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Abstract

The Pareto effect (also known as the 80/20 rule) describes a skewed distribution of engagement
that is observed for many products. In this study, we investigated Pareto estimates for online
casino gambling, and tested their association with voluntary self-exclusion (VSE) as a marker of
gambling harm, and examined their sensitivity to varying time windows. We used one year of
betting data from the eCasino section of a provincially-run gambling website in British
Columbia, Canada. The data contained 30,920 account holders who placed at least one bet on the
platform from October 2014 to September 2015. The top 20% most engaged gamblers accounted
for 92% (based on total number of bets) and 90% (based on net losses) of eCasino gambling
activity over the year. The top 20% of online gamblers displayed higher levels of VSE enrolment
than the remaining 80% (total bets: 13% vs 7%; net losses: 16% vs 6%, respectively). Pareto
estimates increased with longer time windows, from one month to one year (total bets: 80% to
92%; net losses: 81% to 90%, respectively). This accumulation was driven by the relative loyalty
of the most engaged gamblers, coupled with the influx of new and more transient gamblers on a
month-to-month basis. These data strengthen links between concentrations of engagement with
online products and measures of harm, but also highlight the dynamic nature of these estimates.

One year estimates are preferable for estimating the degree of concentration.

Keywords: internet, problem gambling, behavioural tracking, expenditure, behavioural

addiction.



1. Introduction

The Pareto effect, also known as the 80/20 rule, refers to a well-known effect whereby 80% of
the revenue for many goods can be attributed to the top 20% most active consumers (the “vital
few”) (Mizuno et al., 2008; Pinto et al., 2012; Tom et al., 2014). The present study examines this
distribution of involvement for online casino gambling. In many jurisdictions, traditional forms
of gambling can now be accessed online, with an ongoing debate about the relative harms
associated with online gambling products (Effertz et al., 2018; Gainsbury, 2015; Papineau et al.,
2018). We examine characteristics of Pareto estimates in the context of an online casino platform
to understand whether the vital few are more likely to experience gambling harms, and whether

these estimates are sensitive to the timeframe of the dataset.

Research on disordered gambling has traditionally emphasized how a condition that affects only
a minority of the population (1 - 4%) typically accounts for a much larger segment of gambling
revenue (35% to 41%, in Orford et al., 2013; Tremayne et al., 2001; Williams & Wood, 2004a).
Gambling involvement, expressed in both monetary and non-monetary variables, scales dose-
dependently with gambling-related problems (Brosowski et al., 2015; Currie et al., 2009;
Markham et al., 2016). A recent analysis of self-reported spending on land-based gambling
supported the hypothesis that people with gambling problems contribute to the concentration of
gambling expenditure in a small number of highly-engaged consumers (Fiedler et al., 2019). The
distributional skew (operationalized by Fiedler et al as the Gini coefficient) for slot machines
was higher than the skews for other forms of gambling, and exceeded the 80/20 distribution
expected from the Pareto effect. Fiedler et al (2019) argue that the degree of concentration
indexes the ‘addictiveness’ of gambling products. An earlier analysis of the Pareto effect in a

state lottery -- widely regarded as a less harmful form of gambling -- found that the most active
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20% of lottery users accounted for just 65% of revenue (Clotfelter & Cook, 1990). This low
estimate may reflect the non-continuous nature of lotteries imposing natural limits on
consumption (Fiedler et al., 2019). Existing research on these distributional effects is hampered
by a reliance on self-reported expenditure, which is known to be unreliable among gamblers

(Braverman et al., 2014; Volberg et al., 2001).

Behavioural tracking of account-based data enables more accurate monitoring of gambling
expenditure. In an analysis of 55 million poker transactions from over 2 million online poker
players (Fiedler, 2012), the most active 10% of gamblers generated 91% of the ‘rake’ to the
operator. Using a dataset from the European bwin platform, Tom, LaPlante, and Shaffer (Tom et
al., 2014) calculated Pareto estimates for online sports betting and online casino games, using the
distributions for the total number of bets and net loss. For fixed odds sports betting, which was
the most popular mode of gambling on the platform, 80% of bets were placed by the top 18% of
gamblers, and 80% of spending was attributed to just the top 7% of gamblers. Thus, in both
studies (Fiedler, 2012; Tom et al., 2014), Pareto estimates for online forms of gambling exceeded

the typical 80/20 distribution.

To further substantiate the link between Pareto estimates and product ‘addictiveness’, the study
by Tom et al (2014) used a disordered gambling screening tool, the Brief Biosocial Gambling
Screen (BBGS), to test whether the vital few have increased levels of disordered gambling.
These data can arbitrate whether the vital few constitute a vulnerable group with gambling
problems, or ‘wealthy and healthy’ high rollers (e.g. Zeng & Forrest, 2009). For the spending
distribution, 53% of the vital few, compared to 26% of the residual group (the “trivial many”),
scored in the range for disordered gambling. Unfortunately, only 2% of the website subscribers

responded to the invitation to complete the BBGS, and more than a quarter of those scored in the
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range for disordered gambling, raising concerns regarding representativeness. The current study
uses an alternative marker of gambling harm. Voluntary self-exclusion (VSE) status is an
established proxy for disordered gambling in online gambling datasets, given the practical
challenges with deploying screening instruments on a gambling website (Deng et al., 2019;
Finkenwirth et al., 2020). VSE programs enable gamblers to bar themselves from gambling (via
online or land-based facilities) for set periods of time. Approximately three-quarters of VSE
individuals indicate disordered gambling on screening questionnaires (Hayer & Meyer, 2011b;
McCormick et al., 2018), and VSE is further related to financial and relationship difficulties, and

mental health problems (Kotter et al., 2018; Motka et al., 2018; Wardle et al., 2012).

In the present study, we examine the Pareto effect as an expression of these distributional
properties, and its association with VSE status, in one year of data from the provincial online
gambling platform for British Columbia (BC), Canada. We analyze data from the eCasino
section that includes online slot machines and table games. The first objective was to test
whether the top 20% of online gamblers displayed higher levels of engagement with the VSE
program. The second, more exploratory question was to examine how sampling windows
influence Pareto estimates. The Pareto estimate is a time-bound population parameter, and prior
work has derived estimates using varying timeframes, e.g. six months in Fiedler (2012) versus
one year in Tom et al. (2014). Time frames of assessment can exert a range of subtle influences
in research on gambling (Blaszczynski et al., 2008; Brosowski et al., 2015). We reasoned that if
the most highly engaged gamblers were more likely to return to a platform, Pareto estimates may
be higher for datasets that cover longer time periods. We tested this by assessing the temporal
stability of the Pareto estimates over an increasing window of data from one month to one year.

As a reliability check, we report analyses for both total number of bets and net loss, as non-



monetary and monetary expressions (respectively) of gambling intensity (see also Tom et al.,

2014).

2. Methods

2.1. Participants

The sample consisted of 30,902 account holders on the BC PlayNow.com online platform, who
placed at least one bet in the ‘eCasino’ section of the website between 1 October 2014 and 30
September 2015. PlayNow.com is operated by the British Columbia Lottery Corporation
(BCLC) (since 2004) and is the only regulated online gambling website in the province; access is
restricted to BC residents. The eCasino section comprises online slot machine games, table
games (e.g. roulette, blackjack), video poker, and other probability games. We have previously
reported that the eCasino section accounted for 97% of bets placed on the PlayNow platform
(Lesch & Clark, 2020). Within the eCasino, slot machines accounted for 73.8% of bets and
75.6% of spend (see Supplementary Table 2). In our sample, 2,465 users (7.98%) had a record of
enrolment in the BC voluntary self-exclusion program since opening their account. However,
based on the records we received, we could not differentiate users who had self-excluded prior to
the year under study (and whose self-exclusion had expired) from users who had enrolled in self-
exclusion during the year. We could also not differentiate people by length of enrollment. In

British Columbia, people can self-exclude for six months, one year, two years, or three years.

2.2. Procedures

The study protocol was approved by the Behavioural Research Ethics Board at the University of

British Columbia. As secondary data, we did not obtain direct consent; rather the user agreement



upon registering with PlayNow.com stated that customers’ gambling data may be shared with
third parties for research purposes. All betting-related variables, such as date, time, product, bet
amount, win amount, etc., were automatically recorded by PlayNow.com. Prior to data transfer,
the BCLC Data Analytics team assigned each user a unique and randomly generated ID number
that was linked to their betting behaviour. The data was stored on a secure server (Westgrid)
hosted in Canada and all data aggregations and analyses were performed on the secure server
through Datagrip, a Structured Query Language empowered database software. Data were

transformed into fixed point format prior to data analyses to avoid rounding errors.

The Pareto estimates were calculated for two alternative distributions: i) the distribution of the
total number of bets per user, ii) the distribution of the cumulative net loss per user. For the net
loss distribution, the net loss for each bet was first calculated by subtracting any amount won
from the bet size, such that a positive number indicates net loss. These net losses were then
aggregated for each user over the time period of the analysis. For both Pareto calculations, we
rank-ordered all users in the distribution, and we calculated the sum totals for the entire
distribution, and for the top 20% of the distribution (6,180 of 30,902 individuals). Thus, the
Pareto estimate for total number of bets was the percentage of the grand total of bets generated
by the top 20% of users. Calculation of the Pareto estimate for net loss was complicated by the
fact that some users recorded a net gain within the time period (n = 3,139 (10.16%) for the full
year, compared to n = 1,095 (3.54%) who broke even, and n = 26,668 (86.3%) who recorded a
net loss, see Supplementary Table 1). With a sufficient amount of net gain, the top 20% can

account for more than 100% of activity'. It is counterintuitive for a Pareto estimate to exceed
y

! As an example, assume the total loss of all users is 120 dollars, the loss of the top 20% users
is 100 dollars, and the total winnings of all users is 30 dollars. In this scenario, the net loss of all
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100%, so to impose an upper bound of 100% on the Pareto estimate, our primary analysis
excluded these net gain values from the grand total, effectively re-coding these values as zeros.
Using the full sample for both distributions also facilitates comparison of the Pareto estimates
and VSE proportions for the two variables. To test the impact of this decision, the
Supplementary Material shows the re-calculated Pareto estimates for net loss when 1) we include
these net gain amounts, and ii) when we reduce the overall distribution to only include the net

losers (i.e. the top 20% becomes 5,334 of 26,668 users).

We used chi-squared tests to determine whether the top 20% were more likely to have a VSE
flag than the remaining 80%. The 95% confidence intervals were constructed around the

difference in the VSE proportions by the top 20% and the remaining 80%.

3. Results

Our sample of 30,902 users generated over half a billion individual bets and sustained a total net
loss of over 55 million dollars over the year. Month by month activity and yearly totals are
shown in Table 1, and further one year descriptives are available in Supplemental Table 1. It is
unclear if the minor peak in activity in July 2015 reflects a regular seasonal cycle or a response

to external events, such as marketing.

users is 90 dollars, which is smaller than the loss incurred by the top 20%, leading to a Pareto
estimate of 111%. The risk of this inflation is also greater for short timeframes, see
Supplemental Table 4.



Table 1. Monthly activity statistics for the one year dataset

Month Active Users Numbers of Bets Net Loss
October 2014 11,456 42,835,566 4,403,086
November 2014 12,710 43,578,319 4,030,561
December 2014 11,808 45,603,331 4,792,050
January 2015 12,551 46,421,285 4,143,436
February 2015 12,481 43,814,648 4,176,757
March 2015 13,134 46,931,989 4,037,562
April 2015 12,514 47,771,336 4,651,408
May 2015 12,690 49,119,381 4,623,319
June 2015 12,384 46,023,852 4,529,954
July 2015 14,305 53,276,023 5,212,882
August 2015 12,896 50,732,714 5,383,193
September 2015 13,694 48,454,865 5,201,167
Grand Total 30,902 564,563,309 55,185,375

3.1. Rates of VSE in the Pareto Subgroups

Among the top 20% of users ranked on total numbers of bets (n = 6,180), 832 users (13.46%)
had a VSE flag. In the remaining 80% (n = 24,722), there were 1,633 users (6.61%) with a VSE
flag. The proportion with a VSE record was significantly higher in the top 20% compared to the

remaining 80% (difference = 6.85%, 95% CI1=5.94% - 7.76%, x:(1) =316.71, p <0.001).
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For the distribution of net losses, among the top 20% of users (n = 6,180), 1,007 users (16.29%)
had a VSE flag. In the remaining 80% of users (n = 24,722), there were 1,458 users (5.90%) with
a VSE flag. Again, this proportion was significantly higher in the vital few (difference = 10.39%,

95% CI=9.42% - 11.36%, xx(1) = 755.54, p <.001).

3.2. Stability of the Pareto Estimates by Timeframe

For total number of bets, the Pareto estimate based on active users within any single calendar
month varied from 78.45% to 81.95% (see Figure 1a and Supplemental Table 5). By contrast, the
Pareto estimate for the full year dataset was 91.8%. As shown in Figure 1a and Supplemental
Table 3, accumulative Pareto estimates increased steadily with the length of the data window,
from 80.29% on the first month of data (i.e. October 2014) to the 91.75% value for the entire

year. Visual inspection of the figure indicates some evidence of stabilizing at around 12 months.
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Figure 1. Pareto estimates (i.e. activity attributable to the top 20% most engaged gamblers,

plotted month by month (‘individual’) or as a function of an expanding time window

(‘accumulative’). Left: from the distribution of the total number of bets, right: from the

distribution of the total net loss.
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A similar pattern was observed for Pareto estimates based on the net loss. The estimates by
single calendar month varied from 80.6% to 81.7% (see Figure 1b and Supplemental Table 5),
whereas the Pareto estimate for the full year dataset was 89.9%. The accumulative Pareto
estimates increased steadily from 81.3% in the first month to the full year estimate (see Figure 1b

and Supplemental Table 4).

The one year Pareto estimates were comparable when the dataset was restricted to the online slot
machine products (see Supplemental Table 2). The accumulation effect by timeframe was also

observed in the top 1% most active users (see Supplemental Table 3 and Table 4).

Why does the Pareto estimate vary so much with length of data window? We tested two
underlying mechanisms, noting that these effects are not mutually exclusive. One possibility is
that the users in the top 20% are more likely to return the platform in the subsequent months. We
tested for this differential ‘loyalty’ of users, by calculating the percentage of users from Month 1
who placed bets in the eCasino in each subsequent month. The top 20% of users were indeed
more loyal to the platform, with approximately 80% still returning after 12 months, compared to
approximately 60% in the remaining users (see Figure 2a). We note that these loyal customers do
not necessarily continue to rank in the top 20% in each subsequent month. This difference was

confirmed by permutation test (p < 0.01).
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Figure 2. Left: the proportion of gamblers in the top 20% and residual 80%, based on the net
loss distribution, who return to the platform in each subsequent month. This figure illustrates the
differential loyalty of the “vital few’ over subsequent months. Right: the effect of the expanding
time window on the Pareto estimates for net loss, when restricted to the gamblers who were

active in the first month.

A flipside to the greater loyalty in the top 20% is an influx of new and potentially more transient
customers, on a month-to-month basis. To test the impact of this influx, we excluded new
customers from the accumulation analysis for net loss: we calculated the accumulating Pareto
estimates following only the users who gambled in the first month (n = 11,456). In this analysis
(see Figure 2b), the accumulating Pareto estimates remain remarkably stable, between 80.65%
and 81.51%. By inference, the accumulating effect in the main analysis is at least partly

attributable to the month-to-month influx of users that was excluded here.

4. Discussion

Account-based data from online gambling offer a powerful means of tracking behaviour from

individual gamblers over time. In this study, we explored distributions of involvement in a large
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dataset from the eCasino section of a Canadian provincial online gambling platform. In the one
year dataset, we observed that the top 20% in the distributions for total bets and net loss
accounted for 92% and 90% of activity, respectively. These estimates exceed the conventional
Pareto (80/20) rule. The top 20% of online casino gamblers displayed higher levels of VSE
enrolment than the remaining 80%. We observed a striking increase in the Pareto estimates as a
function of timeframe, from about 80% in one month of activity to about 90% in the full year.
This instability appeared to be driven by the relative loyalty of the top 20% of gamblers over

time, coupled with the influx of new and more transient gamblers on a month-to-month basis.

In our study, VSE status served as a marker for disordered gambling. Overall, 8% of our sample
had a record of enrollment in the provincial VSE program. Our study demonstrated that the VSE
rates among the top 20% of gamblers was approximately doubled (compared to the remaining
80%) for the distribution of total bets (13% vs 7%), and almost tripled for the distribution of net
loss (16% vs 6%). There is an indication here that the monetary variable (net loss) may be more
sensitive to VSE than the non-monetary variables (total bets), although our analysis plan did not
test for this formal interaction, and we note that prior research is inconsistent regarding these
differential sensitivities (Dragicevic et al., 2015; Finkenwirth et al., 2020; Gray et al., 2012).
These findings corroborate the conclusion by Tom et al (Tom et al., 2014) using the BBGS
screener, that the vital few on an online gambling platform comprise an elevated numbers of
problem gamblers, and challenge any argument that the vital few are merely ‘healthy and
wealthy’ high rollers (see also Zeng & Forrest, 2009). Our dataset used VSE records for all
active gamblers in the period under investigation, thus addressing the sampling bias in Tom et al

in which only 2% of bwin subscribers submitted the BBGS.
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This increased rate of VSE supports the assertion that the “vital few”” do manifest indicators of
disordered gambling. VSE programs have been implemented across many international
jurisdictions (Motka et al., 2018), and enrolling in VSE offers a concrete step towards controlling
excessive gambling. However, VSE also has limitations as a marker of disordered gambling (see
also Finkenwirth et al., 2020). VSE status in the current study was a lifetime record, and we
cannot distinguish gamblers who self-excluded during the period under investigation from those
with historic records prior to October 2014. A prospective study of future VSE can help resolve
this limitation and shed light on online behaviours that predate VSE enrolment. More broadly,
there are recognized caveats with VSE as a ‘proxy’ for disordered gambling, given that not all
VSE gamblers appear to display gambling problems, and many problem gamblers evidently do
not utilize VSE (Finkenwirth et al., 2020). Although VSE was significantly elevated in the top
20% in our data, the rates were still low in both subgroups. Nevertheless, our results support an
argument that Pareto distributions provide an indicator of the harmful potential of gambling

products.

Our observed Pareto estimates in the full year online gambling dataset exceed the classic Pareto
80/20 rule, and are broadly consistent with other Pareto estimates for forms of online gambling
(Fiedler, 2012; Tom et al., 2014). These estimates are markedly higher than revenue attributable
to the vital few in an analysis of land-based lottery sales (Clotfelter & Cook, 1990), widely
viewed as a less harmful form of gambling (Costes et al., 2018). These data support the argument
(Fiedler et al., 2019) that greater concentrations of consumption (i.e. in excess of the standard
80/20 rule) may be the sign of an addictive product. Whereas Fiedler et al tested this hypothesis
using survey data based on self-reported gambling expenditure, our analyses use tracked data of

online gambling activity. Nevertheless, further work is required to explore this hypothesis. We
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note that distributional analyses for consumption of drugs of abuse can approximate the 80/20
rule (the top 20% generate around 72% of alcohol sales (Stockwell et al., 2009) and 82% of
cannabis consumption(Callaghan et al., 2019)). Fiedler et al speculate that physiological limits
on consumption of alcohol and other drugs may inherently constrain the degree of distributional
skew. By extension, their hypothesis may apply primarily to gambling and other technological
addictions, given the potential for continuous consumption. We confirmed our Pareto estimates
for the online slot machine products specifically, as the modal form in the eCasino, but future
research comparing different online gambling product types is warranted. We also recognize that
other modelling techniques exist for characterizing distributional properties, including the Gini

coefficient (Fiedler et al., 2019; Pinto et al., 2012).

The accumulating nature of our Pareto estimates by timeframe was observed on the distributions
for total bets and net loss. A comparable effect was seen in the top 1% of users; for example, the
net loss value rises from 24% in one month to 30% in one year (Supplemental Table 4). The
effect could be attributed to two factors. The top 20% in Month 1 showed greater retention on the
platform over subsequent months. This tendency to return to the platform could reflect between-
session chasing as a key feature of disordered gambling. A recent 5 year longitudinal analysis
showed that chasing was the diagnostic item that best predicted increases in gambling severity
over a 5 year period (Sleczka & Romild, 2021). A consequence of the differential ‘loyalty’ is that
the vital few account for a greater proportion of activity in larger slices of data. Future analyses
may test to what extent this result depends on the breadth of gambling involvement, another
metric that is associated with disordered gambling (LaPlante et al., 2014; Papineau et al., 2018;
Philander & MacKay, 2014), but is likely to be under-estimated in our data due to the focus on

only the eCasino section. The second factor in our data was the influx of new gamblers in later
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months. When these users were excluded from our accumulation analyses, the increase in the
Pareto estimates with timeframe was blocked (see Figure 2b). Our interpretation is that the
regular influx of transient gamblers on a month-to-month basis also contributes to the
accumulation effect in the main analysis. While these dual influences of loyalty and influx may
be considered ‘two sides of the same coin’, we tested them in separate analyses, and we cannot
be sure to what extent these two influences fully account for the increase in the Pareto from about

80% to about 90%, or whether further factors may also play a role.

We do not regard this observed temporal instability of Pareto estimates as a flaw for these
metrics: Pareto estimates provide a snapshot of the distribution of involvement with a product,
but knowledge users should be aware of their sensitivity to statistical and temporal properties of
the data. Our results highlight a need to use consistent timeframes in order to compare Pareto
estimates across different forms of gambling or different jurisdictions (i.e. to compare ‘apples
with apples’). In the current study, the cumulative Pareto estimates showed some evidence of
stabilizing at around 90%, indicating that a one year timeframe may be optimal for future work
(see also Fiedler et al., 2019). Future research deriving Pareto estimates over longer timeframes

may be undertaken to confirm our findings.

Some further limitations should be noted. First, although account-based tracking enables
researchers to overcome inaccuracies in gamblers’ self-reported expenditure, it is possible that
gamblers may hold accounts on other online platforms (e.g. unregulated websites, in the
jurisdiction under study) and also engage in land-based gambling to varying degrees. Accounting
for these other forms could further influence Pareto estimates. Second, our analyses did not
include or control for age and gender as important demographic factors that could be associated

with either eCasino preferences or VSE (Dragicevic et al., 2015; Hayer & Meyer, 2011a). Third,
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net loss is an objective measure but remains subject to the game’s volatility, and other metrics
adjust the amount wagered by the house edge (e.g. ‘theoretical loss’, Auer & Griffiths, 2013).
Further progress in this area would be facilitated through increased access to other online

gambling datasets in the research community.

In conclusion, our findings are congruent with a contemporary public health perspective on
gambling, and provide insights into the distributions of engagement and harm in the specific
context of online casino gambling. In a one year dataset, we attribute roughly 90% of activity to
the top 20% of users, and on a month-to-month basis, our analyses begin to characterize the
patterns of movement in and out of the vital few. Given the association with VSE, one policy
implication is that online gamblers falling consistently in the top part of the distribution could be
excluded from marketing activities. Distributional analyses may have particular utility in the
context of online gambling and other forms of online spending because they can be calculated
with relative ease and objectivity using account-linked data. Our data substantiate a recent
hypothesis that concentrations of activity in excess of the classical 80/20 rule observed for many
goods (convenience stores, book sales, etc; Mizuno et al., 2008; Pinto et al., 2012) may be useful

in assessing the harm profile of online gambling products.
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Supplementary Materials

Supplemental Table 1. Sample Descriptives

Total Net loss (top | Net loss Net win Break even
20%) (other 80%)

Number of 30,902 5,334 21,334 3,139 1,095
users
Total net loss | 55,185,374.0 | 53,121,310.4 |5,970,849.36 |-3,906,785.75 | 0
(CAD) 7 6
Total number | 564,563,309 | 429,649,652 |101,277,556 33,561,338 74,763
of bets
Mean number | 18,269 80,549 4,747 10,692 68
of bets per
user
SD bets per | 217015.2 100,698.2 13,801.14 153319.1 303.72
user
Median 760 47,152 432 339 20
number of
bets per user
Mean wager | 4.33 7.74 3.25 6.63 2.25
per bet
(CAD)
SD wager per | 13.89 14.81 7.71 19.40 3.25
bet
Median 1.42 1.98 1.26 2.00 1.00
wager per bet
(CAD)
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Mean net loss
per user
(CAD)

1,785.82

9,959.00

279.87

-1,244.60

SD net loss
per user

8749.39

15,473.34

408.56

14,373.55

Median net
loss per user
(CAD)

99.44

4,820.30

86.86
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Supplemental Table 2. One year descriptives and Pareto estimates restricted to the slot machine
products on the platform, as the modal product category

Variable Slot machines

Total users 23,240

Number of bets 416,477,565
(73.77%)

Net loss ($) 41,692,510.77
(75.55%)

Average net loss per | 0.10
bet ($)

Pareto estimate 89.07%
(total number of
bets)

Pareto estimate (net | 91.75%
loss)
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Supplemental Table 3. Accumulative Pareto Values based on number of bets

Month Top 20% Top 1%
1 80.29% 18.63%
2 84.58% 19.57%
3 86.44% 20.32%
4 88.07% 21.48%
5 89.15% 22.51%
6 90.05% 22.94%
7 90.49% 23.04%
8 90.87% 23.19%
9 91.13% 23.37%
10 91.38% 23.52%
11 91.49% 23.60%
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12 (annual)

91.75%

23.89%
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Supplementary Table 4. Accumulative Pareto Values based on net loss

Number of Top 20% Net Loss Top 20% Top 1%
months (primary users only (net gains

analysis) included)
1 81.34% 81.34% 103.18% 23.75%
2 83.68% 83.68% 100.60% 27.60%
3 85.21% 85.21% 97.84% 28.56%
4 86.61% 86.60% 99.80% 29.16%
5 87.36% 87.36% 98.64% 29.52%
6 88.03% 88.03% 100.11% 29.71%
7 88.45% 88.45% 99.45% 30.20%
8 88.85% 88.85% 99.38% 30.17%
9 89.19% 89.19% 98.19% 30.45%
10 89.49% 89.49% 99.96% 30.30%
11 89.65% 89.65% 99.23% 30.37%
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12 (annual)

89.87%

89.90%

98.67%

30.45%
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Supplemental Table 5. Pareto Values based on Individual Months

Month Number of Bets Net Loss
October 2014 80.29% 81.34%
November 2014 81.78% 81.48%
December 2014 80.69% 81.45%
January 2015 81.95% 81.64%
February 2015 81.70% 81.03%
March 2015 81.29% 81.49%
April 2015 79.71% 80.58%
May 2015 79.71% 80.98%
June 2015 79.62% 80.85%
July 2015 80.00% 81.74%
August 2015 78.45% 80.79%
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September 2015

79.85%

81.53%
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