


of gambling problems over time. In addition to individual
dispositional variables (vulnerability factors, cognitive
fallacies, etc.), first onset of gambling problems was
associated strongly with more frequent and heavier
gambling involvement at baseline [7,8].

There has been considerable interest among re
searchers to study the ‘dose response’ relationship be
tween gambling intensity and associated harms [11 14].
Research shows clearly that the more one gambles, the
greater the likelihood of harm. This finding parallels the
wealth of empirical data amassed during the last 30 years
on the relationship between alcohol consumption and risk
of health consequences and social harm [15 18]. This re
search was instrumental in the formation of the low risk
drinking limits promoted in many countries to help
drinkers moderate their consumption [19]. While
alcohol related harms are defined generally as physical
health conditions arising from excess consumption (e.g.
cancers, diseases of various organ systems, neurological
conditions), the definition of harmwithin the context of ex
cess gambling has been more difficult to standardize. An
Australian team of researchers recently undertook a com
prehensive study of gambling related harms. In their re
port, Assessing gambling-related harm in Victoria: a public
health perspective [20], a taxonomy of seven categories of
gambling related harms is proposed: financial harm; rela
tionship disruption, conflict or breakdown; emotional or
psychological distress; physical health problems; cultural
harm (e.g. not meeting social expectations); reduced per
formance at work or study; and criminal activity.

Our research team has investigated how the dose
response relationship between gambling intensity and
harm can be used to establish low risk gambling limits
[11]. This research has used cross sectional survey data
from national and regional gambling prevalence studies to
identify the optimal threshold for minimizing harm. Using
this method, the low risk limits derived from cross sectional
data were gambling no more than three times per month,
spending no more than $1000CAN per year, and spending
nomore than 1% gross household income on gambling. Ex
ceeding these limits was associated with a significant in
crease in the risk of harm independent of other known
predictors of problem gambling. These limits were validated
in a subsequent study using a different data set [21].

Weinstock and colleagues developed a similar set of
moderate gambling limits for pathological gamblers (once
per month or less; spending no more than 2% income on
gambling) that differentiated problem free and symptomatic
gambling reliably [12]. A more recent investigation involv
ing media recruited adults including individuals with a di
agnosed mood disorder identified the optimal cut offs for
avoiding harm from gambling. Using the same definition
of harm employed by our research group (reporting two
or more consequences of gambling), the optimal low risk

limits were considerablymore conservative than other stud
ies: gambling no more than once per month, spending less
than 23 minutes gambling per session and spending less
than $25US per month [13]. Conservative limits were also
reported in a German cross sectional investigation involving
a representative sample of more than 15000 adults. Gam
bling more than 11 days in the past year increased the risk
of harm significantly (defined by endorsing one or more
DSM 5 symptoms for gambling disorder) after accounting
for age and other demographic characteristics [14].

Although these findings support the overall validity of
the low risk gambling limits, the proposed limits were all
derived from cross sectional survey data. For the present
investigation, we sought to derive a new set of low risk
gambling limits from longitudinal data collected in two in
dependently conducted population cohort studies of gam
bling habits. The specific goals of this research were to:
(1) derive optimal low risk cut offs for gambling frequency
and expenses using longitudinal data; (2) compare the
limits with those derived from cross sectional data; and
(3) estimate the risk of future harm if gamblers exceed
any of the low risk limits.

METHOD

Leisure, Lifestyle and Lifecycle Project (LLLP)

The LLLP, described in detail in other sources [22,23], was
a prospective 5 year panel study of 1808 adolescents and
adults living in rural and urban Alberta. Briefly, data were
collected during four waves (covering the years 2006 11)
onmultiple factors theoretically linked to the aetiology and
natural progression of gambling habits. Datawere collected
using a combination of face to face, telephone and on line
methods. Random digit dialling (RDD) recruited partici
pants from the general population in Alberta as well as a
proportion of individuals who were likely to develop gam
bling problems during the longitudinal follow up period
(individuals who were above the 70th percentile in gam
bling expenditure or frequency based on national popula
tion data). Additional RDD sampling and media
recruitment was used to recruit the ‘at risk’ gambling sam
ple (n 524; 29%). Participants completed a battery of
self report and administered tests covering gambling, sub
stance use, personality, intelligence, mental health, life
events and social environment. The present study uses
data on 809 adults who reported gambling at time 1, com
pleted the time 2 assessment and had valid data for
gambling related harms. The attrition rate between times
1 and 2 in the LLLP was 17%.

Quinte Longitudinal Study (QLS)

The QLS was initiated at the same time as the LLLP [8]. It
recruited 4123 Ontario adults from the Quinte Region in
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southeastern Ontario, Canada. The time frame (also
2006 11), goals and content of the baseline and follow
up assessments were very similar to the LLLP. Sampling
was also performed via RDD within the Quinte region. Al
though adolescents were not recruited, a similar propor
tion (26%) of adults with ‘at risk’ gambling
characteristics (defined as spending at least $10 per month
on gambling in the past year or engaging in slot machines
or horse racing) was recruited during the initial wave of
RDD. With the intention of matching the LLLP sample,
the present study focused on adults who reported gambling
at time 1, participated in the time 2 data collection and had
valid data for gambling related harms (n 3054). The rate
of attrition between times 1 and 2 in the QLS was 4%,
much lower than the LLLP, although both studies
employed a similar rate of remuneration for participants
(QLS: $50CAN versus LLLP: $75CAN for initial assess
ment). The interval between the start of each assessment
was 12 months in QLS and 19 months in LLLP.

Assessment of gambling

Although both studies included a battery of assessment
measures, our primary interest was the data collected on
gambling activities (the intensity and breadth of gambling
habits) and gambling related harm. Data on gambling ex
penditures were comparable in the QLS and LLLP. Partici
pants were asked to estimate over the past year the
amount spent on each form of gambling in a typical
month. The total expenditure on all forms of gambling
was estimated by summing the expenditures for the indi
vidual gambling formats. For the statistical analysis, nega
tive values (representing self reported losses) were
converted to positive and the positive values (indicating
wins) recoded as zero, reflecting that the participant spent
no money on gambling during the reference period. The
percentage of income spent on gambling was calculated
by dividing the total expenditure for the month by the par
ticipant’s gross monthly household income (to amaximum
of 100%).

Frequency of gambling was also assessed separately for
each gambling format. The original Canadian Problem
Gambling Index (CPGI) seven point categorical scale [24]
used in the LLLP was converted to a quantitative scale to
estimate number of gambling days each month (1 5
times/year 0.25 days; 6 11 times/year 0.5 days; 1
time/month 1 day; 2 3 times/month 2.5 days; once
per week 4 days; 2 6 times/week 16 days, or;
daily 30 days). The QLS used a different categorical scale
that was also converted to a quantitative value
representing the number of days gambled per month (less
than once a month 0.5 days; once a month 1 day;
2 3 times a month 2.5 days; once a week 4 days;
2 3 times a week 10 days; 4 or more times a

week 16 days). The maximum frequency of gambling
was calculated by summing the frequency values for the
individual gambling formats resulting in a value ranging
from 0 to 30 times per month. This resulted in a composite
measure that reflected the number of days in a typical
month the individual reported gambling. For all measures,
the reporting period was the last 12 months.

Gambling related harms were assessed using the Prob
lem Gambling Severity Index (PGSI), a nine item scale that
assesses consequences and behavioural symptoms of prob
lem gambling in the past 12 months. Although total PGSI
score is reported for descriptive purposes, the main analy
ses used to determine the low risk limits did not use the
PSGI scoring categories. Only the seven PGSI items
pertaining to consequences were used: feeling guilty, bet
ting more than can afford, recognition of a problem, health
problems, financial problems, being criticized by others and
borrowing money to gamble. Each consequence was
scored dichotomously (0 never; 1 sometimes, most of
the time or almost always), with harm defined as having
a total score of two or higher. The time frame for all items
was the past 12 months. In previous work we found this
definition of harm to have the best psychometric properties
[highest area under the curve (AUC), sensitivity and speci
ficity values] compared to alternative definitions [25]. Al
though not as comprehensive as the Victorian taxonomy,
the abbreviated list of PGSI consequences covered harms
in the financial, relationship and health domains. We also
rationalized that individuals endorsing gambling related
problems in two different domains could be viewed reason
ably as beginning to experience harm related to their gam
bling. Using this scoring, the respondent needs to report at
least two consequences of gambling in the past 12 months
to experience harm. The internal consistency (Cronbach’s
alpha) for this subset of PGSI items was adequate in both
the LLLP (0.80) and QLS (0.79) samples.

Data analysis

Sampling weights were developed for the LLLP but not the
QLS, therefore all analyses were conducted on the un
weighted data for both samples. Risk curves were calcu
lated separately for the principal dimensions of gambling
intensity: frequency of any gambling (days) in a typical
month; typical expenditure (net loss) on all forms of gam
bling in a month; and percentage of gross monthly house
hold income spent on all forms of gambling in a month.
Gambling intensity values at time 1, which represent typi
cal monthly activity for the past year, were plotted against
the proportion reporting two or more harms from gam
bling at time 2 (the reference period was also the last year).
Group categories of approximately equal size were created
for gambling frequency, expenditure and percentage of in
come and used for the x axis on each risk curve.
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For comparison purposes, the risk curves and optimal
cut offs were also calculated for the time 1 cross sectional
data (intensity of gambling at time 1 predicting harm at
time 1). Curves were first plotted for men and women sep
arately, but similar to prior studies [21] there were no dis
cernible gender differences, hence only the combined
analyses are reported. Similarly, risk curves for younger
versus older gamblers (based on a median split) showed
no differences.

The optimal low risk limit for gambling participation
was identified using receiver operating characteristic
(ROC) analysis.With this approach the performance of var
ious cut off levels over the complete range of non zero
scoreswas tested. The AUC, a general index of the accuracy
of prediction, was computed along with the 95% confi
dence interval (CI) around the estimate [26]. The nominal
AUC value was assessed against established interpretative
guidelines: 0.5 0.7 ‘low accuracy;’ 0.7 0.9 ‘moderate
accuracy;’> 0.9 ‘high accuracy’ [27]. In one set of anal
yses, the optimal cut off score for each parameter was cho
sen based on the Youden Index [28], an approach designed
to maximize the discrimination between the presence or
absence of harms, giving equal weighting to sensitivity
and specificity. For some parameters, this resulted in very
low specificity values (< 0.50). Therefore, an alternative
method was employed in which chosen cut offs maximized
sensitivity while maintaining specificity at 0.70 or higher.

As a final step, a logistic regression model was used to
estimate the odds of experiencing future harm if a gambler
exceeds each threshold. The cut offs were entered into the
models together to show the power of prediction for each
cut off independent of the other thresholds. We also esti
mated the odds of future harm if a gambler exceeded any
of the limits, and if a gambler exceeded all three low risk
limits.

RESULTS

Differences in study samples

Table 1 compares the demographic characteristics of the
LLLP and QLS samples. The most notable differences in
the samples were age and marital status. The LLLP sample
was on average 6 years younger and had a much higher
proportion of single individuals. The two samples were very
similar in terms of gambling characteristics.

Optimal cut offs determined from cross sectional data

The results of the receiver operating characteristic (ROC)
analysis using the cross sectional (time 1 only) data are
shown in Table 2. The optimal cut offs for frequency, expen
diture and proportion of income spent on gambling were
similar in the LLLP and QLS samples. The overall strength
of prediction was better in the LLLP sample. The strength

of prediction for our original low risk limits, the Quilty
et al. study (also conducted on Canadian gamblers) and
the LLLP samples fell in the moderate accuracy range. The
optimal cut offs from the LLLP and QLS are notably higher
than the cut offs derived from our original work. For exam
ple, the low risk limits for frequency and percentage of in
come were two times higher in the LLLP and QLS studies
compared to the original limits derived from a large cross
sectional national survey. The limits were also substantially
higher than those reported by Quilty and colleagues [13].

Optimal cut offs determined from longitudinal data

The optimal limits were re calculated using the longitudi
nal data from the LLLP and QLS. The risk curves for each
gambling parameter are shown in Fig. 1. The overall shape
of the dose response relationship for each parameter is
similar in the LLLP and QLS samples. The amplitude of

Table 1 Leisure, Lifestyle and Lifecycle Project (LLLP) and Quinte
Longitudinal Study (QLS): demographics and gambling
characteristics at time 1.

Variable

n (%) or mean (SD)

QLS
(n = 3054)

LLLP
(n = 809)

Gender
Male 1432 (46.9) 348 (43.0)
Female 1622 (53.1) 461 (57.0)

Marital
Single 352 (11.5) 301 (37.2)
Married/common law 2199 (72.0) 408 (50.4)
Separated/divorced/widow 503 (16.5) 98 (12.4)

Ethnicity
Caucasian 2625 (86.0) 742 (91.4)
Non Caucasian 429 (14.0) 63 (8.6)

Work
Employed/student 2043 (66.9) 587 (72.6)
Unemployed/retired/ disability 1011 (33.1) 222 (22.4)

Age
Mean (SD) 46.4 (13.7) 39.9 (16.8)
Median 46 43

Moderate risk/problem gamblers
(PGSI ≥ 5)a

116 (3.8) 29 (4.0)

Gambling intensity
Mean monthly net win/loss
(SD)

$CAN113.3
(250.1)

$CAN162.3
(594.9)

Median monthly net win/loss $CAN36 $35CAN
Different forms of gambling
played (median)

3 2

Play EGMs 2 3 times monthly
or more (%)

5.5 4.8

Play casino games 2 3 times
monthly or more (%)

1.5 2.6

aScored based on revised rules [36,37]. SD = standard deviation; PGSI =
Problem Gambling Severity Index; EGM = electronic gaming machines.
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the risk curve for percentage of income is noticeably higher
for the QLS sample. The proportion of the QLS sample
reporting harm was higher than the LLLP sample at the
same level of gambling participation. The opposite trend
is evident for frequency of gambling the LLLP sample
shows higher proportions of individuals reporting harm
than the QLS sample at the same level of gambling fre
quency. For all three risk curves, the change in slope occurs
at approximately the same point for each sample. For ex
ample, the risk of experiencing harm increases visibly for
both LLLP and QLS gamblers at the same point along the
continuum of percentage of income spent on gambling.

Table 3 identifies the actual cut offs that optimally pre
dict future harm from gambling based on the ROC and
sensitivity specificity analyses. Compared to the cross
sectional results in Table 2, the strength of prediction is
lower when time 1 gambling behaviour is used to predict
harm at time 2. All the AUCs reflected low predictive accu
racy. After ensuring that specificity values are at least 0.70,
the optimal limits for frequency diverge in the LLLP and
QLS data sets (six times per month versus 10 times per
month) and percentage of income (2 versus 1.4%). The op
timal limits for expenditure per month are similar in both
data sets.

Estimating risk of future harm when low risk limits are
exceeded

The mid point between the QLS and LLLP derived limits
(frequency 8 times per month; expenditure $75CAN
per month and percentage of income spent on gam
bling 1.7%) was used as the cut off in the logistic re
gression models for estimating the odds of experiencing
future harm (shown in Table 4). Gambling above each
of the low risk gambling limits predicted harm indepen
dently at time 2 in both the QLS and LLLP for all

parameters except percentage of income in the QLS data
set, which was borderline significant. The overall strength
of prediction was higher in the LLLP (R2 0.17) than
the QLS (R2 0.11). Models were also created to assess
the future risk associated with exceeding any of the
low risk gambling limits. In the LLLP, 40% of gamblers
exceeded at least one of the limits at time 1 and 7%
exceeded all three limits. Gamblers who exceeded at
least one limit at time 1 were 4.4 times more likely to
report harm at time 2 [95% confidence interval
(CI) 2.9 6.6; R2 0.11]. In the QLS, 41% of gamblers
exceeded at least one of the limits at time 1 and 11%
exceeded all three limits. Exceeding any low risk limit at
time 1 increased the risk of harm at time 2 by a factor
of 3.7 (95% CI 2.9 4.7; R2 0.08).

DISCUSSION

Low risk limits derived from longitudinal data

The main purpose of this study was to derive a new set of
low risk cut offs for gambling using longitudinal data col
lected in two similar but independently collected samples.
The relationship between gambling intensity and risk of fu
ture harm was remarkably similar in both studies. Based
on the results from both samples the optimal low risk limit
for expenditure is approximately $75CAN per month, for
percentage of household income is approximately 1.7%
and for frequency is eight times per month. Each of the
low risk limits predicted future harm independently, with
odds ratios ranging from 1.5 to 3.6. Gamblers who exceed
any low risk limit are four times more likely to experience
future harm.

In contrast to previous risk curve analysis for gam
bling, the shape of the dose response relationship was
distinctly J shaped for both samples. The J shaped curve

Table 2 Performance of optimal cut points: cross sectional derived limits.

Original low risk cut-offsa
Community and clinical
sample (n = 503)b QLS LLLP

Frequency
AUC 0.81 0.86 0.69 0.80
Optimal cut off 2 3/month Once/month 7/month 6 times/month
Sensitivity/specificity 0.88/0.59 0.91/0.99 0.69/0.71 0.64 / 0.85

Dollars spent
AUC 0.81 0.82 0.67 0.82
Optimal cut off $CAN501 1000/yearc $CAN240.5/month $85CAN/month $CAN108/month
Sensitivity/specificity % gross income 0.78/0.70 0.83/0.78 0 58/0.75 0.73/0.80

AUC 0.79 0.66 0.81
Optimal cut off 1% 20.7% 20.1%
Sensitivity/specificity 0.74/0.74 0 58/0.77 0.72/0.79

aCurrie et al.; bQuilty et al.; cequates to CAN$42 83 per month. AUC = area under the curve; QLS = Quinte Longitudinal Study; LLLP = Leisure, Lifestyle and
Lifecycle Project.
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Differences in low risk limits when derived from
cross sectional versus longitudinal data

Compared to the low risk limits derived from cross
sectional data, the overall strength of prediction is lower
when longitudinal data are used. One notable difference
that could account for the drop in accuracy is the introduc
tion of additional sources of variance. Using cross sectional
data, a significant source of variance is measurement error
associated with the dependent and independent variables.
With longitudinal data, we introduce a new source of
error the natural instability of gambling behaviour and
associated harm. Both gambling behaviours and level of
gambling problems are known to fluctuate over time
without intervention [9,29]. This may account for the
reduction in AUC and sensitivity/specificity values.We also
acknowledge that harms appearing at time 2 may be due
to changes in gambling behaviour that occurred after the
time 1 assessment. With the interval between assessments
being 12 and 19 months, there is no way to link time 2
harms definitively to the earlier assessment.

The optimal limits were higher when derived from lon
gitudinal data. Several reasons are possible. One plausible
explanation is that the level of gambling expenditure has

to be significantly higher to have an enduring harmful
impact a year later compared to the level of expenditure
needed to have an immediate impact. The deliberate
inclusion of a high proportion of at risk gamblers who have
a higher level of gambling expenditure could also explain
the more liberal limits. We also modified the statistical
criteria for establishing the optimal cut off, giving more
weight to the specificity value to lessen the false positive
rate. The resulting limits were higher than previous
studies. Another contributing factor is probably the
improvements made in the assessment of gambling inmore
recent population studies. Gambling expenditure was
assessed for each game type in the QLS and LLLP, whereas
a singular question for all gambling expenditure was asked
in the national survey data that was used to derive the
original low risk limits. This latter approach has been
shown to underestimate actual gambling expenditure
[30]. In addition, a large sample of low intensity gamblers
were excluded from answering the PGSI harm questions
because of a controversial skipping rule employed in the
national survey [31]. The overall similarity in both the
shape of the risk curves and optimal low risk limits
suggests that the present longitudinal findings may be
more accurate for most gamblers.

Predicting future harm from low risk limits

The weak predictive power was also evident in the regres
sion models. Exceeding the low risk limits at time 1
accounted for less than 20% of the variance in self reported
harm at time 2. Although low, the proportion of variance
explained is comparable to other population based studies
predicting harm from gambling behaviour [11,21,32].
Furthermore, the fact that two independent studies pro
duced similar low risk limits and odds ratios strengthens
the validity of the findings. The QLS and LLLP samples dif
fered in size and geographic representation; however, the
gambling profile of participants was comparable. In terms
of other sources of variance, theoretical models of aetiology
propose that many factors influence whether an individual
will experience harm from their gambling habits. In the
multivariate model of aetiology developed from the LLLP

Table 3 Performance of optimal cut points: longitudinal derived
limits.

QLS LLLP

Frequency
AUC (95% CI) 0.66 (0.63 0.70) 0.69 (0.63 0.74)
Optimal cut off 10 times/month 6 times/month
Sensitivity/specificity 0.49/0.70 0.45/0.85

Dollars spent
AUC (95% CI) 0.67 (0.63 0.70) 0.73 (0.67 0.78)
Optimal cut off $86CAN/month $65CAN/month
Sensitivity/specificity 0.64/0.71 0.68/0.71

% gross income
AUC (95% CI) 0.66 (0.63 0.69) 0.74 (0.69 0.79)
Optimal cut off 2% 10.4%
Sensitivity/specificity 0.72/0.70 0.66/0.73

AUC = area under the curve; CI = confidence interval; QLS = Quinte
Longitudinal Study; LLLP = Leisure, Lifestyle and Lifecycle Project.

Table 4 Results of logistic regression: odds of experiencing future harm (time 2) in gamblers who exceed the low risk cut offs at time 1.

QLS LLLP

Predictor OR 95% CI P OR 95% CI P

Gamble more than 8 times a month 1.7 1.3 2.2 0.000 2.3 1.3 3.8 0.003
Spend more than $75CAN /month 2.7 1.9 3.7 0.000 1.9 1.1 3.3 0.031
Spend more than 1.7% income on gambling 1.4 1.0 2.0 0.057 3.1 2.0 5.0 0.000
Model R square 0.11 0.17

CI = confidence interval; OR = odds ratio; QLS = Quinte Longitudinal Study; LLLP = Leisure, Lifestyle and Lifecycle Project.

Low-risk gambling limits 2017

© 2017 Society for the Study of Addiction Addiction, 112, 2011 2020

COM.0013.0005.0056



and QLS data sets, negative changes in personal circum
stances (e.g. increase in stressful life events) in one
time period led to both increased gambling behaviour and
gambling problems in the subsequent period [7,8].
However, the personality trait impulsivity and mental
health problems (depression and anxiety) predicted future
gambling problems independently of a change in gambling
involvement. It will be important for future research to
examine how these characteristics interact with the low
risk limits. Similar to the low risk drinking limits, it may
be necessary to set additional guidelines and cautionary
statements for more vulnerable populations.

Predicting future harm from current behaviour is gen
erally more difficult, but the method has more external va
lidity. Although cross sectional analysis leads to more
robust results, the approach suffers from the inherent bias
that both the exposure and outcome variables are mea
sured at the same point in time. The study is important be
cause it provides the first direct validation of the predictive
power of low risk gambling limits. The findings are also an
important extension of the theoretical model of the etiology
of problem gambling developed from the QLS/LLLP studies.
The present data demonstrate that the intensity of gam
bling activity as measured by frequency and expenditure
is predictive of general indicators of harm in addition to
problem gambling. The study also suggests that safe levels
of gambling can be defined, a finding that has implications
for public health models aimed at prevention.

Limitations

Subtle differences in the gambling participation questions
across surveys required us to recode data on frequency
and expenditures to ensure that the dose response curves
were comparable. To construct a meaningful estimate of
gambling expenditure that could be analysed, it was neces
sary to re code self reported profits as zero. The reliability
and validity of self reported gambling expenditure is only
moderate, and an ongoing limitation of the present method
used to construct low risk limits [33]. Nevertheless, the
question wordings and data cleaning procedures (e.g.
converting wins to zero) used in the present analysis are
known to produce the best match with diary amounts
and actual jurisdictional gambling revenue [30]. Data
availability in both samples restricted our analysis to only
three dimensions of playing intensity (frequency, expendi
ture and portion of income. Other research teams have ex
plored additional quantitative dimensions of gambling
behaviour, including duration of play [12] and number of
different gambling formats [14]. Percentage of income
spent on gambling is arguably the best dimension of gam
bling behaviour, because it puts losses into the context of
the individual’s financial means. Nonetheless, the wide va
riety of gambling types andwageringmethods has proved a

serious barrier to research on this topic. Unlike the stan
dard alcohol drink, there is no meaningful standard unit
of gambling. The interval between wager and outcome
varies considerably across gambling formats from a matter
of seconds (e.g. slot machines) to days (e.g. lottery). Hence,
the degree of inherent risk can vary substantially across
gambling formats, even at the same level of gambling in
tensity. The development of game specific limits, the ap
proach taken by a recent German study for electronic
gaming machines (EGMs) and poker [14], may be the only
way to resolve this limitation in gambling research.

Despite the low accuracy of prediction there remains
potential value of low risk limits as a prevention or public
education tool. Low risk guidelines can serve as quantita
tive reference points to inform gamblers of the relative
risk if they choose to exceed them. Most gamblers who
attempt to control their gambling actively do so by setting
time and monetary limits [34]. Like the low risk drinking
guidelines, not all gamblers who exceed the limits will ex
perience harm. Conversely, staying below the limits does
not provide complete protection from future harm. It will
be important for any public health messaging to incorpo
rate such limitations to avoid giving gamblers a false
sense of security. Approximately 60% of gamblers in the
QLS and LLLP studies stayed below the low risk limits.
By comparison, approximately 79% of Canadians who
consume alcohol stay within the low risk drinking limits
[35]. The limits proposed in the current study require
further validation with other longitudinal studies to
determine if (1) the overall strength of prediction can be
improved and (2) the proposed cut offs predict future
harm in a novel data set.
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