
Computers in Human Behavior Reports 6 (2022) 100194

Available online 1 April 2022
2451-9588/© 2022 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Quantile regression analysis of in-play betting in a large online 
gambling dataset 

Seb Whiteford a,*, Alice E. Hoon b, Richard James c, Richard Tunney d, Simon Dymond a,e 

a School of Psychology, Swansea University, Singleton Campus, Swansea, SA2 8PP, United Kingdom 
b Swansea University Medical School, Singleton Campus, Swansea, SA2 8PP, United Kingdom 
c School of Psychology, University of Nottingham, Nottingham, NG7 2RD, United Kingdom 
d School of Psychology, Aston University, Birmingham, B4 7ET, United Kingdom 
e Department of Psychology, Reykjavík University, Menntavegur 1, Nauthólsvík, 101, Reykjavík, Iceland   
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A B S T R A C T   

In-play betting involves making multiple bets during a sporting event and is an increasingly popular form of 
gambling. Behavioural analysis of large datasets of in-play betting may aid in the prediction of at-risk patterns of 
gambling. However, datasets may contain significant skew and outliers necessitating analytical approaches 
capable of examining behaviour across the spectrum of involvement with in-play betting. Here, we employ 
quantile regression analyses to investigate the relationships between in-play betting behaviours of frequency and 
duration of play, bets per day, net/percentage change, average stake, and average/percentage change across 
groups of users differing by betting involvement. The dataset consisted of 24,781 in-play sports bettors enrolled 
with an internet sports betting provider in February 2005. We examined trends in normally-involved and 
heavily-involved in-play bettor groups at the .1, .3, .5, .7 and .9 quantiles. The relationship between the total 
number of in-play bets and the remaining in-play betting measures was dependent on degree of involvement. The 
only variable to differ from this analytic path was the standard deviation in the daily average stake for most- 
involved bettors. The direction of some relationships, such as the frequency of play and bets per betting day, 
were reversed for most-involved bettors. Crucially, this highlights the importance of determining how these 
relationships vary across the spectrum of involvement with in-play betting. In conclusion, quantile regression 
provides a comprehensive account of the relationship between in-play betting behaviours capable of quantifying 
changes in magnitude and direction that vary by involvement.   

1. Introduction 

In-play (sometimes referred to as live-action) betting is a form of 
gambling which involves making bets during a (typically) live sporting 
event, such as betting that a specific player will score a goal before 
halftime in a football (soccer) match (Killick & Griffiths, 2019). 
Compared to fixed-odds betting, in which bets are made prior to the 
commencement of the event, in-play betting has increased in popularity 
in recent years. Most online bettors surveyed in the United Kingdom 
(UK) report experience with in-play betting and higher estimated 
prevalence rates of problem gambling are observed in younger bettors 
(Gambling Commission, 2021a). Several researchers have expressed 
concerns that the nature of the rapid cycling betting propositions asso
ciated with in-play gambling, relative to the typically slow cyclical and 

static nature of fixed-odds bets, may be problematic for individuals 
“at-risk” of developing significant gambling problems (Griffiths & Auer, 
2013; Harris & Griffiths, 2018; Gainsbury et al., 2020). Despite its 
growing popularity, there have however been relatively few studies 
directly investigating in-play betting (Killick & Griffiths, 2019). 

In tandem with the rise in popularity of in-play gambling, online 
betting via internet gambling providers has increased significantly, from 
17.3% of UK adults surveyed in 2016 to 23.6% in 2020 (Gambling 
Commission, 2021b). The availability of gambling opportunities 24 
hours a day via the internet and mobile devices enables users to play at 
any time, and from anywhere. Concerns about the combination of 
rapid-paced in-play bets and online gambling availability have led to 
restrictions for online in-play betting in some jurisdictions (e.g., 
Australia - Gainsbury et al., 2020). As this form of gambling becomes 
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increasingly regulated, the widespread adoption of online gambling has 
the potential to yield large and extensive datasets for research purposes. 
Such datasets are critical to understanding how individuals use these 
services and how their gambling behaviours develop and change over 
time. Large online datasets of real-world gambling data, such as those 
provided by the internet betting service provider bwin have enormous 
potential for facilitating novel analyses of real-world gambling behav
iours on a scale that would be extremely impractical for other ap
proaches, such as behavioural gambling paradigms tested in-person 
(Deng et al., 2019). For example, Brosowski et al. (2012) examined 
behavioural data from over 27,000 gamblers from the bwin dataset that 
revealed an increased level of at-risk involvement for users who engaged 
with poker and in-play betting. 

Analysis of large, real-world online gambling datasets requires 
appropriate statistical techniques capable of detecting dynamic changes 
in behaviour and the impact of industry-operated responsible gambling 
tools (Auer & Griffiths, 2013, 2019; Catania & Griffiths, 2021; 
Philander, 2014; Ukhov et al., 2021). In jurisdictions where access to 
large datasets is either challenging or not possible, the availability of 
existing, older publicly available datasets may prove a useful analytical 
alternative. Despite this, the potential of new statistical approaches is 
only now being fully realised with both operator-provided and freely 
available datasets (Deng et al., 2019). For instance, previous research of 
a publicly available bwin dataset provided descriptive analyses of in-play 
behavioural measures and reported correlations between the total 
number of in-play bets and the duration or frequency of in-play 
gambling (LaBrie et al., 2007). Such an approach can be beneficial for 
preliminary analysis of the relationship between in-play behaviours, but 
conventional correlations (e.g., the Pearson correlation coefficient) 
make several assumptions likely to be violated in large online gambling 
datasets. Firstly, they require an absence of outliers, despite any 
real-world large gambling dataset almost certainly containing users who 
fall outside the normal range (LaBrie et al., 2007). In many fields, 
excluding outliers using relatively objective criteria such as 2.5/3 
standard deviations from the group mean is a viable solution, but in the 
case of real-world gambling data, it is inefficient and potentially 
misleading to discard data from the ‘most-involved’ users. LaBrie et al. 
(2007) and others (e.g., LaPlante et al., 2008), have attempted to 
partially mitigate this issue (and consider how the behaviour of bettors 
who are more involved may differ from the “average” bettor) by sepa
rately analysing the top 1% of bettors in terms of money spent, or bets 
made. Secondly, even with such a group still included in the main an
alyses, correlation coefficients are likely to be skewed by outlying 
datapoints. Finally, this highlights another critical assumption of stan
dard correlations that could be problematic for real-world gambling 
behaviours, in that it assumes a linear relationship between variables. In 
some cases, such as the duration of play and the total number of bets 
made, this might not be an entirely unreasonable assumption, but other 
in-play betting behaviours, such as average stake, almost certainly have 
a more nuanced relationship with the total number of in-play bets. While 
ordinary least squares (OLS) regression does not necessarily require a 
linear relationship between the dependent and independent variables, it 
does require normally distributed residuals which are of constant vari
ance across the values of the independent variable (homoscedasticity). 

Fortunately, alternative analysis techniques such as quantile 
regression, an extension of linear regression that estimates the condi
tional median rather than the conditional mean (e.g., OLS regressions; 
Koenker, 2017) can be employed to assess the association between two 
continuous gambling variables, when certain assumptions of standard 
regression or correlation analyses are not met. That is, quantile regres
sion models do not require the relationship between in-play behaviours 
to be constant across levels of involvement with in-play betting or that 
all outliers be excluded (Koenker, 2017; Koenker & Hallock, 2001). In 
addition to these advantages, quantile regression enables a detailed 
examination of the magnitude of relationships between in-play 
gambling behaviours across the spectrum of involvement with in-play 

betting. As such it is possible to directly test whether specific in-play 
gambling behaviours such as average stake, and frequency of play 
vary across levels of involvement with in-play betting. If the relation
ships between other in-play betting behaviours and the total number of 
in-play bets do vary across levels of involvement (quantified as the total 
number of in-play bets within the study period), it provides preliminary 
support for approaches based on in-play betting as a function of levels of 
involvement with in-play betting and which may identify individuals at 
risk for problem gambling. To date, however, this analytic approach has 
yet to be applied to existing large, in-play betting datasets. 

It is important to note that while here we have used the total of in- 
play bets across the study period as our primary measure of in-play 
gambling involvement, there are numerous other options such as net 
loss (Broda et al., 2008), frequency of play, or other composite measures 
(e.g., Russell et al., 2019). Given our focus on in-play betting, we 
concentrate on the depth of involvement with in-play betting, using the 
total number of bets within the study period. Within the broader context 
of research on problem gambling, however, other approaches such as 
the breadth of involvement or usage of multiple types of gambling ac
tivity may be beneficial (see LaPlante et al., 2014 for a comparison of 
depth and breadth effects in gambling involvement). It is not our intent 
to comment on which measure is the most appropriate way of quanti
fying individuals’ degrees of involvement, simply to adopt a measure 
which, though raw, is an objective indication of involvement with 
in-play betting and examine how the relationship between this measure 
and other aspects of in-play gambling behaviour differ across various 
degrees of involvement. 

The aim of the present study was therefore to apply quantile 
regression to in-play betting from a large online, publicly available 
gambling dataset. We sought to determine whether involvement with in- 
play betting and other features of in-play betting behaviour are consis
tent across the spectrum of involvement or if they vary in any systematic 
fashion. As such, the primary analysis involves quantile regressions of a 
variety of in-play betting behaviours (duration, frequency, average stake, 
bets per day, bets per betting day, net change, percentage change & the 
standard deviation of daily average stakes) on the total number of in-play 
bets during the study period. In this way, we aimed to characterise how 
the relationships between in-play betting behaviours can be quantified 
and compared in bettors with diverse degrees of involvement with in- 
play gambling. 

2. Method 

2.1. Sample 

Internet betting service provider bwin Interactive Entertainment AG 
(bwin) provided data for 43,851 users who signed up between the 1st of 
February and the 30th of September 2005. The raw data is publicly 
available on the ‘Transparency Project’ webpage (http://www.thetrans 
parencyproject.org/). After reducing the dataset to contain only the 
users who made in-play sports bets during the study period and for 
whom demographic data was available, 24,781 users remained. Of 
these, 22,736 of these users were male (91.75%) and 2045 were female 
(8.25%). Most users (23,980) made both fixed-odds and in-play bets 
within the study period, and 801 made in-play bets only. 

The dataset includes in-play bettors from 64 countries, with most 
users based in Germany (14,386–58.05%), with the remainder from 
several countries (e.g., Poland: 1,626–6.56%, Turkey: 1,560–6.30%, 
Greece: 1,488–6.00%, Spain: 1,353–5.46%, France: 1,213–4.89%). Data 
about the ages of users was unavailable as it was removed during de- 
identification prior to public upload of the data. 

To enable a detailed analysis of gambling behaviour across degrees 
of involvement with in-play betting, the dataset was subdivided into two 
groups. The first, containing all users who had a total number of in-play 
bets within 5 median absolute deviations (MAD – see Leys et al., 2013) 
around the group median (0–111 in-play bets across the study period), 
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and the second group who made more than the median plus 5 MAD 
in-play bets (>111 in-play bets during the study period). This subdivi
sion resulted in 20,891 users in the “normally-involved in-play bettor” 
(NIB) group, and 3,890 users in the “most-involved in-play bettor” (MIB) 
group. This approach is comparable to previous analyses of “mos
t-involved bettors” defined as the top 1% of bets made within the study 
period (Broda et al., 2008; LaPlante et al., 2008; LaBrie et al., 2007). 
Here, our subdivision allows for a larger number of bettors in the 
most-involved group, which enables us to examine this group in more 
detail. Additionally, this approach has the benefit of encapsulating users 
within a given range of the median degree of involvement, only sepa
rating users who fall outside of this degree of involvement with in-play 
betting into the MIB group. This differs from the percentile approach 
used in other studies in that a MIB group defined by percentiles would 
include a certain percentage of users, even if their involvement with 
in-play betting falls within a given range of the median involvement. 

2.2. Measures 

The raw dataset contains daily aggregations of betting activity, 
summing the number of bets, total stakes, and total winnings (which can 
be return on bets made on previous days). From these variables, several 
other measures which quantify various aspects of individuals in-play 
betting behaviours were calculated. These measures included: dura
tion, defined as the difference in days between the first and last in-play 
bet; frequency of play which was calculated as the percentage of betting 
days between the first and last in-play bet; total in-play bets which is 
simply the sum of bets made across their duration of play, as well as the 
average number of bets per day (across their entire duration of play) and 
bets per betting day (average number of bets including only days when 
bets were made). Measures quantifying the amount of money spent (in 
Euros) include the total stake (the sum of all stakes across the study 
period), the average stake (average amount of money staked on each 
bet), and the standard deviation (SD) for the daily average stake (calcu
lated by determining the average stake on each betting day and esti
mating the SD for each individual across betting days). To quantify the 
overall financial impact of in-play betting, the net change (the summed 
total of money lost/won over the whole study period), and the percentage 
change (the returns/winnings as a percentage of the total amount staked 
across the study period) were calculated from the daily betting 
aggregations. 

2.3. Procedures 

We conducted a secondary data analysis of daily in-play betting ac
tivity provided by bwin dataset. Prior to analysis, all data were thor
oughly checked for inconsistencies, such as incomplete daily 
aggregation, days with no activity, or missing demographic data. To 
simplify this process, noninformative observations were removed from 
the dataset (e.g., observations for a user on a day where no bet, stake or 
win occurred – 186,489 observations in total), then all gambling prod
ucts other than sports betting (e.g., online casino games) were removed 
from the data (74,220 observations) Any remaining entries where one 
user had multiple activities for a single gambling product on a single day 
(477 users) were combined to create an accurate daily aggregation, and 
any users without complete demographic data (1,609 users) were 
removed from the dataset. 

We received ethical approval from the Swansea University School of 
Psychology Ethics Committee (5247) to conduct secondary data ana
lyses with this dataset. 

2.4. Statistical analysis 

The statistical analyses follow three broad objectives. Firstly, to 
examine each of the behavioural characteristics across the MIB and NIB 
groups, and their respective degrees of involvement with in-play betting 

using quantile descriptive statistics (quantified using total number of in- 
play bets). Secondly, to employ quantile regressions to quantify the re
lationships between these other behavioural characteristics of in-play 
betting and the total number of in-play bets. Finally, to compare the 
estimated coefficients from the quantile regressions across quantiles of 
involvement with in-play betting to ascertain whether the strength of 
the relationships between the total number of in-play bets and these 
other in-play betting behavioural characteristics are influenced by an 
individual’s degree of involvement with in-play betting. 

Quantile regression offers several distinct advantages over conven
tional OLS regression analyses for the analysis of large gambling data
sets. Specifically, in datasets with many individuals, who each display 
complex and differing patterns of play (such as the present bwin dataset) 
there are frequently issues with outliers and skewed data. These are 
problematic as they violate the assumptions for OLS regressions but are 
still potentially informative datapoints for in individuals whose 
gambling behaviours fall at the extreme tails of the sample distribution. 
As quantile regression estimates the relationship between variables for a 
specific quantile or percentile, it is robust to even extreme outliers, and 
more importantly can quantify the strength of the relationship between 
variables for locations other than the mean, allowing a more thorough 
investigation of the relationship between gambling behaviours at all 
levels of gambling involvement. 

Separate multiple quantile regressions were fit to the .1, .3, .5, .7 and 
.9 quantiles in the NIB and MIB groups using the package “quantreg” 
(Koenker, 2021) in R (R Core Team, 2021). In each case, the models 
estimated incorporated the total number of in-play bets as the dependent 
variable, with each other measure of in-play betting activity (duration, 
frequency, average stake, bets per day, bets per betting day, net change, 
percentage change & the standard deviation of daily average stakes) as 
predictor variables. 

3. Results 

Quantifying and comparing the relationships between the total 
number of in-play bets and other in-play betting behaviours requires a 
multi-step approach, as noted in Section 2.4 above. Firstly, to visually 
examine the differences in behaviour across the spectrum of involve
ment with in-play betting, quantile descriptive statistics are reported. 
Secondly, the estimated coefficients from the quantile regressions are 
plotted, alongside OLS estimates to illustrate how the relationships be
tween the in-play betting behaviours vary across degrees of involvement 
with in-play betting. Finally, Tests of Equality of Distinct Slopes 
(Koenker, 2021) are reported along with direct coefficient comparisons 
to quantify when and how the relationships between the total number of 
in-play bets and other in-play betting behaviours differ. 

3.1. Quantile descriptives for in-play gambling behaviours 

To illustrate how aspects of in-play gambling vary across the spec
trum of involvement with in-play betting (operationalised as the total 
number of in-play bets across the study period), the descriptive statistics 
(mean & standard deviation) for each behavioural measure, across 
groups (NIB & MIB) and quantile within groups (.1, .3, .5, .7 & .9) are 
shown in Table 1 (non-parametric alternatives can be found in the 
Supplementary Materials). Notably, while several measures display 
relatively linear relationships (e.g., duration, bets per day, or total stake in 
euro), other measures display distinctly different relationships with the 
total number of in-play bets placed across the study period. For example, 
while net change (the total amount in euros won/loss across the study 
period) increases in magnitude as the number of in-play bets increase, 
the percentage change (the amount won/lost as a percentage of the total 
amount of money staked) decreases in magnitude across all quantiles in 
both the NIB and the MIB groups (as the number of total in-play bets in
crease). Other behaviours, such as frequency of play show a similarly 
nuanced relationship, with frequency decreasing with increasing 
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numbers of in-play bets in the NIB group and increasing frequency with 
greater numbers of in-play bets in the MIB group. Additionally, average 
stake (in Euro), shows a U-shaped pattern in the NIB group, but increases 
relatively linearly in the MIB group. 

3.2. Quantile regression analyses 

The estimated quantile regression coefficients for each predictor in 
both the NIB and MIB groups are shown in Fig. 1. It is clear from Fig. 1 
that the quantile coefficient estimates (blue circles) are frequently dis
similar to the OLS estimates (solid red line) in both groups, and that they 
predominantly fall outside of the 95% CI for the OLS estimates, which 

Table 1 
Descriptive statistics (mean & SD) for in-play betting activity across degrees of involvement with in-play betting.  

In-Play Bet 
group: 

Normally-involved bettor group (NIB) Most-involved bettor group (MIB) 

[1,2] (2,6] (6,15] (15,37] (37,111] [112,149] (149,206] (206,315] (315,577] (577, 21230] 

Duration (days) 8.55 
(30.47) 

38.71 
(59.16) 

63.28 
(71.76) 

88.44 
(78.25) 

112.12 
(78.81) 

134.24 
(76.14) 

145.26 
(75.29) 

153.79 
(69.07) 

171.05 
(60.65) 

190.38 
(49.24) 

Frequency (%) 86.87 
(30.61) 

45.92 
(41.02) 

32.3 
(34.03) 

27.88 
(29.4) 

27.09 
(25.26) 

27.5 (22.04) 29.24 
(20.52) 

32.17 
(20.01) 

36.16 (18.53) 51.77 (19.66) 

Total bets 1.4 (0.49) 4.27 (1.1) 10.41 
(2.55) 

24.89 
(6.33) 

65.51 
(20.96) 

128.92 
(11.08) 

175.53 
(16.4) 

253.02 
(31.08) 

423.2 (73.46) 1498.64 
(1690.12) 

Bets per betting 
day 

1.21 
(0.41) 

2.16 
(1.14) 

2.98 
(2.04) 

4.07 (3.19) 5.71 (4.3) 7.27 (5.06) 7.93 (6.55) 8.62 (6.67) 9.95 (7.05) 16.16 (12.07) 

Bets per day 1.08 
(0.56) 

1.29 
(1.58) 

1.37 
(2.38) 

1.62 (3.31) 2.03 (4.04) 2.25 (3.52) 2.78 (5.67) 3.03 (5.75) 3.66 (5.56) 8.44 (9.01) 

Average Stake 
(€) 

14.13 
(31.01) 

9.7 
(23.17) 

8.51 
(21.2) 

8.01 
(18.28) 

9.84 (24.39) 10.4 (25.42) 12.96 
(28.34) 

13.56 (27.4) 14.74 (31.46) 15.22 (26.33) 

SD Daily 
average stake 

7.14 
(21.17) 

6.15 
(18.99) 

6.19 
(17.31) 

6.65 
(27.13) 

8.72 (20.73) 9.84 (22.24) 11.75 
(23.55) 

13.18 
(23.73) 

13.74 (26.38) 13.78 (21.12) 

Total Stake (€) 19.18 
(43.41) 

40.06 
(89.86) 

89.86 
(246.89) 

198.53 
(464.84) 

659.28 
(1713.67) 

1325.67 
(3197.48) 

2288.47 
(5063.66) 

3448.64 
(7169.03) 

6418.18 
(14469.01) 

20065.11 
(36339.63) 

Net Change (€) − 7.27 
(36.84) 

− 7.3 
(80.05) 

− 14.91 
(92.84) 

− 27.96 
(116.71) 

− 59.49 
(256.78) 

− 108.41 
(380.05) 

− 128.04 
(419.5) 

− 223.27 
(770.82) 

− 305.67 
(1009.27) 

− 1138.84 
(2343.31) 

Percentage 
Change (%) 

− 41.7 
(113.46) 

− 30.69 
(69.76) 

− 24.21 
(45.11) 

− 18.56 
(30.18) 

− 14.12 
(19.61) 

− 12.51 
(14.88) 

− 10.36 
(13.53) 

− 9.85 
(11.07) 

− 9.35 (9.92) − 8.54 (7.96) 

N 4428 4047 4137 4118 4161 789 775 772 777 777 

Note. SD for daily average stakes are calculated within-subjects (across days) then averaged across participants. 

Figure 1. Quantile regression coefficient estimates for the .1, .3, .5 .7 and .9 quantiles in the NIB and MIB groups. Note. Blue circles indicate the point estimates of the 
quantile regression coefficients at each quantile with their associated 95% confidence intervals shaded in blue. Solid red lines show the location of the OLS-regression 
coefficient estimate, and dashed red lines show the 95% CI around the OLS estimate. 
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implies that the OLS estimates are generally biased estimators of the 
relationships between the number of in-play bets and the other in-play 
betting characteristics. The SD for daily average stakes in the MIB 
group is a clear exception to this general observation, and it is evident 
that there, and to a lesser degree with the average stake for the MIB 
group, the quantile coefficient estimates fall mostly inside the 95% CI for 
the OLS regression (except for the .7 & .9 coefficients for average stake 
with the MIB group). 

Crucially, it is also evident that for most variables (except for the 
average stake & daily average stake for the MIB – noted above), the 
strength of the relationship between the total number of in-play bets and 
the other predictor variables is strongly influenced by the number of in- 
play bets placed. Taking duration or frequency in the NIB group as an 
example, the relationship between these variables and the total number 
of in-play bets is strongly influenced by the overall number of in-play 
bets, with a relatively weak relationship at low numbers of total in- 
play bets and a much stronger relationship at higher degrees of 
involvement. Notably, both variables show dissimilar patterns in the NIB 
and MIB groups, with a consistent increase in coefficient magnitudes 
across the NIB and a decline at higher levels of total bets in the MIB 
group. 

In the NIB group, bets per day is negatively related to the total 
number of in-play bets in the study period and this relationship is 
stronger among bettors with a higher total number of in-play bets, 
however this pattern reverses in the most-involved bettor group, 
wherein bets per day becomes a strong positive predictor of total 
number of in-play bets for those who made more than the median 
number of bets in the MIB group (quantiles .5, .7 &.9). Conversely, bets 
per betting day is a positive predictor of total in-play bets in the NIB 
group, with increasingly large coefficients with increasing total number 
of in-play bets. This contrasts with the MIB group where the strength of 
the association between bets per betting day and total number of in-play 
bets falls in the .7 and .9 quantiles. 

To confirm that the quantile regression coefficient estimates vary 
across the quantiles of total in-play bets, tests of equality of distinct 
slopes were conducted (Table 2). As indicated by Fig. 1, and confirmed 
in Table 2, all predictors except the SD for daily average stakes in the 
MIB group differ across the quantiles of total in-play bets. As such, the 
relationship between the total number of in-play bets and other aspects 
of in-play betting behaviour are heavily influenced by a user’s degree of 
involvement. 

4. Discussion 

This study presents the first quantile regression analysis of real world 
in-play betting from a large online gambling dataset. The magnitude and 
direction of the relationships between the degree of involvement with 

in-play betting (quantified in terms of total in-play bets across the study 
period), and other in-play betting behaviours were heavily influenced by 
the user’s total involvement with in-play betting. As such, this study 
demonstrates that quantile regression can yield detailed analyses of the 
relationships between gambling behaviour in large online datasets 
(Philander, 2014). It further emphasises the importance of the quantile 
approach over conventional analyses examining the hypothetical mean 
gambler, as OLS regression estimates were generally poor and/or biased 
estimates of the magnitude of the relationships between in-play be
haviours across the spectrum of involvement with in-play gambling. In 
addition to these general contributions, the analyses reported here have 
revealed several specific patterns in the strength of the relationships 
between the involvement with in-play gambling and other in-play 
betting behaviours which warrant further discussion. 

As outlined in the Introduction, the present study is the first appli
cation of quantile regression to in-play betting behaviour and, as such, 
there is a dearth of directly relevant previous research with which to 
compare findings. Previous research reporting correlations between in- 
play betting behaviours is however directly comparable (LaBrie et al., 
2007). Here, we report that duration and frequency of play are positive 
predictors of the total number of in-play bets (at increasing magnitude 
across the assessed quantiles of involvement for the NIB group), but that 
the strength of these associations declines above the 0.5 quantile in the 
MIB group. LaBrie et al. (2007) reported a positive correlation (r = 0.70) 
between the total number of in-play bets and duration, and a negative 
correlation with total in-play bets and frequency of play (r = − 0.29). That 
finding is consistent with the results reported here for duration, but not 
for frequency in the NIB group or for the MIB group below the .5 quantile. 
Given the rapid decline in the strength of the relationship between fre
quency of play and the total number of in-play bets above the .5 quantile in 
the MIB group, this suggests that the correlation reported in LaBrie et al. 
(2007) may have been driven by the most heavily involved bettors. The 
quantile approach reported here thus allows for a more detailed exam
ination of these relationships across the spectrum of levels of 
involvement. 

Similar observations can be made for the relationship between bets 
per day and the total number of in-play bets; we reported an increasingly 
negative relationship in the NIB group, which becomes positive at the .5 
quantile in the MIB group. In contrast, LaBrie et al. (2007) reported a 
positive correlation (r = 0.81) between the same measures. Additional 
differences in analysis can be found in the net loss/change and percentage 
loss/change measures; LaBrie et al. (2007) observed a positive correla
tion (r = 0.41) for net loss and total in-play bets and a negative correlation 
for percentage lost (r = − 0.32). For the quantile regression estimates 
reported here, net change was negatively associated with the total number 
of in-play bets at all quantiles and percentage change was a positive pre
dictor, although the strength of this relationship varied across degrees of 
involvement with in-play betting. Taken together, these discrepancies 
with previous research (with the caveat that no direct comparison of 
these effects is possible due to differing analytical approaches, though 
one should expect at least consistent directionality in the relationships 
between in-play betting behaviours), highlight the potential utility of 
the quantile regression approach for examining patterns of play in 
in-play betting behaviour across the levels of involvement with in-play 
gambling. 

Quantile regression is a demonstrably useful addition to the analyt
ical toolbox for understanding the relationships between in-play betting 
behaviours as potential predictors of at-risk gambling. There is an 
established literature on analysis of behavioural tracking methods (Auer 
et al., 2020; Balem et al., 2021; Catania & Griffiths, 2021; Challet-Bouju 
et al., 2020; Ukhov et al., 2021) and growing interest in applying data 
science techniques to large online gambling datasets (Deng et al., 2019). 
As the availability of these types of datasets improves, so must the 
toolbox to quantify and characterise the underlying behaviours. Any 
real-world gambling dataset will have outliers and extremes of behav
iour which can bias the estimates of many traditional analysis 

Table 2 
Tests of equality of distinct slopes.   

Normally-Involved Bettors Most-Involved Bettors 

Duration F(4, 80601) = 835.45, p <
.001 

F(4, 19446) = 223.31, p <
.001 

Frequency F(4, 80601) = 329.67, p <
.001 

F(4, 19446) = 274.19, p <
.001 

Average Stake F(4, 80601) = 18.8, p <
.001 

F(4, 19446) = 27.33, p <
.001 

SD Daily Average 
Stake 

F(4, 80601) = 30.87, p <
.001 

F(4, 19446) = 0.82, p = .51 

Bets Per Day F(4, 80601) = 275.33, p <
.001 

F(4, 19446) = 1588.6, p <
.001 

Bets Per Betting Day F(4, 80601) = 561.6, p <
.001 

F(4, 19446) = 200.94, p <
.001 

Net Change F(4, 80601) = 25.18, p <
.001 

F(4, 19446) = 67.69, p <
.001 

Percentage Change F(4, 80601) = 466.15, p <
.001 

F(4, 19446) = 94.31, p <
.001  
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approaches. Given that these outliers and heavily involved users 
contribute real and informative data points, we must use methods that 
can accommodate heterogeneity and extract the maximum possible in
formation not only from the extremes but from bettors at all levels of 
involvement. As an example of how this works in practice, Deng et al. 
(2021) investigated Pareto estimates for online casino gambling, 
examining their association with voluntary self-exclusion as an index of 
gambling harm. In addition to demonstrating that the top 20% of 
gamblers (in terms of total bets) accounted for up to 92% of the total 
gambling activity in their sample, they reported significantly higher 
rates of voluntary self-exclusion in the top 20% relative to the remaining 
80%. This, in conjunction with the strong variation in relationships 
between in-play betting behaviours along the spectrum of involvement 
with in-play betting further emphasises the importance of using tech
niques such as quantile regression which can examine the relationships 
between betting behaviours across the spectrum of gambling involve
ment, rather than attempting to examine gambling behaviour as though 
it can be adequately accounted for by an analysis of “average” behaviour 
alone. 

While we have focused on examining the relationships between in- 
play betting behaviours across the spectrum of involvement with in- 
play betting, other approaches are possible to investigate how such re
lationships might be used to early identify and potentially reduce 
gambling related harm. Most notably, even though the approach here 
considers users across quantiles of involvement, examining how these 
relationships change over time is likely to be critical to understanding 
how in-play betting develops from normal use to those at-risk of 
gambling problems/harm. In a longitudinal analysis of sports betting 
behaviour, LaPlante et al., (2008) noted that newly subscribed internet 
bettors rapidly adapt, reducing their participation number of bets and 
stake size over time, but that heavily involved bettors did not follow this 
general pattern, especially for in-play bettors. Given this clear difference 
in the adaptation of in-play betting behaviour over time in new sub
scribers, a combined approach examining the nature of this adaptation 
over time across a range of quantiles of involvement would be beneficial 
for determining how adaptation occurs in users at other degrees of 
involvement and may be critical to differentiating the at-risk bettors 
from those who tend to reduce their gambling over time. 

The present study has several limitations with implications for future 
research. Firstly, the current dataset consists of in-play betting data 
gathered in 2005, where all in-play betting was done using computers 
prior to the advent of the smartphone. Second, the number of in-play 
bettors has increased in the interim (Gambling Commission, 2021a). 
As a result of this increase in popularity, it is likely that the range of bets 
offered will have evolved over time and may impact aggregate gambling 
behaviour. Third, users from the bwin dataset may also have engaged 
with land-based gambling venues or other online platforms. Indeed, 
online gamblers have an average of three online gambling accounts 
(Gambling Commission, 2021a). Fourth, we quantified levels of 
involvement using the total number of in-play bets but alternatives such 
as monetary loss might produce differing relationships with other 
in-play betting behaviours (Xuan & Shaffer, 2009). Fifth, the present 
data is aggregated by day, which limits the analysis opportunities 
available in terms of temporal or sequential modelling of gambling 
behaviour. It would be of benefit to future researchers if gambling in
dustry operators provided time-stamped data at the level of individual 
bets, such that a bet-by-bet analysis of in-play gambling during and 
across events was possible. Finally, we could further our understanding 
of the heterogeneity in gambling behaviour through the combination of 
quantile regression with restricted cubic splines (Marrie et al., 2009). 
While quantile regression enables the evaluation of the relationship 
between the independent variables and a continuous dependent variable 
across the complete range of the dependent variable, restricted cubic 
splines can be used to further assess nonlinearity, as well as to represent 
and better fit these complex nonlinear relationships (Gauthier et al., 
2020). 

In conclusion, we report a new approach to quantifying how re
lationships between in-play betting behaviours vary across the spectrum 
of involvement. It is however increasingly essential to consider 
gambling behaviour and in-play betting at the level of the individual 
bettor and to consider how these relationships between betting behav
iours change across time. A fuller understanding of how such in-play 
behaviour evolves will aid in the identification of users at-risk of prob
lem gambling and related harm. 
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