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A B S T R A C T   

There is some uncertainty on how to best conceptualise and measure problem gambling and debate as to whether 
it is helpful to differentiate the behavioral features of problematic gambling from the negative consequences of 
gambling. The current study explores this issue by examining the factor structure of a commonly-used problem 
gambling measure, the Problem Gambling Severity Index (PGSI), as administered to respondents in the 2018 
Northern Territory Gambling Prevalence and Wellbeing Survey (n = 3,740 gamblers). Confirmatory factor an-
alyses revealed a two-factor solution offered significant improvement in fit over the one-factor model. Further, 
the two factors explained unique variance in the number of gambling-related harms experienced by respondents. 
Although the two factors were highly correlated, the current findings indicate problem gambling behaviors are 
related to the negative consequences of gambling, but these are not necessarily synonymous. This suggests 
isolating behavioral and consequential elements of gambling may have utility in public health interventions for 
gambling that, while concerning, falls below a clinically-significant threshold. Similarly, clinically-oriented 
research may benefit by measuring the behavioral features, as these components are important targets for 
individual-level interventions.   

1. Introduction 

Gambling in its various forms remains a popular pastime within 
mainstream Australian culture, with a little over a third of Australian 
adults engaging in some form of gambling activity within a typical 
month (AIHW, 2021). While for the majority, gambling may be a 
harmless and even enjoyable activity, a minority of gamblers experience 
significant harms in relation to their gambling (Delfabbro, 2013; Latvala 
et al., 2019). Despite an expectation that gambling-related harm is to be 
expected among some individuals who gamble, there is uncertainty on 
how to best conceptualise and measure problem gambling. Specifically, 
there remains some debate as to whether it is helpful to differentiate the 
behavioral features of problematic gambling from the negative conse-
quences of gambling (Christensen et al., 2019). Accordingly, the current 
study examines the factor structure of a commonly-used problem 
gambling measure, the Problem Gambling Severity Index (PGSI; Ferris & 
Wynne, 2001), to assess whether it is meaningful to separate these 
constructs. 

1.1. Background 

Generally speaking, problem gambling refers to a level of time and 
money commitment that leads to gambling-related harm (Delfabbro & 
King, 2019; Neal et al., 2005). Clinically, problem gambling has been 
viewed through the lens of impulse control disorders, included in the 
DSM-III and IV as pathological gambling; however now classed as gambling 
disorder within the substance-related and addictive disorders of the 
DSM-5 (APA, 2013; Rosenthal, 2020). From a clinical perspective, 
gambling disorder is characterised as a behavioral addiction involving 
persistent and repetitive behaviors leading to significant harm or 
distress (Kardefelt-Winther et al., 2017). Individuals experiencing 
behavioral dependence show signs of increased engagement, restless-
ness or irritability when attempting to decrease or cease gambling 
engagement, repeated unsuccessful attempts to cease, as well as a range 
of cognitions, emotions and behaviors that precede the negative con-
sequences related to gambling. As such, gambling-related harms are 
viewed as stemming fundamentally from general addiction symptom-
atology (Delfabbro & King, 2019). 
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An implicit assumption of the clinical model is that gamblers who do 
not reach the threshold for gambling disorder are largely free of expe-
riencing gambling-related harm. However, it is possible to experience 
gambling-related harm that may not be clinically significant (Langham 
et al., 2015), and to experience gambling-related harm in the absence of 
any indication of behavioral dependence (Browne et al., 2021). Simi-
larly, gambling-related harm may emerge in terms of immediate con-
sequences of gambling yet become more dire and span broader personal 
and social domains over time (Langham et al., 2015). For example, 
immediate consequences of problem gambling might include the loss of 
money and time, which may end up impacting the family or personal 
responsibilities of the individual, contributing to broader impacts on an 
individual’s wellbeing and quality of life (Currie et al., 2021; Langham 
et al., 2015; Li et al., 2017). Accordingly, a public health approach looks 
at the impact of gambling harm at a population level, and as such views 
harm in terms of a continuum (e.g., from mild to severe harm) as 
opposed to whether or not an individual within the population meets 
diagnostic criteria for gambling disorder (Davies et al., 2022). 

1.2. Problem gambling Severity Index 

Over the last decade, various measures have been developed to 
specifically assess problem gambling and gambling-related harm 
(Browne et al., 2021). One measure that is consistently used to assess 
problem gambling is the PGSI (Ferris & Wynne, 2001). The PGSI was 
originally developed to incorporate a broader view of problem gambling 
that included both a focus on the social impacts of gambling behaviours 
as well as items that indicate concerning (yet subclinical) levels of 
gambling-related behaviors within the general population (Ferris & 
Wynne, 2001; Orford et al., 2010). In the development of the PGSI, 
initial analyses revealed a unifactorial solution that measured the extent 
of problem gambling, indicated via summation of the items describing 
(1) problem gambling behaviors (i.e., behavioral dependence) and (2) 
negative consequences. The PGSI total score is widely used to estimate 
the prevalence of problem gambling in general population studies and as 
a proxy for gambling-related harms (Browne et al., 2021; Davies et al., 
2022; Raisamo et al., 2015). 

Several exploratory factor analytic studies have supported the orig-
inal, single-factor conceptualisation of the PGSI (Brooker et al., 2009; 
Lopez-Gonzalez et al., 2018; Orford et al., 2010; Stevens & Young, 
2008). In contrast, other researchers have compared its unidimensional 
factor structure with a two-factor model that separates the two com-
ponents, using Confirmatory Factory Analysis (CFA; e.g., Boldero & Bell, 
2012; Maitland & Adams, 2007). Despite well-fitting two-dimensional 
models, in practice, the more parsimonious single-factor model is used, 
usually justified by the high observed intercorrelations between the two 
factors (Boldero & Bell, 2012). 

1.3. The current study 

While some researchers have relied on exploratory factor analysis to 
check the factor structure, or otherwise opted for the more parsimonious 
measurement model, Rhodes et al. (2004) state that “researchers and 
theoreticians should strive for parsimony, but not be bound to it” (p. 
404). Superior fit of the two-factor model may have important ramifi-
cations for gambling research and public health initiatives, in con-
ceptualising problem gambling behaviors and negative consequences as 
related, but separate. For instance, evaluating the relative contributions 
of problem gambling behaviors and negative consequences to gambling- 
related harm across a broader range of functioning may reveal important 
points for intervention (Stevens et al., 2019). As such, the current study 
explores the merit of separating the problem gambling behaviors and 
negative consequences items of the PGSI into their respective domains 
using CFA, in a sample recruited from the general population in the 
Northern Territory (NT), Australia. Although it is expected that the two 
PGSI two-factors will be strongly correlated (e.g., similar to Boldero & 

Bell, 2012; Maitland & Adams, 2007), the utility of separating these 
constructs can be further tested by evaluating their relative associations 
with the number of specific gambling-related harms endorsed by par-
ticipants. Taken together, the following hypotheses were proposed: 

H1 A two-factor PGSI model will provide an adequate fit to the data. 
H2 The two-factor PGSI model will provide a better model fit than the 
unifactorial model. 
H3 The two-factor PGSI model will demonstrate adequate convergent 
validity, as demonstrated by the two factors explaining at least 50 % 
of the item-average variance of their respective factors. 
H4 The two-factor PGSI model will demonstrate adequate divergent 
validity, as shown by the item-average variance extracted exceeding 
the shared variance between the two factors. 
H5 Both problem gambling behaviors and negative consequences 
factors from the PGSI will significantly and uniquely predict variance 
in the number of gambling-related harms, as measured by a specific 
harms list included in the NT Gambling Prevalence Study. 

2. Method 

2.1. Participants and procedure 

Data from the 2018 NT Gambling Prevalence and Wellbeing Survey 
(Stevens et al., 2019) was used for analyses. In this survey, 5,000 adults 
were randomly sampled using applied dual frame (mobile and landline) 
sampling with a stratified random design, with broad proportional 
quotas set for region, age and gender.1 A total of 1,260 participants were 
identified as non-gamblers and thus did not complete the PGSI; their 
data were removed from these analyses. The 3,740 remaining partici-
pants (53.6 % females) identified as gamblers (i.e., gambling at least 
once in the last 12 months on one or more of the following activities: 
Electronic Gaming Machines, racing, scratch cards, keno, lotteries, 
bingo, casino games, sports or other betting or gambling activities). For 
this sample, the mode age was 45–54 years (25.4 %), followed by the 
55–64 years (23.9 %), 35–44 years (19.6 %), 65 + years (16.3 %), 25–34 
years (11.7 %), and 18–24 years (3.1 %) age groups. Most participants 
were employed (62 % full-time, 15.4 % part-time or casual), 3.6 % 
unemployed and 18.9 % not in the labour force or other. Just over 7 % of 
the sample identified as Aboriginal or Torres Strait Islander. Participa-
tion in the survey was voluntary, with participants providing responses 
via a landline or mobile phone. Participants were required to be at least 
18 years of age. Ethics approval was obtained by the Human Research 
Ethics Committee of the NT Department of Health and Menzies School of 
Health Research to conduct the research and for the publishing of 
related findings. 

2.2. Measures 

2.2.1. Problem gambling Severity Index (PGSI). 
The PGSI (Ferris & Wynne, 2001) consists of nine items. Four items 

assess problem gambling behaviors (e.g., “How often have you bet more 
than you can afford to lose?” [Bet]; “How often have you needed to 
gamble with larger amounts of money to get the same feeling of 
excitement?” [Tolerance]; “How often have you gone back another day 
to try to win the money you lose?” [Chase]; “How often have you bor-
rowed money or sold anything to get money to gamble?” [Borrowed]). 
Five items assess the negative consequences of gambling (i.e., “How 
often have you felt you might have a problem with gambling? [Felt 

1 Though this method attempts to approximate a random sample, invariably 
not all population segments can be adequately represented. For example, 
younger adults, males and Aboriginal or Torres Strait Islander respondents 
living in remote areas were found to be under-represented among respondents 
(Stevens et. al., 2019, see Appendix B, p172-183). 
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problem]; “How often have people criticised your betting or told you that 
you had a gambling problem, regardless of whether or not you thought it 
was true?” [Criticised]; “How often have you felt guilty about the way 
you gamble or what happens when you gamble?” [Felt guilty]; “How 
often has your gambling caused you any health problems, including 
stress and anxiety?” [Health problem]; and, “How often has your 
gambling caused any financial problems for you or your household?” 
[Financial problem]). Each PGSI response is scored from 0 (“never”), 1 
(“some of the time”), 2 (“most of the time”) to 3 (“almost always”) to 
reflect the continuous element of problem gambling severity. Partici-
pants were classified into one of four groups: non-problem gambling 
(PGSI = 0), low-risk gambling (PGSI = 1–2), moderate risk gambling (PGSI 
= 3–7), and problem gambling (PGSI = 8–27) by employing the scoring 
convention specified by Ferris and Wynne (2001). Using this scoring 
method, 1.1 % of the respondents were classified as problem gamblers, 
3.5 % as moderate risk, 9.1 % as low risk and 86.3 % as no risk. 

2.2.2. Gambling-Related Harms. 
All at-risk gamblers, monthly electronic gaming machine gamblers, 

or regular gamblers, provided responses to questions about harm 
stemming from their own gambling (Stevens et al., 2019), leaving a total 
sample size of 752 with which to test H5. The measure included 18 types 
of harm (and an ‘other’ category) from one’s own gambling and was 
used in the 2018 NT gambling surveys. In summary, items asked re-
spondents whether they had experienced various harms because of their 
gambling in the previous year. Gambling domains and items were 
financial (i.e., ran out of money for food, ran out of money for rent, ran 
out of money for bills, raided savings, increased credit card debt, sold or 
hocked possessions, and borrowed money from family or friends), psy-
chological/emotional (i.e., felt stressed or anxious, felt ashamed or had 
regrets, and felt depressed), relationships and family (i.e., relationship 
problems with family or close friends, physical or verbal violence to-
wards you, children did not attend school or missed out on something), 
work/study (i.e., missed work or study classes, underperformed at work 
or study, and lost your job or dropped/kicked out of study), and criminal 
(i.e., did something illegal). A detailed description of how this measure 
was developed is forthcoming (Stevens, In Press). Presence or absence of 
the harm in the previous year was used, and the total number of harms 
endorsed were summed to create an index of the negative consequences 
from one’s own gambling. 

2.3. Data preparation and analytical Plan. 

SPSS 26.0 was used for analyses of unweighted data. Data associated 
with the PGSI were not normally distributed, which was not remedied 
through transformation attempts. Given the ordinal responses on the 
individual items of the PGSI, a polychoric correlation matrix was 
computed using Lorenzo-Seva and Ferrando’s (2015) POLYMAT-C pro-
gram in SPSS for use in the CFA. 

The CFAs were conducted on the original one-factor PGSI and the 
two-factor (i.e., problem gambling behaviors and negative conse-
quences) models using AMOS version 25.0. Model fit was evaluated for 
each model with several fit indices. The Root Mean Square Error of 
Approximation (RMSEA) was employed to provide a metric of absolute 
fit (the proportion of discrepancy between the proposed model and 
sample data) and the Comparative Fit Index (CFI) was used to assess the 
incremental fit (the degree of improvement of the specified model over a 
baseline model). A RMSEA estimate of less than 0.08 is recognised as 
indicating a relatively close fit. (Kline, 2011). CFI values above 0.90 
indicate the specified model is an adequate fit to the data (Hu & Bentler, 
1999). As the models were not nested (i.e., one is not a subset of the 
other), the Akaike Information Criterion (AIC), Consistent Akaike In-
formation Criterion (CAIC) and Bayesian Information Criterion (BIC) 
were used to compare the unifactorial and two-factor PGSI models. 
Models with lower AIC, CAIC and BIC values are considered to fit the 
data better than models with higher estimates (Kline, 2011). Compared 

to the AIC, the CAIC takes into account sample size, and the BIC imposes 
a greater penalty for a reduction in degrees of freedom when calculating 
fit estimates (Byrne, 2010). 

The convergent and divergent validity of the PGSI construct/s were 
evaluated to test H3 and H4. Convergent validity was evaluated through 
an assessment of item factor loadings, followed by an assessment of the 
factors’ average variance extracted (AVE) and composite reliabilities 
(CR; Ab Hamid et al., 2017). Divergent validity was evaluated by 
comparing factor AVE values with maximum shared variance (MSV) 
between the factors, and examining cross-loadings between items 
measuring problem gambling behaviors and items measuring negative 
consequences (Fornell & Larcker, 1981). Modification indices (MI) were 
used to identify potential cross-loading items (Whittaker, 2012). 

Lastly, a wild bootstrap regression analysis with 2,000 replications 
was conducted to ascertain the amount of variance in the gambling- 
related harms measure was explained by the two PGSI factors (H5). 
95 % bootstrapped confidence intervals that are robust for issues related 
to non-normality, heteroskedasticity and non-linearity were generated 
for all regression coefficients, reflecting an alpha level of 0.05. Statisti-
cally significant beta coefficients were indicated by confidence intervals 
that did not include zero. 

3. Results 

3.1. Confirmatory factor analyses 

Maximum likelihood (ML) estimation was used to generate model fit 
indices. For model parameters, bias-corrected bootstrapped CIs were 
generated, with statistically significant CIs not including zero. The 
Bollen-Stine bootstrapping method was employed to correct the chi- 
square statistic (Li, 2016; Streukens & Leroi-Werelds, 2016). 

Figs. 1 and 2 show the factor loadings and inter-correlations for the 
problem gambling, problem gambling behaviors and negative conse-
quences factors, for unifactorial and two-factor models, respectively. All 
items had substantial loadings across all models. For the two-factor 
model, as indicated by the non-significant MI and expected parameter 
change values, there are no cross-loadings between items measuring 
problem gambling behaviours and negative consequences (Whittaker, 
2012). Table 1 displays the fit indices for the respective models. 
Although both models did not satisfy the RMSEA criteria, the CFI 
revealed an adequate fit and the comparative fit indices (AIC, BIC and 
CAIC) showed that the two-factor model fitted the data better than the 
unifactorial model. Table 2 displays the intercorrelation between the 
total PGSI, the PGSI subscales and the gambling-related harms measure. 
Taken together, H1 was partially supported and H2 was supported. 

3.2. Reliability and validity of the Two-factor model 

Both factors had good reliability (CR > 0.84), with Cronbach’s Alpha 
levels exceeding 0.65 (see Table 3). Convergent validity is established 
when the values of AVE exceeds 0.50, along with CR values exceeding 
0.70. AVEs for both factors were between 0.57 and 0.67 with both CR 
exceeding 0.84, demonstrating good convergent validity (Ab Hamid 
et al., 2017). Thus, H3 was supported. The MSV (0.85) was noted to be 
more than the AVEs for both factors, indicating problematic divergent 
validity (Fornell & Larcker, 1981). However, the CFA did not indicate 
cross-loadings between items measuring problem gambling behaviors 
and items measuring negative consequences, thus H4 was partially 
supported. Consistent with H5, the overall model with corresponding 
standardised beta weights revealed that both problem gambling be-
haviors and negative consequences uniquely and positively predicted 
gambling-related harms. The model accounted for 50 % of the variance 
in gambling-related harms; R2 = 0.50, F(2, 749) = 368.07, p <.001. 
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4. Discussion 

The aim of the present study was to compare the one and two-factor 
structure of the PGSI and determine the extent to which the two factors 
(i.e., problem gambling behaviors, negative consequences) can be 
considered psychometrically and conceptually distinct. The findings 
revealed that the fit of the two-factor model was superior to that of the 
one-factor model; all items had substantial loadings on their respective 
factors and the subscales showed acceptable reliability. Although the 
divergent validity of the factors was problematic, the convergent and 
incremental validity of the two factors were adequate. Taken together, 
the results indicate that problem gambling as captured by the PGSI may 
be meaningfully considered as two discrete, but related elements.2 

The current findings are consistent with those of Boldero and Bell 

(2012) and Maitland and Adams (2007), who found support for two- 
factor PGSI models. As noted by Maitland and Adams (2007), the 
strong association between behavioral dependence and negative con-
sequences of gambling may indicate a temporal sequence, whereby in-
dividuals who develop gambling behavioral dependence characteristics 
become more likely to experience gambling-related harms. An alterna-
tive interpretation is the accrual of gambling-related harms may lead to 
the development of compulsive gambling behaviours. For instance, 
gambling may become increasingly used as a distraction strategy from 
personal difficulties caused by adverse gambling outcomes, thus 
perpetuating a problematic pattern of behavior (Dussault et al., 2011; 
Flack & Morris, 2016; Vaughan & Flack, 2022). Yet, it is also possible for 
individuals to experience harm without exhibiting any markers of 
behavioral dependence (Browne et al., 2021). While lower income 
gamblers would be more likely to experience harms - particularly, 
financial harms - higher income gamblers may exhibit problematic 
gambling behaviors yet would be less likely to be financially affected. As 
such, the current findings indicate longitudinal designs would be 
beneficial in delineating the temporal sequence of problem gambling 
behaviors and negative consequences. 

Although research supports the use of the PGSI as a single construct 
in estimating problem gambling prevalence and as a proxy measure for 
gambling-related harm (Browne et al., 2021; Raisamo et al., 2015), the 

Fig. 1. CFA: Unifactorial model with standardised estimates.  

2 In relation to divergent validity, it is important to note that the strong 
correlation between CFA factors (r = 0.92) is consistent with previous research 
(i.e., Maitland & Adams, 2005, 2007). From a statistical perspective, given SEM 
accounts for measurement error and incorporates only common variance of the 
constituent items (Kline, 2011), the high correlation is to be expected. Never-
theless, the zero-order correlation between these factors (r = 0.51) is practically 
relevant, as researchers tend to utilise scale sum scores in their analyses. 
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use of subscales scores may be beneficial for research more broadly, 
depending on the objective. For example, public health research may 
benefit by focusing on negative consequences from gambling, where 
population-level reductions in harm are important in determining the 
effectiveness of public health measures. The use of subscales may also be 
beneficial in terms of identifying those who are at future risk, currently 
at risk or already experiencing significant gambling-related harm 
(Davies et al, 2022). In contrast, clinically-oriented research may benefit 
by measuring problem gambling behaviors where those behavioral 
components that stem from addiction symptomatology are the most 
important targets for individual-level interventions (Browne & Rockloff, 
2020). 

Importantly, each of the two factors underlying the PGSI uniquely 

predicted gambling-related harms. The gambling-related harms mea-
sure used in this study was developed to encompass a greater range of 
harms than those canvassed in the PGSI, likely due to increasing interest 
in the impact of gambling on the individual and their family or com-
munity (e.g., school attendance in the children of gamblers). The present 
findings also indicate that separating the PGSI into its two factors may 
provide means to identify and target population-level gambling-related 
harms for those who may not reach clinically significant levels of 
gambling dependence, or otherwise engage in contemporary forms of 
treatment (Gupta & Stevens, 2021). The current findings are also com-
parable to Browne and Rockloff (2020), who found distinct measures of 
gambling behavioral dependence and gambling-related-harms were 
independently related to the wellbeing of regular gamblers, indicating 

Fig. 2. CFA: Two-factor model with standardised estimates.  

Table 1 
Measures of Fit Indices for All Models.  

Model χ2 df pa RMSEA  CFI AIC CAIC BIC 

Unifactorial model  2524.36 27  0.002  0.16  0.90  2560.36  2690.45  2672.45 
Two-factor model  2147.95 26  0.002  0.15  0.92  2185.95  2323.26  2304.26 

Note. a = Bollen-Stine bootstrapped estimate. RMSEA = Root Mean Square Error of Approximation; CFI = Comparative Fit Index; AIC = Akaike Information Criterion; 
CAIC = Consistent Akaike Information Criterion; BIC = Bayesian Information Criterion. 
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the utility of separating the aspects of problem gambling behaviors and 
gambling specific harms. 

Further research could explore the association between the separate 
PGSI factors and socio-demographic, socioeconomic and health risk 
factors, to determine whether different population segments are more 
associated with the behavioral dependence or negative consequences 
factor. For example, the NT includes a large workforce of “fly-in fly-out” 
(i.e., remote) workers, who tend to earn high incomes and work on 
rosters (e.g., commonly, one week “on”, and one week “off”). These 
workers are likely to have high disposable incomes and large periods of 
spare time in which to gamble for leisure. On the other hand, the NT 
comprises a large population of lower socioeconomic status gamblers, 
predominantly of Aboriginal or Torres Strait Islander descent, who 
experience a range of health risks and sociocultural factors that can lead 
to more harm arising from their gambling (Stevens et al., 2019). 
Improving the conceptual specificity around problem gambling is 
essential in advancing the understanding of the potentially myriad, 
complex pathways by which gambling-related harms can occur. 

4.1. Strengths, limitations and future research 

The present study has some strengths and limitations that should be 
considered. The main strength is in the use of stratified sampling, which 
improves the generalisability of the findings. However, according to the 
PGSI scoring, the vast majority of participants in the survey were clas-
sified as low-risk gamblers and non-problem gamblers. Although this is 
consistent with other gambling population research, future research 
may seek to use more purposive or quota-based sampling methods to 
over sample frequent or at-risk gamblers to better understand their 
experience of gambling-related harms. Also, while this is a large popu-
lation sample that aims to measure population prevalence of gambling 
patterns and problem gambling risk, the sample under-represented 
certain population groups. That said, the sample does cover the whole 
population of the NT and provides the best data available for these types 
of analyses. 

In terms of the constructs, while the current study was able to assess 
the convergent, divergent, and incremental validity of the PGSI factors, 
the scope of the prevalence study precluded adding other conceptually 
similar or different measures with which the PGSI could be further 
evaluated, such as alternative validated gambling harm or addictive 
behavior measures (Christensen et al., 2019). For example, the predic-
tion of harms by the PGSI subscales may be due in part to the overlap 
between component items and a minority of items within the gambling- 
related harms measure, although the harms measure was far broader in 
scope than is the clinically-significant consequences captured in the 
PGSI. Indeed, the degree of relatedness between similar or different 
constructs are important focal points for demonstrating construct val-
idity for a two-factor conceptualisation of problem gambling (Browne & 
Rockloff, 2020). The factor scores for the behavioral components of the 
PGSI should correlate moderately with other behavioral components of 
non-gambling addictive behaviors (Dowling et al., 2015). Longitudinal 
studies that include multiple measures of behavioral addiction and 
harms could add important information to the literature about risk and 
protective factors as they relate to a temporal sequence (Dowling et al., 
2017). 

4.2. Conclusion 

Notwithstanding the limitations, the findings provide further evi-
dence for the two-factor structure of the PGSI. However, an important 
caveat is that the two subscales may be highly dependent in certain 
samples. Therefore, while it is possible that the additive strategy 
commonly used to sum PGSI scores is acceptable, the use of two subscale 
scores may improve the conceptual specificity and the validity of the 
instrument in measuring problem gambling in certain contexts. This 
may be beneficial in developing more effective assessment, treatment, 
and preventative approaches for those who are already experiencing 
gambling-related harms, and those who are at risk of gambling-related 
harms. Considered together, it appears that problem gambling behav-
iors are related to the negative consequences of gambling, but these are 
not necessarily synonymous. 
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Table 2 
Intercorrelations and Descriptive Statistics for PGSI Factors and Gambling- 
related Harms Measure.  

Scale/Subscale 1 2 3 4 5 M SD 

1. Total PGSI .82a      0.39  1.48 
2. PGSI Problem 

gambling 
behaviors 

0.80** .65a     0.16  0.70 

3. PGSI Negative 
consequences 

0.85** 0.51** .76a    0.22  0.93 

4. Gambling-related 
harms 

0.59** 0.44** 0.58**  –   0.64  1.54 

5. Gender 0.09** 0.05** 0.08**  0.009 –  –  – 

Note. The superscript a denotes the Cronbach’s Alpha statistics (shown on the 
principal diagonal of the matrix). M = Mean; SD = Standard deviation. Problem 
gambling behaviors subscale computed by summing PGSI items 1–4. Negative 
consequences subscale computed by summing PGSI items 5–9. Gender was 
dichotomously-coded (Females = 0, Males = 1). 
*p <. 05. **p <. 01. 

Table 3 
Reliability and validity of PGSI two-factor model.  

Factor Reliability Validity 

Cronbach’s 
Alpha 

Compositea AVEb MSVc  √AVEd  Regression coefficientse   

β SE 95 % CI 

Problem Gambling Behaviors  0.65  0.84  0.57 0.85   0.76   0.30*  0.07 [0.20,0.47] 
Negative Consequences  0.76  0.91  0.67   0.82   0.50*  0.05 [0.32,0.50] 

Note aCriterion: > 0.70; bAverage Variance Extracted; criterion: > 0.50; cMaximum Shared Variance; criterion: MSV < AVE; dcriterion: √AVE > interfactor correlation 
coefficient; ePredicting gambling-related harms F(2, 749) = 368.07, p <.001; R2 = 0.50; *p <.01. 
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