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Abstract
Many studies have been conducted to identify potentially useful behavioural markers of 
harmful behaviour using online gambling data sourced from operators. However, less is 
known about how such markers could be used to identify higher risk products. The study 
examined whether certain categories and subcategories of product are more strongly asso-
ciated with behavioural markers of harm than others. Analyses were based on 6 months 
of data (N = 100,000 individual gamblers) drawn from the population of UK users of an 
online gambling website in 2022. Measures included individual-level expenditure data 
across multiple forms of gambling and a series of literature-informed behavioural mark-
ers of harm including declined deposits, easing/removing responsible gambling settings, 
within-session repeat deposits (or ‘top-ups’), bonus-seeking behaviour and gambling at 
unusual hours. Negative binomial models examined how well the number of active days 
playing different products predicted behavioural markers of harm. All markers apart from 
easing/removing responsible gambling settings appeared to covary with the number of 
active days engaging in specific product types, most notably slots, in-playing betting and 
some most forms of combination bets on sports. These findings highlight the potential 
value of using measurable markers to differentiate the risk and potential harm associated 
with different online products.

Keywords Online gambling · Behavioral markers · Product risk · Harm minimization · 
Objective data

As a result of limitations in self-report methodologies (Blaszczynski, et  al., 2006), an 
increasing number of studies are utilizing objective data sourced from gambling operators 
to gain insights into the characteristics of gambling behaviour and its impacts. Although 
studies of this nature have been conducted using land-based gambling (e.g. Forrest and 
McHale, 2022), the majority of these studies have focused on online gambling. The 
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advantages of this approach are that researchers gain access to very large datasets with 
accurate, often time-stamped participation data that can provide insights into the behav-
ioural profile of online gamblers (e.g. Braverman et  al., 2013; Dragicevic et  al., 2011; 
Gainsbury and Russell, 2015; Nelson et  al., 2022); evidence of higher risk behaviours 
or harm (e.g. McAuliffe et  al., 2022; Xuan and Shaffer, 2009); and whether safer gam-
bling strategies have a measurable impact upon customer behaviour (e.g. Auer & Griffiths, 
2022a, b; Auer et al., 2014). Examples of important behavioural variables which have been 
captured using online methodologies include the following: how often people play (days or 
sessions); the nature and breadth of product engagement; expenditure by days or sessions; 
bet sizes; and how often people deposit or withdraw money from their betting account. 
Studies have also used longitudinal measures to track changes over time such as whether 
people appear to engage in forms of chasing behaviour (Auer & Griffiths, 2022; Chen 
et al., 2022; Xuan and Shaffer, 2009), or if interventions introduced at a point in time have 
subsequent impacts on behaviour (e.g. Auer et al., 2020).

A number of important insights relating to individual player risk have arisen from this 
research. Profile and clustering studies show that the vast majority of online gamblers 
spend relatively low amounts and generally lose, but that it is possible to identify higher 
risk clusters (often 3–5%) who gamble very frequently (e.g. almost daily), have multiple 
sessions per day and who bet larger amounts (McAuliffe et al., 2022; Perrot et al., 2018). 
Many of these people spend well above what are considered safe limits established in land-
based gambling studies (Brosowski et al., 2020). Studies relating to player risk show that 
it may be possible to use operator-sourced data to infer evidence of gambling-related harm 
using proxy measures. Studies have, for example, investigated the predictors of voluntary 
self-exclusion (e.g. Catania & Griffiths, 2021; Challet-Bouju et  al., 2020; Ukhov et  al., 
2021), account closure (Braverman & Shaffer, 2012; Xuan and Shaffer, 2009) or respon-
sible gambling interventions (Gray et al., 2012). Important behavioural markers found to 
predict potential harm or higher risk profiles include measures 0of how often and how 
much people lose (Dragicevic et al., 2015); the breadth of involvement with different gam-
bling products (LaPlante et  al., 2014); and how often people make repeated deposits or 
top-up their balances during sessions (McAuliffe et al., 2022). Meanwhile, in studies exam-
ining the impact of various safer gambling strategies (e.g. messaging, voluntary or manda-
tory limits), it has been shown that online methodologies can be used to show moderations 
in behaviour (e.g. gambling expenditure, deposits, session length) (e.g. Auer & Griffiths, 
2013, 2015, 2016; Auer et al., 2014). In some of the stronger research designs, objective 
data has been combined with independent self-report measures of problem or disordered 
gambling to validate various behavioural markers of harm (e.g. Auer & Griffiths, 2022e; 
LaPlante et al., 2014; Luquiens et al., 2019; Perrot et al., 2018; Price Waterhouse Coop-
ers, 2017). Broadly, such work has generally confirmed that objective measures capturing 
the intensity of gambling behaviour, and behavioural markers which could be indicative 
of risky or harmful patterns of play, tend to be significantly associated with self-reported 
higher risk gambling.

A question which has, however, received somewhat less attention in this body of 
research is whether objective behavioural data can be used to identify variations in the risk 
associated with different gambling products. This is an important question because under-
standing product risk is a central interest to gambling regulators who have to make deci-
sions about the approval of new products and game features, or what safer gambling stand-
ards should be applied to different products. At present, insights generally have to be drawn 
from theory or by using tools such as Gamgard (Gamguard.com) or ASTERIG (Blanco 
et al., 2013) that score products on a range of structural dimensions: e.g. event frequency, 
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accessibility, bet types, maximum prizes and continuity. However, as Delfabbro and Parke 
(2021) have pointed out, these protocols were validated largely on land-based gambling 
products and often struggle to differentiate product risk within narrow product ranges or 
contexts. For example, regulators may find that online games may be scored as higher risk 
because all are available in the home, involve immediate payout of wins and incorporate 
sounds and graphics. For these reasons, integrating new insights by using behavioural 
markers of harm using objective behavioural data could further strengthen the empirical 
risk assessment of gambling products.

Several existing studies using online operator data have presented findings which pro-
vide some insights into the issue of online product risk. Auer and Griffiths (2022c), for 
example, studied the data from 43,721 European online gamblers and presented models 
that examined how well objective indicators of the structural characteristics of products 
(e.g. event frequency, return-to-player) predicted outcomes such as theoretical loss and 
the number of bets per session. Products with shorter event frequencies (which would 
include slot games) were associated with more bets per session and larger theoretical 
losses. Another study by Dragicevic et al. (2011) based on 128,788 customers on a Euro-
pean gambling website found that slots and roulette appeared to be most favoured by the 
highest risk cluster. Other studies suggest that bets placed during sporting events (i.e. ‘in-
play betting’) appear to be higher risk than betting prior to events (i.e. pre-event betting) 
(Gray et al., 2012; LaPlante et al., 2014; Nelson et al., 2022). These findings are generally 
consistent with studies of land-based gambling. Slots are generally considered high-risk 
products because of their rapid event frequency which is thought to increase the likelihood 
of chasing losses, impulsive decision-making and increase the cost of play per hour (Del-
fabbro et al., 2020; Dixon et al., 2017; Dowling et al., 2005; Griffiths, 1993; Parke et al., 
2016). In-play betting, also characterised by shorter event frequencies, can involve bet-
ting on discrete, often momentary features of a sport or event, and these are referred to as 
‘action bets’ or ‘micro-bets’. Betting in-play could also pose greater risk because it offers a 
greater variety of bet choices and odds, which may be more attractive to higher risk play-
ers (Hing et al., 2017; Russell et al., 2019) and provides continuous opportunities to bet 
while events unfold (e.g. switching to betting on the other team if they score the first goal) 
which could provide ideal conditions for chasing losses (Parke & Parke, 2019). Russell 
et al. (2019) found that, in land-based gambling, micro-bets were predominantly chosen by 
problem gamblers. These findings, taken together, suggest that there may some potential 
for differentiation of risk between different subcategories of the same product using these 
dimensions.

The Present Study

In this paper, we examine whether previously identified behavioural markers of harm can 
be used to gain insights into the relative riskiness of different gambling products. By con-
ducting these analyses, we sought achieve two aims. The first was to examine the potential 
of behavioural markers of harm to profile concentrations of risky behaviour within product 
categories. The second was to investigate and validate the small emerging literature relat-
ing to variations in online product risk. Based on this foundational work as well as a num-
ber of land-based product risk studies, it was possible to propose several hypotheses about 
which products are likely to have a stronger association with behavioural markers of harm, 
specifically products which (a) have shorter event frequencies and (b) provide continuous 
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opportunities to bet (and facilitate impulsive decision-making or loss-chasing) and (c) have 
higher availability (can be played any time). Such characteristics would imply stronger 
associations between markers of harm and products like online slots, in-play betting, 
micro-betting and online simulated versions of casino table games with shorter event fre-
quencies and minimal breaks in play. Our results extend previous studies of online product 
risk (e.g. Brosowski et al., 2020) by including a wider range of products (including slots) 
and using a single operator. In addition, unlike the study by Auer and Griffiths (2022c) 
which focused principally on the volume of gambling (e.g. number of bets or theoretical 
loss), we examined range of behavioural markers such as declined deposits, bonus-seeking 
behaviour and top-ups which may be more indicative of chasing or financial depletion than 
how much people are gambling.

Method

Data Sources

The analyses presented in this paper are based on anonymized data provided by the online 
gambling website Unibet for the first 6 months of 2022 (January to June). Participants were 
100,000 people in the UK who had spent money on at least one online gambling product 
in the specified period. The dataset therefore was in short-form with unique gambling cus-
tomers in rows and participation variables and other key variables in the columns.

(a) Product Categories The total number of active days (i.e. number of days on which at 
least one bet was placed) in 6-month observation period was available for all categories of 
product. These data made it possible to capture binary participation (i.e. at least one day 
or participation in a given product in the 6 months) or how often (a frequency or count) of 
how many days the person was active during the period (min 1 up to maximum of 182).

Wagering categories usually refer to both racing and sports. Given the data available, 
we were able to subcategorize these based on dimensions relating to the timing of the bet 
(i.e. ‘pre-event’ or ‘in-play’) and the configuration of different selections and outcomes 
included in the bet. A bet can be configured to include the outcome of one selection (i.e. 
‘single’ bets), or two or more selections (i.e. ‘multiple’ and ‘combination’ bets). A multiple 
bet involves one stake and requires all selections to be successful for the bet to win. The 
structural implications of these requirements typically mean larger prizes, lower stakes and 
a lower win probability. Importantly, the prize-to-stake ratios increase, and the win prob-
abilities decrease, with each additional selection added to a multiple bet. Also, the combi-
nation of multiple selections into one bet means that the margins for each selection are also 
combined, thus providing an overall larger margin for the operator and lower return to the 
player (Newall & Cortis, 2021; Newall et al., 2021). In contrast, combination bets combine 
different permutations of bet selections, with each additional variation requiring an addi-
tional stake, and are paid in all-in-one transaction. Combination bets tend to offer a much 
lower prize-to-stake ratio but a higher win probability.

Additionally, to understand how availability and gambling at unusual hours affects sports 
betting, we were also interested in distinguishing between sports bets based on popularity. 
For example, anecdotal evidence had suggested that late-night sports betting was possible 
provided there was a willingness to bet on less established sports (e.g. Russian table tennis) 
when more established sports (e.g. soccer) were not available. To do this, we devised a new 
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betting product category referred to as ‘less established sports’. This was achieved by group-
ing all bets on sports and events falling outside of top 10 most popular.1 Finally, we were 
able to subcategorize horse and dog racing products into single bets or multiple bets.

Data were also available on non-wagering products including casino table games, poker, 
bingo and slots. Six subcategories of table casino games were created: roulette (live or 
software), blackjack (live or software) and a combined category (live or software) of other 
table games (e.g. baccarat, stud poker, sic bo). In the ‘software’ versions, the game experi-
ence is simulated and there is no dealer, and in the ‘live’ versions, the games are streamed 
live, face-to-face with a real dealer. Finally, multi-player poker games2 were subcatego-
rized into cash poker or tournament poker. In tournament poker, players pay an entry fee 
and money is paid according to where players finish in the tournament (i.e. when they run 
out of chips). In contrast, in cash poker, there is no fixed point of entry or exit, a player can 
join or quit the table at any time and can win or lose money on a hand-by-hand basis. The 
full range of product variations is presented in Table 1. Options for subcategorizing slots 
and bingo were too numerous and complex to be included for this analysis but should be 
considered for future research.

(b) Total Net Expenditure This was the total amount spent by gamblers after considering 
wins and losses. This information was available for each of the product categories and sub-
categories outlined above.

(c) Behavioural Markers of Harm The dataset included (for each individual) how often 
they had made deposits; had deposits rejected because their account had no funds; had 
deposits declined by the payment provider or bank3; number of visits to bonus page when 
no bonus was available4; removing or easing responsible gambling (RG) settings (e.g. 
increasing spend limit, removal of restrictions altogether); number of hours spent online 
with open gambling sessions at times chosen by under 5% of customers in the same time 
zone (unusual hours); and how many repeat deposits (i.e. ‘top-ups’) are made during gam-
bling sessions. These were measured as frequencies across the 6 months (a count variable).

Data Analysis

All analyses were conducted using SPSS v.28. Spearman correlations were used to 
examine the ordinal association between the frequency of gambling based on the total 
active days for each product category and subcategory and the frequency of the markers 

1 The popularity of sports and events was calculated by number of players betting on a given sport or event 
over the 6-month observation period.
2 A variant of poker is also available in the form of a table casino game, with playing against a dealer, 
rather than playing against other players, being the key difference.
3 A payment provider or bank may block a deposit if they suspect fraudulent activity. Deposit behaviour 
which might be indicative fraudulent activity can include repeated deposits in a short period of time, depos-
its at unusual times, increasing sizes of deposits, deposits which may be very large in size or any other 
deposit activity which may be considered erratic or out of character. We considered that this marker is rel-
evant because deposit behaviour by at-risk or disordered gamblers could show similar characteristics.
4 Bonus page visits involve looking for free bets or chips, or money to top-up the account balance which 
may be given as loyalty bonus or incentive for play. These are often subject to wagering requirements 
before account withdrawals are permitted.
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of harm. The association between product any category/subcategory and the markers of 
harm was then modelled using a series of negative binomial regressions after confirm-
ing that Poisson regression was not appropriate due to over-dispersion in the outcome 
measures. The dependent measures in these models were the frequencies with which 
the harm indictors occurred over the 6  months, whereas the independent measures 
were product participation (number of days active in each product up to a maximum 
of 182 days). For example, a score of 5 on declined deposits meant that a person had 5 
declines in 6 months whereas a 5 for roulette (live) meant that a person had spent money 
on this game on 5  days. An initial linear regression was run using multi-collinearity 
diagnostics to identify variables which had high variance inflation factors (4 or higher). 
Models were built in stages. All variables with Spearman correlations 0.20 or greater 
were initially considered for the models. Variables with correlations lower than this 
were then entered sequentially, but it was soon evident that no variables with Spearman 
correlations below 0.15 would be significant or have any further impact on the models. 
In essence, the aim was to produce parsimonious models that were stable such that no 
further changes or additions influenced the set of predictors included and which led to 
no significant change in model fit (Akaike’s and Bayesian information criteria).

Results

(a) Gambling Participation

Table 1 summarizes the participation rates and expenditure associated with each of the 
product categories. The most popular products in terms of overall participation were 
slots (50%), single bets on racing (42%), single pre-event bets on sports (31%), single in-
play bets on sports (19%) and combination pre-event bets on sports (18%). Only a minor-
ity of customers placed bets as multiples (2–4%); however, 12% had placed a bet on a 
less-established sports. Except for roulette (15.7%), participation in table casino games 
and poker and bingo products was generally much lower. Participation was higher in live 
versions of roulette and blackjack relative to the software versions. The weekly conver-
sion rate shows the ratio of weekly to overall participation and is an indicator of whether 
certain products are more likely to be played with greater regularity (i.e. weekly). This 
appears to most common for poker, slots and some forms of sports betting. The highest 
conversion rate, by some margin, was for poker, with around 18% of customers playing 
on at least a weekly basis. Slots, in particular, stand out from other products by having 
the highest overall and weekly participation rate suggesting slots are the source of the 
highest absolute number of regular gamblers. Two expenditure estimates are provided: 
net revenue includes wins, whereas net losses only consider the distribution of values 
where a loss has occurred. Both show that losses tended to be highest for slots and com-
bination bets on racing, but the figures for other products are more difficult to rank.

(b) Gambling Frequency and Risk Indicators

The prevalence of the six behavioural markers of harm over the 6 months we consid-
ered was generally low in the sample, although some individuals had many instances 
of the behaviour: bonus page visits without a bonus being available (M = 3.19, 
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SD = 11.44, range 0 to 1056); gambling at unusual hours (M = 2.76  h, SD = 11.75, 
range 0 to 573); removing or easing RG settings (M = 0.13, SD = 1.05, range 0 to 72); 
top-ups during sessions (M = 2.35, SD = 11.41, range = 0 to 624); declined deposits (no 
funds) (M = 0.78, SD = 7.75, range 0 to 750); and decline deposits (payment provider) 
(M = 4.88, SD = 17.64, range 0 to 764). The median value was 0 for all indicators 
except declined deposit (payment provider) for which it was 1.0.

Table  2 shows the relationship (Spearman correlations) between the frequency of 
potential markers of harm and the number of active days people played different prod-
ucts. Bonus page visits were most strongly associated with participation in slots, live 
roulette and other live table games. Gambling at unusual times was also associated with 
these three products, and with some forms of sports betting (less-established sports, com-
bination bets and single in-play bets). Topping-up during sessions (a potential indictor of 
chasing) was most strongly associated with slots, combination bets on sports and racing, 
single bets (in-play only) and live versions of blackjack and roulette. Removing or eas-
ing RG settings generally did not prove useful in differentiating the products. Declined 
deposits (payment provider) also generated similar results as the other markers: slots and 
live table games (excluding blackjack) emerged as most strongly related. Similarly, when 
we examined what is one of the most definitive indicators, declined deposits (no avail-
able funds), we found that the same activities emerged most strongly: slots, live roulette, 
other live table games and in-play combination bets on sports.

To further test the validity of these findings, it was important to examine whether 
these products emerged when controlling for other types of participation. A series of 
negative binomial regressions were used to ascertain which products were the strong-
est predictors of the markers of harm while controlling for participation in other prod-
ucts (Table 3). Incidence ratios signify the increase in the incidence of the marker of 
harm in each subpopulation of players (by product) associated with each additional 
day of participation. In other words, the dependent measures in each block are the 
frequency or incidence of the harm indicators whereas the independent measures are 
the number of days active in each product. The incidence ratios indicate the percentage 
increase in the frequency of the harm indictors occurring within 6 months based on a 
one day increase in days active on each product. For example, 1.04 means that for each 
one additional day active, the frequency of the respective harm indicator increases by 
4%. As can be seen, the incidence ratios values are generally small and only slightly 
above 1, but would indicate how 20 or 30  day increments in these variables over a 
6 month period could have a meaningful effect on the incidence of markers of harm. 
Table 3 shows that slots emerged as a significant predictor for all 5 of the markers, live 
roulette and combination bets on sports for 4 of them and other live table games for 
3 of them. All other activities appeared only once and principally for the topping-up 
marker. These results suggest that increasing engagement in most products is associ-
ated with an increased incidence of topping up, whereas only very specific products 
appear to be associated with the emergence of other behavioural markers of harm.

(c) Do Behavioural Markers of Harm Indicate Greater Risk for Certain Product Types?

A simple empirically based way to examine this question is to examine the average magnitude 
of the correlations presented in Table 2 for each of the gambling products (averaging across 
the columns). Figure 1 shows that the mean correlation (excluding the ‘removal or easing of 
RG settings’ marker which yielded no significantly meaningful correlations) was noticeably 
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higher for slots (a medium effect size, 0.34). The next small cluster of products were the live 
table games (except blackjack) and combination bets on sports (whether pre-event or in-play). 
All other activities had generally weak associations with the markers of harm, with most of 
the correlations being under 0.1 and therefore explaining less than 1% of the variance in the 
incidence of markers of harm. By comparison, the amount of variance explained by the num-
ber of days active on slots was over 11 times higher and 4 times higher for the next 3 ranked 
products.

Discussion

Overview

In this paper, we examined whether behavioural markers of harm varied depending on 
the numbers of days players were actively engaging in different gambling products. 
The analysis was intended to confirm the utility of the behavioural markers of harm as 
ways to identify products with a potentially higher risk profile, but also strengthen the 
relatively small evidence base relating to variations in the riskiness of different online 
products. The results showed that there were consistently larger associations between 
various behavioural markers of harm and the number of active days on specific gam-
bling activities. Specifically, short event frequencies (e.g. slots and in-play betting), bet-
ting on different permutations of more than one bet selection in a single transaction 
(i.e. combination bets) and, contrary to our expectations, engaging in live rather than 
simulated table games play were the three structural configurations of products which 
appeared more strongly associated with patterns of riskier play. This risk was inferred 
through evidence of behavioural markers of harm identified in previous research. These 
included a higher frequency of bonus seeking, topping-up balances with repeat deposits, 
gambling at statistically unusual hours and declined deposits because of a lack of funds 
or because of suspicious depositing behaviour. These findings suggest that behavioural 
markers empirically supported in other studies (e.g. Auer & Griffiths, 2022c; Brosowski 
et al., 2020; McAuliffe et al., 2022) as indications of potential individual risk may also 
have value in the assessment of product risk profiles. In effect, it may be possible to use 
behavioural markers as a method to profile which product types (either existing or pro-
posed for the market) have the potential to encourage riskier behaviours as the level of 
engagement increases.

Insights into Product Risk

The results confirm and build upon a small emerging literature relating to the appraisal 
of the relative riskiness associated with different gambling products. For example, Auer 
and Griffiths (2022c) found that products with a shorter event frequency (most notably 
online slots) tended to be associated with a higher frequency of bets per session and 
a higher theoretical loss. Slots also emerged as a more popular activity in higher risk 
gambling clusters identified by Dragicevic et  al. (2011) and in a major multi-operator 
study in the UK by Forrest and McHale (2022) who observed that around 60% of total 
revenue appeared to be derived from slot games. The high risks associated with slot 
games in online environments is borne out by a broader literature derived from land-
based studies (e.g. Brosowski et al., 2020; Delfabbro & Parke, 2021; Delfabbro et al., 
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2020; Dowling et al., 2005). Slot games have a very short event frequency (the interval 
between wager and outcome) which is often less than three seconds. The capacity to 
play quickly and continuously is thought to facilitate higher rates of expenditure per 
unit time (Auer & Griffiths, 2022c), encourage chasing (Parke et  al., 2016) and con-
tribute to a greater likelihood of impaired control and cognitive immersion into the 
activity (Dixon et al., 2017). In effect, people are more likely to lose track of time and 
expenditure when they play this type of game. In this study, it is important to note that 
the potential risks of slots may not necessarily be borne out just by inspecting average 
expenditure. Online slot games appear to be the most popular online activity in the UK 
by participation rates. The entry price of these activities is generally low and, as Forrest 
and McHale (2022) and this study also observed, the majority of people spent relatively 

Table 2  Spearman correlations between active days by product and potential markers of harm

All correlations greater than .01 are statistically significant, p < .05, due to the large sample size. The cor-
relations here were between the number of days active on each activity and the number of instances of the 
harm indicator in the 6-month period

Bonus 
page 
visits

Hours 
unusual 
times

Top-ups Removing or 
easing RG 
changes

Declined 
deposit (no 
funds)

Decline deposits 
(payment provider)

Sports subcategories
Single bets (in-play) .138 .210 .261 .057 .099 .064
Single bets (pre-

event)
.111 .142 .155 -.002 .017 .015

Multiple bets (in-
play)

.06 .129 .138 .039 .055 .047

Multiple bets (pre-
event)

.04 .136 .112 .011 .02 .009

Combination bets 
(in-play)

.166 .255 .359 .103 .190 .131

Combination bets 
(pre-event)

.174 .221 .347 .095 .154 .109

Less-established 
sports

.08 .271 .195 .03 .066 .043

Racing subcategories
Single bets .112 .013 .101  − .025  − .021 .003
Combination bets .096 .188 .220 .059 .082 .054
Casino subcategories
Roulette (live) .258 .232 .197 .084 .188 .149
Roulette (software) .082 .118 .115 .043 .105 .094
Blackjack (live) .089 .138 .118 .048 .096 .043
Blackjack (soft-

ware)
.072 .085 .071 .031 .051 .022

Other table games 
(live)

.248 .245 .193 .091 .192 .149

Poker subcategories
Poker (tournament) .052 .129 .067 .036 .066 .058
Poker (cash) .052 .129 .067 .036 .066 .058
Bingo .169 .165 .113 .054 .141 .121
Slots .396 .415 .304 .154 .302 .293
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low amounts and session length can often be short. In fact, as we show here, people may 
often spend more money on sports and other casino activities in single sessions. The 
issue with slots, however, is that slot play is more likely to transition from overall par-
ticipation to regular participation than some other activities (a higher conversion rate). 
Slots also appear to emerge more commonly in higher risk clusters of players because 
this product appears more likely to encourage higher levels of engagement amongst a 
percentage of higher risk individuals.

The observation that greater engagement in in-play sports betting emerged as being 
more strongly associated with risk indicators bears out the findings of several online 
tracking studies (e.g. Gainsbury et  al., 2020; Gray et  al., 2012; Hing et  al., 2017; 

Table 3  Negative binomial regression: predictors of the frequency of markers of harm based on the number 
of days active in each product category

All Wald statistics are significant, p < .001, except for poker tournament in the 2nd analysis (p < .05)

Behavioural markers and product cat-
egories

Coefficient Wald Incidence ratio 95% confidence interval

Visit to bonus pages
Roulette (live) .031 445.8 1.04 1.028–1.034
Other table games (live) .043 363.4 1.04 1.039–1.049
Slots .029 8128.3 1.03 1.028–1.030
Gambling at unusual hours
Slots .037 119.0 1.04 1.031–1.044
Combination bets on sports (in-play) .032 32.8 1.03 1.021–1.043
Poker (tournament) .007 6.2 1.01 1.001–1.012
Poker (cash) .023 29.1 1.02 1.015–1.031
Top ups during sessions
Slots .023 1523.3 1.02 1.022–1.025
Combination bets on sports (in-play) .027 216.9 1.03 1.024–1.035
Single bets on sports (in-play) .021 312.1 1.02 1.019–1.024
Less-established sports .008 16.0 1.01 1.004–1.012
Combination bets on racing .018 171.6 1.02 1.016–1.021
Roulette (live) .024 104.0 1.02 1.019–1.028
Combination bets on sports (pre-event) .025 344.9 1.03 1.022–1.028
Roulette (software) .020 30.9 1.02 1.013–1.027
Blackjack (live) .032 64.3 1.03 1.024–1.041
Combination bets on racing .023 660.3 1.02 1.021–1.025
Declined deposits (no funds)
Slots .037 4672.1 1.04 1.037–1.039
Combination bets on sports (in-play) .034 752.4 1.04 1.033–1.038
Roulette (live) .046 406.2 1.04 1.037–1.045
Combination bets on sports (pre-event) .016 257.7 1.02 1.014–1.019
Other table games (live) .029 95.1 1.03 1.024–1.036
Declined deposits (payment provider)
Slots .020 1912.3 1.02 1.020–1.021
Combination bets on sports (in-play) .025 880.6 1.03 1.024–1.027
Roulette (live) .020 143.8 1.02 1.017–1.023
Other table games (live) .012 24.1 1.01 1.007–1.018
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LaPlante et al., 2014; Nelson et al., 2022). Betting in-play may facilitate more impulsive 
or reactive gambling behaviour in comparison to betting prior to events. In-play betting 
is more dynamic, could involve spur-of-the-moment decisions about the progress of the 
betting event (e.g. who will score the next goal) and introduces micro-betting oppor-
tunities with very short event frequencies. Previous research by Hing et al. (2019) and 
Russell et al. (2019) found that impulsive betting on micro-events, often driven by pro-
motions, was the primary concern arising from their research, with most micro-betting 
being undertaken by people classified as problem gamblers by the PGSI. These findings 
are also consistent with research proposing that micro-betting can facilitate loss chas-
ing, a key feature of disordered gambling, by permitting immediate re-staking following 
rapid feedback on gambling outcomes (Parke & Parke, 2019).

We were also interested in how the configuration of sports bets (e.g. single, multiple, 
or combined) might be associated with riskier play. We generally found that combined 
bets were most related to markers of harm, multiple bets least related and single bets 
somewhere in-between. The finding that multiple bets posed fewer risks than other bet 
configurations is somewhat surprising when considered in the context of some of the 
previous literature. Their higher multiplier potential, larger prizes and overall higher 
margins (i.e. lower returns to player) might suggest a riskier product profile (Cornish, 
1978; Newall et  al., 2021). However, having other structural features such as a lower 
cost of play (single stake, lower bet size) and longer payout intervals (several months 
in some cases) (Newall et al., 2021), a multiple bet shares some structural similarities 
with some of the lowest risk products currently available, such as lottery tickets (see 
Delfabbro & Parke, 2021). It could also be speculated that this may be because more 
informed bettors think multiples offer poor value, or because at-risk and disordered 
gamblers regard these as too speculative (difficult to win, ineffective for chasing losses) 
and that combination bets provide a more realistic chance of winning. Accordingly, the 
higher relative risk of combination bets would make intuitive sense because they have a 

Fig. 1  Products listed in order 
by mean Spearman correlation 
with various markers of harm in 
Table 2

1 Slots 0.34
2 Combina�on bets on sports (in-play) 0.22
3 Other table games (live) 0.21
4 Roule�e (live) 0.20
5 Combina�on bets on sports (pre-event) 0.20
6 Single bets on sports (in-play) 0.15
7 Bingo 0.14
8 Combina�on bets on racing 0.13
9 Less established sports 0.13

10 Roule�e (so�ware) 0.10
11 Blackjack (live) 0.10
12 Mul�ple bets on sports (in-play) 0.08
13 Single bets on sports (pre-event) 0.09
14 Poker (tournament) 0.07
15 Poker (cash) 0.07
16 Blackjack (so�ware) 0.06
17 Mul�ple bets on sports (pre-event) 0.06
18 Single bets on racing 0.04
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relatively higher cost of play (multiple staking in a single bet; larger bet sizes required) 
and offer a higher probability of a win (i.e. shorter odds). We argue that this lends fur-
ther support to findings from previous studies (e.g. Xuan & Shaffer, 2009) showing that 
players chase losses by increasing stakes on more ‘probabilistically conservative’ bets 
rather than by taking a chance on a longshot. Ultimately, however, this is an area for 
further investigation potentially through more qualitatively focused analyses with cus-
tomers of gambling platforms.

Of the three table game categories in this analysis, roulette was the most popular 
and had the strongest relationship with the markers of harm. The relative higher risk 
posed online roulette has also been found elsewhere (Dragicevic et al., 2011). We also 
explored possible differences between live and software versions of table games. The 
rate of play in live table games is approximately two to three times slower because of 
the real human interaction involved in taking bets, dealing and collecting cards and the 
administration of multiple bets from multiple different players for each hand (much 
like in land-based casinos). As a result of the faster and more continuous game play, 
we expected the software versions to have a stronger association with the markers of 
harm. However, in all cases, we found the contrary—greater participation in the live 
table games was more strongly correlated with markers of harm. It could be that the 
characteristics of live table games elicit greater trust (outcomes are being determined by 
real cards and a real dealer rather than an algorithm), create a more realistic and pleas-
urable environment, and the presence of other players provide opportunities for both 
social interaction (through chat functionality), and a wider range of bet options such as 
‘behind betting’ (betting on another player’s blackjack hand). However, such specula-
tions would need to be subject to further empirical investigation.

More active betting days on ‘less-established sports’ were moderately associated 
with increased risk. This product’s high correlation with the behavioural marker ‘gam-
bling at unusual hours’ may suggest these risks reflect the availability of ‘less-estab-
lished sports’ rather than anything inherently riskier about betting on the sport itself. 
For example, in-play betting on a Premier League soccer game is unlikely to be avail-
able late at night for UK players, unlike the Russian table tennis market. Providing a 
very broad range of sports betting markets from a wide range of different time zones 
could provide people with gambling problems with a continuous opportunity to place 
sports bets at any given time, on any given day. As Newall et al. (2021) suggest, a high 
level of availability in sports betting could also facilitate loss-chasing because they can 
immediately move on to another sports bet following a loss.

Markers of Harmful Gambling

Although this study did not specifically focus on individual-level risk and draws inferences 
from the associations observed with higher risk products, it nonetheless adds support to the 
inclusion of several markers of harm both in future research and in player protection strate-
gies involving customer tracking. These markers include bonus page visits (Catania & Grif-
fiths, 2022 examined how often people asked the operator for bonuses); topping up balances 
during sessions (Auer & Griffiths, 2022c, f); playing at unusual times of the day (Forrest & 
McHale, 2022; McAuliffe et al., 2022; Price-Waterhouse Coopers, 2017); and declined depos-
its (McAuliffe et al., 2022). The first of these, bonus page visits, primarily refers to seeking 
account top-ups, free bets or free spins all of which may be subject to wagering requirements 
before account withdrawals are permitted. Theoretically, increased bonus-seeking behaviour 
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may indicate that a player is suffering from withdrawal, has depleted their own money or is 
attempting to chase losses. In studies of sports betting (e.g. Hing et al., 2018), being exposed 
to information about additional incentives or special offers has been found to be associated 
with the subsequent increases in the riskiness of gambling choices and the amount spent. The 
second, top-ups (i.e. repeat deposits in the same session), could be considered a sign of higher 
risk gambling because it may reflect loss-chasing (Auer & Griffiths, 2022) and could be indic-
ative of unplanned or unaffordable spending. The third indicator (gambling at unusual hours) 
is considered important because it may imply that the person is chasing losses or wins (i.e., 
trying to recover amounts lost or obtain a certain outcome), is finding it difficult to stop gam-
bling or is trying to conceal their gambling from significant others. Such behaviour may also 
reflect evidence of gambling-related harm in the form of sleep deprivation and its associated 
adverse effects on health (see Browne et al., 2016).

We looked at two different types of deposit declines. The first of these, deposits that are 
declined because individuals have no money left in their bank account, may indicate that peo-
ple are spending large and disproportionate amounts of their disposable income on gambling. 
While these kinds of declines occur relatively infrequently, they could possibly be indica-
tive of more serious forms of harm (i.e. the type of harm resulting from spending ‘every last 
penny’ on gambling). However, given the possibility that some people may have hold a differ-
ent or dedicated account for their gambling (i.e. other disposable income is kept in different 
accounts), the significance and usefulness of this specific marker should be further investi-
gated. The second type is deposits that are declined by the customer’s bank or payment pro-
vider because of suspicious activity which could, instead, be indicating harmful gambling 
behaviour. This is because activity which may be indicative of fraud (e.g. repeated deposits in 
quick succession; deposits at unusual times; or increasing, erratic or unusually large sizes of 
deposits) may also be indicative of loss of control, chasing and other behavioural features of 
disordered gambling.

Unlike in other studies (e.g. Catania & Griffiths, 2022; Gray et al., 2012), however, we did 
not find evidence that removing or easing RG settings was useful in differentiating product 
risks. This may be because this behaviour was rare and its significance is somewhat ambigu-
ous. For example, easing RG settings could reflect an improved ability to assume greater con-
trol over the gambling.

Limitations

As with most studies that rely upon operator data, it is important to acknowledge several 
important limitations. First, this study did not include any independent validation of risk or 
harm (e.g. PGSI scores) to examine whether the designated markers we used were related 
to higher risk gambling, although other studies (e.g. Auer & Griffiths, 2022e; Luquiens 
et  al., 2019; Price Waterhouse Coopers, 2017) show behavioural markers such as the 
number of deposits or gambling at night to be higher amongst people classified as prob-
lem gamblers on the PSGI. Second, when making inferences about the comparative risk 
of different products, it is not possible to determine whether there may be differences in 
the types of people who choose to gamble on some activities. In other words, if higher 
risk gamblers gravitate towards certain products (e.g. a late night sports bettor willing to 
bet on whatever is available), it is not clear whether the associations observed are due to 
differences in the product’s structural characteristics or the participants who choose those 
products. However, given that our findings are similar to other studies and slots (the high-
est ranked product for risk) had the highest participant rate, it seems less likely that the 



International Journal of Mental Health and Addiction 

1 3

result is solely due to ‘selection’ (i.e. the product is differentially chosen by higher risk 
gamblers). Slots, in fact, appeared to be popular amongst a wide range of players from 
those who played very low stakes on rare occasions to those who played larger amounts 
regularly. Third, it is important to acknowledge the limitation of single product analyses. 
As Brosowski et al. (2020) have observed, when studying the risk of products to individual 
gamblers, it is not just the exposure to single activities that is important. Instead, it may 
be important to examine the combined impact of different products on players. Multiple 
product use or the ‘breadth’ of gambling may be a stronger risk factor for harm (Gainsbury 
et al., 2015; LaPlante et al., 2014).

Finally, it is important to point out that these results are based solely on one operator in 
a single location. These data only give a ‘partial view’ of the individual’s pattern of gam-
bling activity, excluding other online operators and any land-based gambling. Also, results 
need to be generalized to other countries with caution. Other operators and countries may 
have different regulatory regimes, marketing and advertising rules and attract different 
demographic groups.

Conclusions and Implications

Online behaviour analysis has considerable potential to allow insights into the nature of 
gambling behaviour and whether certain products or structural characteristics are more 
likely to be associated with gambling-related harm. This work has the potential to offer 
important regulatory insights that may not be captured by standard risk assessment tools or 
prevalence or panel studies that rely upon self-report and volunteer samples. Here we con-
firm that greater engagement in activities identified in the literature as higher risk (shorter 
event frequencies, in-play sports betting or micro-betting) tends to have stronger associa-
tions with important risk indicators. We also extend the literature by showing further risk 
variations between different sub-categories of sports betting products, most notably, that 
some types of long-shot, accumulator bets (sharing some characteristics similar to a lottery 
ticket) pose less risk, whereas combination bets, which involve different permutations of 
outcomes of the same selection of bets, which increase the probability of a win, at greater 
financial cost, appear to pose greater risk. This suggests that studies of behaviour or real-
time tracking methodologies may have the potential to profile riskier products that emerge 
in the market, so that responsible gambling measures can be more carefully targeted to 
those products, or the people who have a high level of engagement in those products. 
Important future directions in this area include the need for further external validation of 
proxy measures of harm (e.g. through combining self-report and objective data) as well 
as a greater focus on within-samples analyses that examine how the behaviour of same 
individuals differs across products that have structural variations (e.g. Percy et al., 2021). 
Such analyses have the potential to understand the extent to which variations in risk-related 
behaviour is related to product as opposed to individual differences. Both regulators, opera-
tors and gambling research are likely to continue to benefit from ongoing research in this 
area as the popularity and accessibility of online gambling options continue to increase.
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