also calculated. However, 
Cluster 3 and Cluster 5 did not display high values with 
respect to the three metrics. Players in the two clusters (if 
they are genuine binge gamblers) did not deposit frequently 
when active and also seemed to be able to stop gambling 
before they lost all their funds. This contradicts the assump-
tions that binge gamblers suffer from intermittent episodes 
of uncontrolled gambling (Nower and Blaszczynski 2003). 
On the other hand, there are no clear definitions of binge 
gambling, other than it is episodic and not continuous. In 

Figure 4. Percentage of players moving from each cluster to cluster 1–6 or inactivity in April to June 2023.

Table 5. Number of players moving from each cluster to clusters 1 to 6 or inactivity cluster in April to June 2023.

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 inactive Total

Cluster 1 6450 721 8 1393 66 – 577 9215
Cluster 2 408 13,578 846 1869 1070 758 3835 22,364
Cluster 3 1 1241 33,559 2769 406 5210 13,500 56,686
Cluster 4 922 2714 2,838 20,462 97 1197 3249 31,479
Cluster 5 56 960 492 72 6894 418 3631 12,523
Cluster 6 – 1029 6108 1237 455 8715 1084 18,628
Total 7837 20,243 43,851 27,802 8988 16,298 25,876 150,895
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order to determine the stability of the gamblers’ cluster 
membership, the cluster model was applied to data from 
April to June 2023. Each of the 150,895 gamblers cluster 
membership was calculated based on the behavior between 
April to June 2023.

The largest percentage of players (70%) who remained in 
their cluster was observed for Cluster 1. This was also the 
cluster with the highest gambling frequency. Gamblers in 
Cluster 1 gambled on average on 49 out of 90 possible days. 
The high gambling frequency carried on during the follow-
ing three months. Only 6% of the gamblers in Cluster 1 
stopped gambling entirely between April and June 2023. 
However, 17% and 29% of players in the two binge gam-
bling clusters (i.e. Cluster 2 and Cluster 5) stopped gambling 
entirely between April and June 2023. Moreover, 61% and 
55% of gamblers in Cluster 2 and Cluster 5 remained in 
their cluster, respectively. This does not contradict the 
nature of binge gambling because there are no pre-defined 
time periods between the gambling episodes. The authors 
simply wanted to test how stable the cluster membership 
was over time. Griffiths (2006) described a player who did 
not gamble for years and only started to develop problems 
again after relationship problems. In their longitudinal study 
of Canadian players, Williams et al. (2015) also found that 
problem gambling can cease for years after it reappears 
again.

Limitations

The present study has a number of limitations. First, given 
that the data only came from one operator, it is unlikely 
that the data represent the totality of an individual’s gam-
bling behavior because many individuals will have gambled 
with other operators both online and offline. Second, binge 
gambling might not be visible over such short periods as 
investigated in the present study. Third, there is always a 
possibility that more than one individual might be using a 
single account (e.g. a married couple) although the number 
of accounts where more than one individual was using it are 
likely to be low. Future replication studies should be con-
ducted with data from different operators with different 
types of gamblers and utilize longitudinal data preferably 
covering several years.

Conclusions

The present study is the first to have used account-based 
player tracking data to study the concept of binge gambling. 
The findings presented here will be of interest to a number 
of different stakeholders including academic researchers in 
the gambling field, gambling regulators, and the gambling 
industry. The findings suggest that binge gambling may be 
able to be identified by online gambling operators using 
account-based tracking data. Given that binge gambling 
appears to have some association with problem gambling, 
gambling operators who have account-based data from 
online players and/or data from player cards can look for 
binge gambling behavior and provide interventions that they 

are already providing for other types of gamblers showing 
markers of gambling harm.
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Appendix 1. List of variables carried out for January-March 2023

Number Variable

1 Age (in years)
2 Female (percentage)
3 Number of gambling days
4 Average number of days between two gambling days
5 Standard deviation of the number of days between two gambling days
6 Total number of gambling sessions
7 Average amount of money bet per game (£)
8 Standard deviation of the amount of money bet per game
9 Average amount of money deposited across all the single deposits (£)
10 Standard deviation of the amount of money deposited (£)
11 Average amount of money deposited per day (£)
12 Average amount of money bet per day (£)
13 Average number of deposits per day
14 Average number of deposits per session
15 Average number of gambling sessions per day
16 Percentage of sessions terminating with a low monetary balance
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