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EXECUTIVE SUMMARY 
THE PROBLEM 

Research has shown that when information relevant to players is available, they gamble 
more responsibly. Past studies by OLG and others suggest that certain types of 
information: payback percentage, player experience (volatility), and bonus win hit 
frequency are of interest to players, but this information is presently not available to 
them. 

 

THE PRESENT REPORT 

Our report presents the results of a nearly 3-year long collaboration between the 
Gambling Research Lab at the University of Waterloo, Ontario Lottery and Gaming 
Corporation (OLG), and Gambling Research Exchange Ontario (GREO), in an effort to 
produce labels that were able to inform and help players play more responsibly on slot 
machines.  The labels were placed on all 252 slot machines at OLG Slots at Grand River 
Raceway.  
 

THE CORE RESULTS 

 

I. Limited evidence for a change in business operations (p. 25 & 27-31), such as 
casino win using a forecasting model developed using nearly 2 years of data for 
the casino. Though, an apparent reduction in utilization was observed (p. 25 & 30). 

II. This pattern is explainable by a decrease in play duration but with a corresponding 
increase in wager or spin rate, using mathematical examination of the available 
data (p. 41-42; pattern of the change is depicted in Figures 12 to 17). 

III. A proportion of players appeared to shift toward low hold, low denomination 
machines, despite survey results indicating that players felt this information was 
not useful (p. 40-41). 

IV. Players were found to indicate slightly elevated knowledge in how player experience 
work, as well as were able to better locate slot machines with different hold and 
player experience following the introduction of the labels (p. 42-43). 

V. Surveying a subset of players identified that 84% of players felt they understood the 
concepts as they were presented on the labels. Of these players, 44% felt that they 
would change their behaviour given the availability of the information on the labels 
(p. 23-24). However, despite this, players also indicated a middling match between 
their play experiences and the content of the labels (p. 24, paragraphs 3-5). 

VI. The introduction of the labels was found to potentially decrease the time between 
visits to the casino and amount of win for moderately at-risk problem gamblers, 
though significance of this effect was only marginal (p. 44-46). 
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VII. It is notable that players did not use the information on the labels in a manner that 
would indicate they engaged in more risky behavior after the labels were installed – 
players essentially continued their gambling behavior as before with minor 
changes in their play as noted above and reported in more detail in the report.  
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INTRODUCTION 
Informing players about slot machines 

Problem gambling in Ontario 

A 2010/2011 study of the prevalence showed that in Ontario, 17.1% of the population 
were non-gamblers, with up to 74.4% identifying as recreational gamblers, 6.3% at-risk 
gamblers, 1.4% problem gamblers, and 0.8% representing pathological gamblers 
(Williams & Volberg, 2013).  Together, the problem and pathological gambling level in 
Ontario, combined, is estimated to be 2.2% of the general population. The authors of the 
report also showed that in Ontario, 31.2% of electronic gaming machine (EGM) revenue 
is derived from problem gamblers (Williams & Volberg, 2013, page 46). 

In a recently completed large-scale longitudinal study of gambling and problem 
gambling in the Quinte region of Ontario, several factors that predicted future problem 
gambling were identified (Williams et al., 2015). The authors found that the factor that 
most robustly predicted future problem gambling were gambling-related variables. The 
three most important gambling-related variables identified by the study were having a 
current problem gambling status (i.e., being a current problem gambler is the best 
single predictor of future problem gambling, even after treatment), frequent gambling, 
and playing on games that can be played continuously, such as slot machines. 

Problem gamblers have also been shown to frequently hold beliefs about gambling that 
are incorrect or distorted. It is widely believed that these incorrect or distorted beliefs 
are critical to the formation of a gambling problem and in maintaining problem 
gambling in players (Blaszczynski & Nower, 2002; Ladouceur & Walker, 1996). The two 
most commonly observed types of cognitive distortions found to be higher in problem 
gamblers than in non-problem gamblers are a false over-estimation of the degree of 
control over the outcome of a game (the illusion of control) and Gambler’s Fallacy with 
a tendency to remember more salient events, such as wins, over less salient events, 
such as losses (Goodie & Fortune, 2013). It is the pervasiveness of these cognitive 
distortions in problem gamblers (and to a lesser degree healthy players) that has led to 
the creation of a number of initiatives aimed at correcting these and other cognitive 
distortions by informing players about how games work and the correct odds of winning 
a game. 

Responsible Gaming through Relevant Information 

In an extensive literature review, Williams, West, and Simpson (2012) concluded that in 
addition to developing policies aimed at preventing the progression of problem 
gambling, educational materials intended to change internal knowledge and beliefs 
about games are also important in the prevention of gambling problems. Approaches 
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aimed at encouraging self-regulation and self-control through the provision of game 
information, particularly when the information is personally relevant, are critical to 
managing problem gambling amongst players (Parke, Harris, Parke, Rigbye, & 
Blaszczynski, 2014). Signs designed to encourage players to reflect on, appraise, and 
evaluate their actions have also been shown to have greater efficacy (Monaghan & 
Blaszczynski, 2010). In one example, the provision of a warning banner depicting the 
randomness of video lottery terminals was shown to significantly decrease both 
gambling behavior and erroneous gambling beliefs (Gallagher, Nicki, Otteson, & Elliott, 
2011). 

In early 2014, the Ontario Lottery and Gaming Corporation (OLG) received the results of 
a study they commissioned on six topics that slot machine players might use when 
deciding which machine to play: volatility, bonus round hit frequency, payback 
percentage, odds of winning, slots cycle, and top awards per cycle. The study, the 
Responsible Gaming Slot Topologies Study by Dine Discoveries , concluded that 
knowledge about volatility and bonus round hit frequency was likely to inform play, 
while payback percentage and odds of winning were likely to increase or decrease play, 
respectively (Dine, 2014). In contrast, knowledge about slot cycle and top awards per 
cycles were considered unlikely to change play due to their technical nature. Players 
also indicated that having knowledge about payback percentage would be the “most 
exciting information to have”. 

Following this study, the OLG commissioned a project through the Ontario Problem 
Gambling Research Centre, now Gambling Research Exchange Ontario (GREO), aimed 
at developing a coding system to identify slot machines at OLG with the goal to 
enhance player experience and inform player decision making. We received a grant 
through GREO for the project reported in this report and informally called the Slots 
Classification project.  We sought to build on the results of the Dine Discoveries studies 
and other extant work in the field to assist in the development and measure the efficacy 
of this slot machine coding system. This project consisted of multiple phases: (1) the 
development and testing of the slot coding materials; and (2) the testing of the 
materials at an active OLG casino. 

Developing the materials 

A crucially important aspect of this project is that there were three organizations 
involved directly throughout the project: University of Waterloo, Gambling Research 
Exchange Ontario (GREO), Ontario Lottery and Gaming Corporation (OLG), as well as 
OLG’s market communications firm, FCB (formally, Foote. Cone & Belding).  Although it 
was a collaborative project, each organization has its own priorities. 

For our team at the University of Waterloo, it was a research project to study the 
efficacy of providing information to the players as a Responsible gambling initiative.  
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For OLG it was a Responsible gambling (RG) initiative aimed at provided players with 
knowledge about the structural characteristics of slot machines so the players can 
make informed gambling choices.  For OLG the project provided valuable information to 
the players to help improve the player experience at their venue with potential carry-on 
effects in other areas.  For GREO it was a Knowledge Translation and Exchange (KTE) 
initiative where research findings are being used to inform gamblers in a format and 
venue that is appropriate, as players do not normally read or have access to materials 
published in research journals.  FCB was responsible for creating the highest quality 
materials possible for players. Their contribution significantly shaped the design of final 
products. So, despite having complimentary objectives, each of the four parties had very 
different views about the collaborative project and the best strategy to achieve the goal. 
 
One of the first activities of the project was a full day consultation meeting with 
representatives from: Centre for Addiction and Mental Health (CAMH), Responsible 
Gambling Council (RGC), GREO, OLG Gaming Operations, and Ontario problem gambling 
counsellors.  This meeting allowed the attendees to provide valuable feedback on the 
proposed project to inform the process going forward.  
 
OLG then conducted focus groups with players.  The initial focus groups tested six 
different characteristics:  
 

1) Odds of winning 

2) Payback percentage 

3) Player experience 

4) Slot cycle 

5) Number of top awards per slot cycle 

6) Bonus round hit frequency 

Players in the focus group felt that “slot cycle” and “number of top awards per slot 
cycle” were not meaningful or useful for them.  The players found “payback percentage” 
very confusing because it does not relate to their experience in a gambling session.  
This was because they felt that a Payback Percentage of 90% didn’t have meaning as 
they don’t arrive with $100 and depart with $90. 
 
A second round of focus groups was held to further establish player opinions about the 
types of information that they would find useful. Based on findings from the first round, 
in the second round we dropped “slot cycle” and “number of top awards per slot cycle”.  
There was a reluctance to drop Payback Percentage because it was felt that it was 
valuable information on which players could make informed choices. To address the 
issue of confusion with Payback Percentage we added “the Hold” as a topic to 
determine if it was more useful to the player than Payback percentage.  The Hold is 
essentially the opposite of the Payback Percentage.  It is how much the machine retains 
on average for the casino (this is called “the win” for the casino in industry jargon) 
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whereas the Payback Percentage indicates how much the machine gives back on 
average to the player per spin. 
 
The second round of focus groups tested five characteristics: 
 

1) Odds of winning 

2) Payback percentage 

3) Hold percentage 

4) Player experience 

5) Bonus round hit frequency 

In parallel with the focus groups, there were several meetings and consultations with 
the slot machine suppliers to engage them as ultimately we needed information from 
the suppliers in order to classify each machine.  For example, only the supplier could 
provide information per machine such as “bonus round hit frequency” and “player 
experience”.  Between our research group and OLG we decided that the suppliers would 
provide the information we needed for classifying the games although we were aware 
that suppliers would need to make subjective decisions in providing us with that 
information.  For example, for “bonus round hit frequency” there are often more than 
one bonus on the same game and suppliers had to make a determination of which 
bonus to report.  In another example, if a game has a large bonus and a very small 
bonus how does the “bonus round hit frequency’ get reported.  Does it include both the 
large and small bonus together, the average, or only the large bonus?  Ultimately the 
decision was left with the suppliers as the supplies should best know how to categorize 
their games. 
 
We also had to make a decision with respect to “Player Experience” as the player 
experience varies significantly based on the number of lines wagered – on a 20-line 
machine the player experience is much different when wagered on one line compared 
with wagering on multiple lines. Another word for this behaviour is volatility, which was 
used in the early prototypes.  Between our research group and OLG we decided to ask 
for “player experience” classification from the suppliers assuming the player was 
wagering on all lines because wagering on all lines is by far the most common wager on 
OLG slot machines. 
 
Another issue regarding classification of each slot machine is that a small number of 
machine at Grand River Raceway are multi-themed slots machines meaning they have 
multiple games on the one machine and each game has its own Hold, player experience, 
and bonus round hit frequency.  For these machines we reported the average of all 
games on that machine. 
 
There were also ongoing discussions regarding the location of the labels on each slot 
machine.  The goal was to be consistent and have the label at eye level on each 
machine.  But slot machines are full of graphics and text at eye level and ultimately 
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there wasn’t space at eye level for the labels and collectively we decided to opt for a 
lower location next to the deck of the slot machine where we could consistently put the 
labels on all machines. 
 
Based on the feedback from the focus groups and ongoing discussions amongst the 
collaborators, we narrowed our classification to three characteristics and created 
prototype labels. Odds of winning was removed as the players felt than it didn’t have 
meaning for them.  With both the Hold and the Payback Percentage there was 
confusion amongst the players and we decided to go with payback Percentage as that 
term is commonly used in the industry.  The three characteristics were: 
 

 Payback Percentage 

 Volatility 

 Bonus round hit frequency 

FCB created five prototype designs and we chose a design based on focus group 
feedback and our own opinions of the five designs.  FCB then created labels and OLG 
tested those labels with focus groups.  The label we tested were as follows in Figure 1. 
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Figure 1. Examples of the first labels which were tested with players in focus 
groups. 

 
The feedback was found to be both positive and negative.  A sample representative 
positive feedback included: 
 

“Love it. Every machine everywhere should have it. People should 
be aware of the pay percentages and this label is very detailed to 
allow a person to make an informative decision on what machine 
they want to play.” 
 
“I think it is a great idea, it would definitely help me decide if I 
wanted to play or not” 
 
“Loved it! Would be very helpful in choosing games that suit the 
way I want to play” 
 
“I like the concept. It will help me find the right game for my needs 
at the time” 

 
A sample representative negative feedback included: 
 

“Far too much information. Overwhelming cluster of text and 
charts” 
 
“Add some colour” 
 
“Too much to read on label” 
 
“A lot of information in one place, a little much” 
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The negative feedback about “far too much information” seemed to focus mainly on the 
Payback Percentage as the players again found Payback Percentage confusing.  They 
also indicated that ranges would be best rather than actual numbers such as “low 
Payback Percentage” or “low spins to bonus” rather than the exact numbers.  The 
Payback Percentage in particular simply seemed confusing to the player.  Because the 
Payback Percentage was consistently confusing to players, at this late stage in the 
project we decided to switch from reporting Payback Percentage to reporting the Hold 
instead.  The Hold focuses on the average amount of player loss while the Payback 
Percentage focuses on what the player receives back and the players often stated that 
they arrive with a certain amount of money, say $20, and depart with nothing and thus 
90% Payback Percentage is meaningless to their experience.  The Hold also had similar 
confusion but we felt that the Hold had more potential to inform players as it speaks to 
the issue of player losses and as a Responsible Gambling initiative we are concerned 
about informing players about the fact that on most sessions a gambler will lose 
money. Another aspect of the Hold is that it translates more directly to the cost of 
player than the Payback Percentage.  For example, on average if the player wagers $1 
per spin on a machine with a low Hold of 5% then after 1,000 spins they lose $50, 
whereas they would lose an average of $100 in the same scenario if the machine had a 
high hold of 10%.  
 
Focus group feedback also indicated that “volatility” was confusing. We decided to 
change this to “player experience” as volatility does provide information about what the 
player can expect to experience such as many small wins or fewer but larger wins. 
 
It is also worth noting that staff at OLG had concerns with the Payback Percentage and 
the Hold as they felt the average hold on a machine over the cycle of the machine is 
confusing as machines get reconfigured from time to time and a reconfiguration is 
essentially a reset and the machines starts anew and thus a new cycle is started.  Thus, 
the staff members felt that the concept of a machine having a predetermined cycle is 
incorrect. 
 
Based on significant discussions amongst our team and the focus group feedback we 
decided that the final labels would include: 
 

1) Player Experience – frequency and size of payouts (volatility) 

2) Bonus Round Frequency – how likely to trigger a bonus round 

3) Hold Percentage – the percentage of wagers that goes to the operator 

The labels were redesigned and finalized by FCB. Player Experience contained three 
classifications, fulfilled by the suppliers: 
 

 High stakes. Less frequent, large payouts. 

 Balanced play. Frequent small to medium payouts. 

 Longer play. Frequent small payouts. 
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Bonus Frequency contained four classifications, fulfilled by the suppliers: 
 

 No bonus 

 Low 

 Medium 

 High 

The category of Hold contained four classifications, fulfilled by staff familiar with the 
slot machine configurations at OLG sites: 
 

 Very low (1-4.5%) 

 Low (4.5-8%) 

 High (8-11.5%) 

 Very high (11.5-15%) 

Note that in Elora, where the labels implemented, no slot machines were in the “very 
low” or “very high” categories at the time of the introduction of the program and so no 
labels at the site used these categories. Instead, only “high” and “low” hold categories 
were presented to players. 
 
Several examples of the final design of the labels can be found in Figures 2, 3, and 4. 
 
We also learned from the focus groups that the wording was critical and we spent 
considerable time and effort in drafting and finalizing the wording to ensure that players 
would interpret the content of the labels consistently and correctly. To support this 
effort, one side of the label included the classifications while the either side explained 
the classification.  For example, in Figure 1, the front-facing side (left side) shows the 
classification of “longer play”, “low bonus frequency”, and a “high hold”. The back-facing 
side is presented on the right and shows the words used to explain the meaning of the 
three classifications to the player. 
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Figure 2. Sample label #1. 
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Figure 3. Sample label #2. 
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Figure 4. Sample label #3. 
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FCB also produced a number of other materials to support the roll-out of the 
classification system: 
 

 Employee training materials (not shown) and cheat sheet (shown below) 

 On site posters (not shown), brochure (shown below) 

 Digital signage (shown below) 

 Player Activation “Can You Spot the Differences?” (shown below) 

 Promoting awareness (representative examples are shown below) 

 Bathroom clings. 

Below, in Figure 5 we present a version of the employee “cheat sheet”, designed to 
provide information about the labels as an illustrative aid for staff members to orienting 
players to the location and meaning of the content of the labels as well as to support 
training for OLG staff who would be interacting with players at the casino site where the 
labels would be implemented. 
 

 
Figure 5. An employee cheat sheet distributed to employees of OLG Slots at 
Grand River Raceway. 
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Figure 6 provides an image of the brochure that is available at various locations within 
the casino site. It is folded in three sections and explains the three parts of the labels. 
 

 
Figure 6. A brochure available at OLG Slots at Grand River Raceway to 
explain the classification system used on the labels. 

 
Figure 7, presented below, shows the screens of the animated digital signage which is 
displayed on the televisions within the casino site. 
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Figure 7. Digital signage displayed throughout the pilot program on displays 
at OLG Slots at Grand River Raceway. 

 
This is an image of a “game” used to get people’s attention to the labels.  They are 
shown the two images of the slot machines and asked “Can you spot the difference?”. 
The difference is on the labels which can be seen on the left hand side and near the 
bottom of the machine. 

 
Figure 8. The activity used during the Player Activation phase: “Can You Spot 
the Differences?” 
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The following section describes our evaluation of the impact of the labels after the 
program was implemented on site at OLG Slots at Grand River Raceway in Elora, 
Ontario.  
 

Measuring impact on the business and players 
 
The impact of the introduction of the labels and supporting materials, in the form of 
labels, informational pamphlets, and staff knowledge, as it went live at OLG Slots at 
Grand River Raceway on February 27th, 2017, was assessed using a two-fold approach: 
using both player data and survey responses, as well as cumulative machine 
performance for the casino at-large. 
 
First, reactions to the materials following implementation were assessed by our team 
through an on-site survey tailored to the content of the labels and specifics of the 
program. This survey asked participants what they knew about the program, if they were 
familiar with any of the materials on site, and asked participants to provide ratings of 
both the materials and whether they felt the materials would cause them to change their 
play behaviour. We had no specific hypotheses about these data. 
 
Second, the impact of the introduction of the new materials was assessed by analyzing 
cumulative slot machine performance (in the form of coin-in, utilization, and win) for 
almost 2 years pre-implementation versus 3 months post-implementation. Coin-in is the 
amount of money wagered on a slot machine. Utilization is expressed as a percent and 
is the proportion of spins the machine was used per day relative to the total expected if 
the machine was used constantly (an average of 14 spins per minute is assumed for the 
total). Win is the revenue of a slot machine, the difference between coin-in and coin paid 
out to the players. If the introduction of the materials caused a significant shift in how 
players approached slot machines, it would be best captured by changes in these 
business metrics such as the ones here. It was hypothesized that players would shift to 
the lower hold as in the new labels these are the safest and most economical option to 
play on, despite the other classifications. To assess whether this occurred, the overall 
data was first subjected to a pre-implementation, post-implementation comparison 
using both naïve forecasting and more complex time series modeling to determine if 
the cumulative performance metrics of coin-in, utilization, and win varied considerably 
from historical patterns. To assess whether subtler shifts in behaviour were observed – 
not otherwise captured by or obscured by the overall slot machine performance metrics 
– the slot machine performance data was subject to a finer grained mathematical 
analysis which assessed shifts in player slot machine preference between the pre- and 
post-implementation periods. 
 
Third, the ability for the new materials to increase player awareness and understanding 
of the underlying concepts of the classification system was assessed. Any evidence for 
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a change in player knowledge was assessed by examining how players scored on 
content questionnaire tailored to the classification program and several standardized 
questionnaires measuring a player’s understanding of random events and self-
monitoring during play. It was hypothesized that the introduction of the classification 
system would increase player’s understanding of the underlying concepts and tendency 
to self-monitor during play.  
 
Fourth, the potential impact of the introduction of the new materials on players was 
assessed by surveying players on-site and examination of player data records to both 
confirm the overall patterns observed in the cumulative measures and to account for 
these patterns using a variety of personality characteristics or and problem gambling 
status ratings. 

THE STUDY 

Implementation at the Casino Site 
 
On February 27th, 2017, the new labels and supporting materials were installed at OLG 
Slots at Grand River Raceway in Elora, Ontario. The weekend preceding the installation 
featured an activation phase whereby there was a booth in the lobby of Grand River 
Raceway to draw attention to and inform players about the pending new program. 
Employees of the casino were trained by OLG about the content of the materials in 
advance of the activation phase. 
 
The OLG Slots at Grand River Raceway featured 252 slot machines at the time of the 
implementation of the labeling program. The labels were affixed to each slot machine, 
adjacent to the deck of each slot machine cabinet, and can be seen in the lower left 
images of slot machines in Figure 8. 
 
 

Procedure of the Study 
 
To collect information about player knowledge of the content of the labels and other 
related concepts, a survey was conducted at the casino the week prior to the 
implementation (February 20th – 24th, 2017) and six weeks following the 
implementation of the program (April 12th – 16th, 2017). A table was setup in the lobby 
of the Grand River Raceway, directly across from the entrance to the OLG Slots area. A 
large foam core poster was displayed nearby to inform prospective participants about 
the presence of the researchers and the purpose of the study. Participants were 
informed that they would need to complete a series of questionnaires on a variety of 
gambling related topics and that the questionnaires would take approximately 30-45 
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minutes of their time. In exchange for their participation, participants received a $20 
Walmart gift card. 
 
The questionnaire consisted of questions designed specifically to measure knowledge 
about the content of the labels: 
 

Content questions.  Nineteen content questions were designed to assess each 
participant’s knowledge about how slot machines work with regard to play 
experience (volatility), hold, and bonus wins. Responses were indicated on a 
scale ranging from 1 (“Strongly disagree”) to 7 (“Strongly agree”). For each 
topic, 4 or 5 questions assessed the knowledge level of the participant and 2 
question assessed whether the participant believed they could find slot 
machines with specific levels of the characteristic in question. An example of a 
question about the concept of hold was, “It is best to play on a slot machine 
with VERY HIGH hold compared to a slot machine with VERY LOW hold”. An 
example of a question about locating a slot machine with a high number of 
bonus wins was, “I am able to find a slot machine that will give me more bonus 
wins”. 

 
Five standardized questionnaires were also used to assess knowledge about a variety 
of gambling-related topics, personality characteristics, and demographic questions: 
 

Resistance to Change (RTC). The RTC was developed by Oreg (2003) to 
measure an individual’s dispositional inclination to resist change. It assesses 
the tendency for an individual to engage in routine seeking, emotional reaction 
to imposed change, cognitive rigidity, and short-term focus. Responses are 
indicated on a scale ranging from 1 (“Strongly disagree”) to 6 (“Strongly agree”). 
 
Random Events Knowledge Test (REKT). The REKT is a 22-item True/False 
questionnaire that tests student’s knowledge of the nature of random events. 
High scores indicate a better understanding of random events. This scale was 
developed by Turner and Liu (1999) to measure beliefs about random chance. 
The REKT can be used to evaluate whether participants have learned anything 
about the underlying behaviour of slot machines and randomness through the 
labels and accompanying materials. 
 
Self-monitoring and Setting Limits (SEMO). The SEMO (Turner, Macdonald, & 
Somerset, 2008) is a 28 item True/False questionnaire which tests the 
participant’s knowledge of problem gambling, limit setting, and risk taking, and 
the connection between emotions and gambling.  
 
Problem Gambling Severity Index (PGSI). The PGSI (Ferris & Wynne, 2001; Smith 
& Wynne, 2002) is a 9-item self-assessment scale used to categorize people’s 
gambling as either non gambler, low risk gambler, moderate risk gambler, or 
problem gambler. It evaluates both relative engagement in problem gambling 
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behaviours and the experience of adverse consequences from gambling. 
Responses are indicated on a scale ranging from 0 (“never”) to 3 (“almost 
always”). 
 
Canadian Problem Gambling Index (CPGI). The CPGI was developed by Ferris 
and Wynne (2001) as a measure of gambling behaviour in the general 
population. Only the demographic section from the CPGI was used in the 
present study. 

 
In addition, in the post-implementation assessment, 13 additional questions were 
used to evaluate each participant’s knowledge and responses to the program.  

 
Changes in player behavior were assessed through data collected through the Winner’s 
Circle loyalty Reward (WCR) program. All players that consented to participate in the 
study gave consent to use their Winner’s Circle player data to assess whether their 
behavior had changed after implementation of the labels. 
 
All aspects of the study were reviewed by the Office of Research Ethics at the University 
of Waterloo and the study received full ethics clearance. 
 

Participant Demographics 
 
Of the 142 participants (81 male, 61 female) that consented to participate in either the 
pre-implementation or post-implementation visit, 127 had complete data and were 
included in the player data section(s) that follow.   
 
The average age of a participant was 61.07 (SD=14.59). The majority of participants 
had at least completed high school, with: 4 completing up to elementary school, 56 
completing up to high school, 39 completing a college diploma, 21 and completing a 
bachelor’s degree or greater, with the remaining 7 participants declining to answer. The 
median reported household income before taxes was in the $60000-65000. The 
approximate distance between the participant’s home and the casino was determined 
by comparing the FSA code reported by the participant against the casino’s address and 
using the shortest by-road distance possible. From this method, we determined that the 
participants lived an average of 50.61 kilometers from the casino (SD=160.635), though 
3 participants reported coming from the Sudbury area which inflated the result. The 
median distance from the casino was 21.34 (MAD=10.526). In terms of being at-risk for 
problem gambling, as assessed by the PGSI, 13 participants were found to be at high 
risk (a score of 8 or greater), 36 moderate risk (a score between 3 and 7), and 91 low 
risk (a score between 1 and 2), with the remaining 2 participants at no risk. 
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Additional Data Sources 
 
Additional data for measuring the impact on business operations and on individual 
players were collected from three sources. 
 
OLG Gaming Operations provided Coin-In, Utilization, and Actual Win data for all slot 
machines found on site, both for a historical period and for the post-implementation 
period. Approximately 2 years of historical data (April 1st, 2015 through February 26th, 
2017) were provided to our team to assess typical business operations performance for 
OLG Slots. The post-implementation data set extended for 3 months following 
introduction of the labels, from February 27th, 2017 to May 27th, 2017. Additionally, data 
specifying the classifications used on the labels and other metadata (e.g., 
denomination, vendor, location, etc.) were also provided by Gaming Operations. 
 
To ensure data quality, the label categorizations were confirmed against the 2-year 
historical and post-implementation data sets to ensure that no coding errors would 
contaminate the results. In 8 cases the reported denomination of a slot machine and in 
6 cases the hold categorization were found to not match the data found in the other 
data files. In these cases, the historical value extending through the on-site study period 
was assumed to be the correct classification. 
 
Data for all participants that consented to the use of their Winner’s Circle loyalty data 
were provided by OLG’s Social Responsibility Department. The Coin-In, Play Duration, 
and Actual Win for each play session for each participating player pre-implementation 
(April 1st 2015 to February 26th, 2017) and post-implementation (February 27th, 2017 to 
May 27th, 2017) were provided and cross-referenced against the Gaming Operations to 
ensure data integrity. No inconsistencies in the player data were observed. 
 
For measuring the impact on business operations, additional data were collected from 
the federal Department of the Environment and Climate Change in the form of weather 
data for the entire study period stretching from pre-implementation to the end of our 
study (May 27th, 2017). Data from stations at Elmira, Elora, Elora Research Station, Elora 
RCS, Fergus, and Kitchener-Waterloo were collected and average readings were used. 
These data were daily averages for temperature, wind chill, humidity, pressure, wind 
speed, and precipitation. 

RESULTS 
Responses to the Materials and Program 
 

Demographics of the Sample 
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Of the 63 participants that participated in the post-implementation phase of the stidu, 
62 (35 men, 27 women) completed the survey. The average age of a participating 
players as 58.15 (SD=11.94). Of these participants, their educational background was 
report as: 1 completed up to an elementary school education, 20 completed up to high 
school, 22 earned a college diploma, 14 earned a bachelor’s degree or higher, and 5 
declined to answer. The median reported household income before taxes was in the 
$55000 - $60000 range. The participants lived, on average, 35.20 kilometers from the 
casino (SD=30.74 kilometers), as estimated by the shortest physical road distance 
between the FSA codes representing the home and casino postal code. 

Awareness of the Program 
 
At the time of the survey, 55% of participants were aware of the introduction of the new 
labeling system to the casino and 80% had noticed labels on slot machines at the 
casino at least once after implementation of the classification system on site.  In terms 
of finding the labels on the slot machines at the casino, of the participants aware of the 
program, 58% indicated that they had noticed the labels on most or all of the slot 
machines, 11% indicated that they had noticed labels on only some of the slot 
machines, with the remaining 31% being unsure if they had seen labels on slot 
machines at the casino site.  
 
We also asked participants to rate which of the materials and other related information 
about the program were they aware of, presented below: 
 

Sources of Program Information Participants with Awareness 
Informational pamphlets 38% 
The promotion booth setup in the foyer 36% 
Staff with knowledge of the program 22% 
Digital signage on-site 20% 
Promotions through Playsmart.ca 12% 
Social media or the WCR news letter 2% 

 

Ratings of the Program and Materials 
 
In terms of determining player responses to the content of the labels, participants were 
asked to rate how useful they felt each element of the labels were. As the player 
experience described both an expected payout frequency and the expected length the 
player would be able to play the machine, the player experience part of the label was 
separated into these two respective parts for this question. 
 
The results are presented below: 
 

Tag Element Most Useful (%) 
Bonus Win Frequency 34% 
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Expected payout (Player Experience) 31% 
Expected play time (Player Experience) 22% 
Hold Information 13% 

 
In contrast, players when asked which elements were least useful, participants 
responded: 
 
 
 
 

Tag Element Least Useful (%) 

Expected play time (Player Experience) 35% 
Hold Information 30% 
Expected payout (Player Experience) 18% 
Bonus Win Frequency 18% 

 

Together, these results are consistent with each other and appear to indicate that the 
players felt information about bonus wins and payout information was relevant to them, 
while the potentially more ambiguous or complicated factors of the label, that of hold 
and length of play (most influenced by volatility) were rated as least useful. 
 
We also asked players who were familiar with the labels to rate how much the content 
of the labels matched their actual play experiences, on a scale ranging from 1 (“Did not 
match at all”) to 7 (“Matched completely”), participants gave an average response of 
4.32 (SD=1.82), indicating that they did not feel the materials either matched or 
mismatched their play experiences. 
 
Participants were also asked to rate how well they felt they understood the concepts 
presented on the labels. Approximately 84% of participants felt they understood the 
concepts on the materials adequately. Of the participants that felt they did not 
understand the concepts, all 16% of the remaining participants indicated a lack of 
interest in the content of the materials in the form of additional commentary. 
 
Of all 62 participants surveyed, 43.5% indicated that they felt the materials would cause 
them to change their behavior.  When asked about why they felt that way, players who 
indicated they would change stated things like: “it would help me find more games I 
enjoy”, “make me think”, “make me know the odds”, or to “use my money better”.   
 
Of the players that indicated they would not change, they indicated that they: “only play 
occasionally”, “because I play for fun”, or “desire to use my own judgement”. 
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Impact on Business Operations 
Determining if the introduction of the labels to OLG Slots at Grand River Raceway 
influenced business operations is a potentially complicated task, as determining an 
appropriate comparison group can be difficult (given that the comparison group would 
need to be completely untouched and unvisited by players familiar with the introduction 
of the system). However, there are several ways to do this, many of which require what 
is considered a reasonable counterfactual prediction – what we would expect business 
operations to look like had no labels ever been introduced. Two methods are presented 
below: (1) a naïve forecasting method which assumes relatively stable business 
performance across time and (2) a much more complicated forecasting method 
(termed: Bayesian structured time series, BSTS, analysis) which assumes that past 
performance is the product of many influences, all of which can be used to estimate the 
performance of the casino and its slot machines independent of the presence of the 
labels. 
 

Naïve Forecasting 
 
The simplest way to describe the change in business operations is by assuming 
reasonably stable behaviour across time (that is, that neither coin-in, utilization, nor win 
vary very far from a regular, normal, pattern throughout the year). In such a case, one 
can simply directly compare pre- to post-implementation using the median (with 
variation around the median described through median absolute deviation: MAD). The 
median is preferable to the mean as it tends to reduce the impact of the occasional 
outlying day where behaviour was not typical (such as a day with a heavy snow storm or 
a day with an OLG promotion). Further, given the simplicity of the method, one can 
choose to compare against the recent (past 3 months) or historical (all historical data 
available) to determine these values. This form of comparison is analogous to a naïve 
forecast, where one assumes little to no influence of time varying variables (such as 
holidays, day of the week, et cetera). The results of these comparisons are presented in 
tables below, per day: 
 

All-Time 
Median (MAD) 

Pre Post Difference 

Coin-In 
$1,351,285 
($277,299) 

$1,420,894 
($297,645) 

$69,608 
($20,346) 

Utilization 
0.31 

(0.04) 
0.28 

(0.04) 
-0.03 
(0.00) 

Win 
$115,587 
($24,950) 

$115,587 
($28,061) 

0.52 
(3,111) 

 
 

3-months Median (MAD) 
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Pre Post Difference 

Coin-In 
$1,256,487 
($294,989) 

$1,420,894 
($297,645) 

$164,406 
($2,656) 

Utilization 
0.26 

(0.05) 
0.28 

(0.04) 
0.02 

(-0.01) 

Win 
$101,333 
($2,3369) 

$115,587 
($28,061) 

$14,254 
($4,691) 

 
Based on naïve forecasting using the two year data, utilization appears to have 
decreased marginally from the historical norm, while coin-in and win have increased 
slightly (in the same proportion as the hold for a slot machine on site, as we would 
expect). In contrast, very slight increases in coin-in, utilization, and win are observed 
when only the recent history is used. 
 
To confirm whether these differences were consistent, we assessed the influence of the 
implementation using a more complicated method was employed by the authors before 
drawing any conclusions about the impact of the labels on player behaviour. It was 
expected that if the above naïve results are true, the same pattern should be observed in 
both analyses. 
 

Structured Time Series Forecasting: Accounting for Past 
Behaviour 
 
The impact of the introduction of the labels on profitability and machine usage can also 
be understood as the product of much more complex patterns of behaviour. For 
example, certain days of the week may be consistently busier, certain months or 
seasons more profitable, or holidays and promotions may behave differently than 
normal days (or different from each other, such as Christmas versus Easter).  
 
There are a number of ways to account for these types of changes, including 
approaches like multilevel modeling, additive regression (most typically, an ARIMA 
model), exponential smoothing, and Bayesian structured time series (BSTS). Here, we 
present several models produced through the BSTS method  as it is amenable to 
including multiple different types of information (such as a trend across the year, daily 
and weekly variation, etc.) and a large number of related predictors (Scott & Varian, 
2014; Varian, 2014) to enhance accuracy. The BSTS method can also readily be used to 
infer causal impact from a marketing intervention such as the present initiative by 
assessing whether the present pattern deviates from what we would expect had the 
intervention never taken place, something that is often difficult to assess when 
comparison data is difficult to obtain directly or unclear (Broderson, Gallusser, Koehler, 
Remy, & Scott, 2015). These advantages come at the cost of increased modelling 
complexity and computational complexity compared to traditional approaches (namely, 
additive regression), but these disadvantages were considered acceptable given that 
our BSTS model far out-performed equivalent additive regression modeling. 



  27 
 

   

 
At its core, BSTS attempts to forecast future behaviour by observing past behaviour, 
accounting for things that affect the data consistently (such as decline year-over-year), 
seasonal effects (regular, predictable patterns of variation, such as daily, weekly, 
monthly, seasonal, or yearly effects), and the relationship between performance and 
other related-variables (called predictors). This is achieved, in large part, by estimating 
each of these factors by establishing whether there is evidence for each pattern (such 
as through maximum likelihood) and weighting the pattern of each type of effect by that 
likelihood. Once both the pattern and the evidence is understood, the combined 
influences of the effects can be added up to produce what one would expect the future 
to look like given all the various influential effects.   
 
To determine the pattern each variable would be expected to follow after 
implementation had no labels been introduced, a number of historical indicators (such 
as performance the previous week or previous day), overall business the previous day 
(cumulative utilization), weather for the site each day, and a number of more complex, 
state space terms capturing seasonality (day-of-the-week effects, week effects, monthly 
effects, and seasonal period effects) were used in the models. For more specifics about 
the implementation, please see Appendix 1, “Forecasting model details for the BSTS 
approach”.  
 
The results of this analysis are presented in the following subsections, one for each 
cumulative business operation variable: Coin-In, Utilization, and Win. 
 

Coin-In 
 
The result of the analysis is depicted in Figure 9. During the post-intervention period, 
total coin-in each day had an average value of approximately $1.47 million. In the 
absence of the introduction of the labels, we would have expected coin-in to average 
around $1.58M per day. The 95% interval of this counterfactual prediction is [$0.30M, 
2.89M]. Subtracting this prediction from the observed response yields an estimate of 
the causal effect the intervention had on the total daily coin-in. This effect is $-0.11M 
with a 95% interval of [-1.42M, 1.17M], a decrease in the amount wagered equal to about  
-7% on average per day . The probability of obtaining this effect by chance is p = 0.434. 
This means the effect may be spurious and would generally not be considered 
statistically significant. 
 

Utilization 
 
The results of the Utilization analysis is presented in Figure 10. During the post-
intervention period, the average daily Utilization was approximately 0.28. In the absence 
of an intervention, we would have expected an average utilization of 0.37. The 95% 
interval of this counterfactual prediction is [0.045, 0.71]. This effect is -0.096 with a 95% 
interval of [-0.43, 0.23]. In relative terms, utilization per day showed a decrease of -26%. 
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The probability of obtaining this effect by chance is p = 0.279, which similar to the effect 
of coin-in, is not considered significantly different. 
 

Win 
 
The result for the analysis of casino Win is presented in Figure 11. During the post-
implementation period, the win of the casino had an average value of approximately 
$124.69K. In the absence of an intervention, we would have expected an average win in 
the amount of $122.12K. The 95% interval of this counterfactual prediction is [$12.15K, 
$230.58K]. Subtracting this prediction from the observed response yields an estimate of 
the causal effect the intervention had on the casino’s win. This effect is 2.58K with a 
95% interval of [-$105.89K, $112.54K]. In relative terms, the response variable showed 
an increase of +2%. The probability of obtaining this effect by chance is p = 0.489 and is 
not considered significantly different.  
 
Together, the more complicated BSTS forecasting method appears to suggest no 
significant differences exist between the pre-implementation and post-implementation 
periods. However, from examining the respective figures, it is apparently that some 
degree of variation does appear to have been introduced, leading to an approximate 
decrease in utilization with reasonably stable profits. The subsequent section attempts 
to account for how this paradoxical observation could have occurred. 
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Figure 9. Estimating the change in Coin-in using the BSTS method. Top: The forecast of coin-in (red) versus the 
actual coin-in (black). Bottom: The difference between the forecast and the actual coin-in.  
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Figure 10. Estimating the change in Utilization using the BSTS method. Top: The forecast of utilization (red) 
versus the actual utilization (black). Bottom: The difference between the forecast and the actual utilization.  
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Figure 11. Estimating the change in Win using the BSTS method. Top: The forecast of Win (red) versus the 
actual Win (black). Bottom: The difference between the forecast and the actual win. 
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The Effect of Slot Machine Classification on Casino Win 
 
Despite not representing a significant difference, both the naïve and BSTS forecasts 
identified a potential decline in the utilization in the presence of unchanged or elevated 
win. We therefore investigated how players as a whole had adapted their play 
preferences over time. This was done for two reasons: the first, is that it would help 
explain the potentially paradoxical trend in the data suggesting a decline in utilization 
but an increase in operating profits. Despite not reaching the threshold for being 
considered meaningful based on probability, even a small (and therefore hard to capture 
with the limited available data) effect could be important either to players or to OLG as a 
whole. The second, is that a more detailed analysis of player preferences may elucidate 
a pattern obscured by analyzing slot machines of various types at once. 
 
To achieve this, each slot machine was categorized based on all three elements of the 
label and the respective denomination of the slot machine (that is, a slot machine with 
high hold, high bonus, and longer player experience would be distinct from a slot 
machine with high hold, mid bonus, and longer player experience). For each unique slot 
machine category, of which there were 56, we can then determine how play preferences 
have changed based on two factors: allocation of time (the difference between 
utilization between pre- and post-implementation) and the change in betting behaviour 
(the degree of departure of the coin-in from that expected at 14 spins per minute at 
minimum denomination of the slot machine). Accordingly, 
 

𝑡𝑐𝑎𝑡 =  𝑢𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛𝑐𝑎𝑡 ∗ 24 ∗ 60 
 

𝑤𝑐𝑎𝑡 =  
𝑐𝑜𝑖𝑛𝑐𝑎𝑡

𝑡𝑐𝑎𝑡 ∗ 14
 

 

�̂�𝑐𝑎𝑡 =  
𝑤𝑐𝑎𝑡

𝑑𝑐𝑎𝑡
 

 

Where 𝑡 is the average time per categorization, 𝑤 is the estimated wager per spin at 14 

spins per minute as an assumed normal amount for each category, and �̂� is the 
estimated departure in the wager given the average wager observed in the data for that 
category divided by 𝑑, the denomination of the machines within the category. The 
resulting variables thus describe how long and how much people wager, on average (as 
a function of both rate of play and amount wagered per spin; the two cannot be 
disambiguated from each other without specific data in number of pulls or through 
average wager directly). Using these two estimates, we now have two measures of 
player affinity for each type of slot machine: the average utilization per category and the 
average betting behaviour per category. 
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The results of quantifying the affinity in both ways are depicted graphically in Figures 12 
through 17. The change in utilization behaviour is depicted in Figures 12 (“Higher 
Stakes”), 13 (“Balanced Play”), and 14 (“Longer Play”) and total coin-in per hour of 
operation, a measure of betting behavior, is in Figures 15 (“Higher Stakes”), 16 
(“Balanced Play”), and 17 (“Longer Play”). For most classifications of machines, the 
proportion of time the machine was utilized per day decreased after implementation. In 
contrast, for coin-in, an increase was observed after implementation, particularly in low 
denomination slot machines.  Where the coin-in per hour depicts the general change in 
spending, the “betting behaviour” we evaluated can be thought of as the way people 
spent more money in less time. For this reason, we use betting behaviour to account for 
how much of the win the change in utilization time and spending/play behaviour 
accounted for in the section “Explaining the Paradoxical Decrease in Utilization But 
Stable Casino Win”, though the two are very much measures of the same thing.
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Figure 12. The proportion of utilization time allocated to each type of slot machine categorized as “high stakes”. White 
represents pre-implementation and black post-implementation, with the difference between the two bars being the size of 
the change from pre-implementation to post-implementation for the respective category. 
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Figure 13. The proportion of utilization time allocated to each type of slot machine categorized as “balanced play”. White 
represents pre-implementation and black post-implementation, with the difference between the two bars being the size of 
the change from pre-implementation to post-implementation for the respective category. 
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Figure 14. The proportion of utilization time allocated to each type of slot machine categorized as “longer play”. White 
represents pre-implementation and black post-implementation, with the difference between the two bars being the size of 
the change from pre-implementation to post-implementation for the respective category. 
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Figure 15. The total amount of coin-in to slot machines categorized as “high stakes” per hour of operation. White represents 
pre-implementation and black post-implementation, with the difference between the two bars being the size of the change 
from pre-implementation to post-implementation for the respective category. 
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Figure 16. The total amount of coin-in to slot machines categorized as “balanced play” per hour of operation. The betting 
behaviour is depicted through the average deviation away from the minimum bid on a per-spin basis. White represents pre-
implementation and black post-implementation, with the difference between the two bars being the size of the change from 
pre-implementation to post-implementation for the respective category. 
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Figure 17. The total amount of coin-in to slot machines categorized as “longer play” per hour of operation. The betting 
behaviour is depicted through the average deviation away from the minimum bid on a per-spin basis. White represents pre-
implementation and black post-implementation, with the difference between the two bars being the size of the change from 
pre-implementation to post-implementation for the respective category. 
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To determine if the observed differences were large enough to be considered 
meaningful and to account for which elements of the labels may have had the most 
influence on any of these changes, the data were analyzed in a Mixed Linear Model 
(MLM; inference of the size of the impact through restricted maximum likelihood). MLM 
predicts the change in a variable (in this case, utilization or betting behaviour) by 
measuring its influence while controlling for the influence of all other variables. MLM 
rather than a more traditional repeated measures ANOVA was chosen because it 
relaxes the requirement for all combinations of cases (such as each classification 
category) to be present in the data and it treats cases that share one or more 
classifications as more similar to each other than those that differ in more ways. MLM 
also cleanly handles the analysis of hierarchical categorization systems such as the 
label classification system presented in this report. For sake of clarity, only those 
results that survived post-hoc testing (using the Holm-Sidak correction: Holm, 1979) are 
discussed here. The Holm-Sidak method of testing is more conservative than other post 
hoc tests, but given the gravity of describing potentially spurious findings, this was 
considered an asset. 
 

Influences on Changes in Utilization Rate 
 
Following the introduction of the labels, the average daily utilization decreased 
significantly on low denomination slot machines ranging between $0.01 and $0.25, 
though the average difference was reasonably small, approximately 7%. In terms of the 
significance of the difference of each type of denomination, they were as follows: at 
$0.01, F(239)=73.482, p<001, at $0.02, F(239)=70.574, p<001, at $0.05, 
F(239)=10.742,p<001, at $0.10,  F(239)=48.425, and at $0.25, F(239)=10.516, p<001.  
 
The hold of the slot machine was also found to change significantly after the 
introduction of the labels for both low, F(239)=20.067,p<001, and high hold, 
F(239)=41.160,p<001, slot machines. Both denomination and hold were found to 
interact, consistent with this pattern.  
 
Post hoc testing revealed that the above pattern was consistent, with a significant 
decrease in utilization being observed across all but the $0.25 machines for both high 
and low hold. This suggests that as a result of the introduction of the label program, 
utilization was found to decrease in slot machines of low denomination and different 
hold types, but remained relatively stable in other classifications. 
 

Influences on Changes in Betting Behaviour 
 
Following the introduction of the labels, the average bet was found to increase on low 
denomination slot machines, particularly those of $0.01, F(239)=114.331, p<001, and 
$0.02 value, F(239)=10.066, p<0.002. A significant increase of betting behaviour was 
also observed on low hold machines, F(239)=11.853, p<0.001, and a marginal change in 
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bet on high hold machines, F(239)=3.520,p=0.062. There was also evidence suggesting 
that the increase in betting behaviour was driven by both hold and denomination, as 
indicated by the significant interaction between the two at low hold, $0.01 
denomination, F(239)=87.247 , p<0.001, high hold, $0.01 denomination, F(239)=33.362, 
p<0.001, and high hold, $0.02 denomination, F(239)=7.324 ,p<0.007, and a marginal 
increase in betting on low hold, $0.02 denomination, F(239)=3.654,p=0.057, as revealed 
by post hoc testing. Overall, an increased betting level was observed in low 
denomination machines (particularly those of $0.01 and $0.02) after the 
implementation of the labels, in both high and low hold machines. 
 

Explaining the Paradoxical Decrease in Utilization But Stable Casino Win 
 
To confirm the consistency of the aforementioned forecasts with the change in 
utilization and betting behaviour described in the previous section, we performed a brief 
theoretical analysis of the data at hand. Specifically, by accounting for the size of the 
change in behaviour, we should be able to accurately estimate the win after introduction 
of the labels, if and only if nothing else caused this change. We can determine this as 
the product of the number of spins per day (estimated to be an average of 14 per 
minute), the average hold of the slot machines within each classification category, the 
average betting behaviour in that category, and the denomination of the slot machines 
in each category. 
 
If a change in the allocation of time alone was sufficient, then we would expect the win 
to follow: 
 

𝑤𝑖𝑛𝑝𝑜𝑠𝑡|𝑐𝑎𝑡 ≈  𝑑𝑒𝑛𝑜𝑚𝑐𝑎𝑡 ∗ ℎ𝑜𝑙𝑑𝑐𝑎𝑡 ∗  �̂�𝑝𝑟𝑒|𝑐𝑎𝑡  ∗  14 (𝑡
𝑝𝑟𝑒|𝑐𝑎𝑡

+ ∆𝑡𝑐𝑎𝑡) 

 
, where post-implementation win for each category would approximately equal the 
denomination of the category time the average hold for that category time the average 
pre-implementation utilization time plus the change in utilization time observed post-
implementation, converted to number of spins, adjusted by the pre-implementation 
departure in wager. But this method underestimates the true win post-implementation 
by about 31.63%, with an estimated win of $84329.17 per day when the actual amount 
observed was $123340.08. 
 
In contrast, if both time and change in play habits have changed, we would expect the 
win to approximate: 
 

𝑤𝑖𝑛𝑝𝑜𝑠𝑡|𝑐𝑎𝑡 ≈  𝑑𝑒𝑛𝑜𝑚𝑐𝑎𝑡 ∗ ℎ𝑜𝑙𝑑𝑐𝑎𝑡 ∗ (�̂�𝑝𝑟𝑒|𝑐𝑎𝑡 + ∆�̂�𝑐𝑎𝑡) ∗  14 (𝑡
𝑝𝑟𝑒|𝑐𝑎𝑡

+ ∆𝑡𝑐𝑎𝑡) 

 
, where the method is the same as before, but also includes the change in the departure 
in wagering behaviour between pre and post. With this method, we account for 95.14% 
or $117342.08 of the true win (with the remained attributed to random variation). 
Accordingly, the change in profit, given the hypothetical reduction in utilization is best 
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accounted for by a corresponding increase in how people are played on these slot 
machines. Despite decreasing the duration of play, we found that the tendency to 
engage in either quicker spins or higher than minimum wagers at a larger magnitude 
after the implementation of the labels best accounted for the reasonably unchanged 
casino win. 

Changes in Player Knowledge 
 
Participants completed a questionnaire designed to assess the player’s knowledge of 
various slot machine mechanics: player experience (as influenced by volatility, stakes, 
etc.), hold, and bonus rounds. The knowledge level of the participant was assessed 
using a 7-point Likert scale ranging from “Strongly Disagree” to “Strongly Agree”. 
Knowledge was assessed both in terms of understanding of the concept behind each 
mechanic (for example, a question about hold would be: “When it comes to slot 
machines, a percent of all bets made – across all players – is held by the casino and not 
returned as prize money”) and whether the player could find slot machines that differed 
on the specific mechanic (for example, I am able to find a slot machine that has a LOW 
or VERY LOW hold). 
 

Differences between the pre- and post-implementation groups were assessed using the 
Mann-Whitney U test, as Likert items are not continuous variables and thus are not 
suitable for analysis using traditional parametric tests like the t-test. A correction for 
multiple comparisons was also made (Benjamini, 2010) to reduce the risk of spurious 
findings. Differences that remain significant after correction for FDR are highlighted in 
blue. 
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Topic Category Pre* Post* Difference Significance 

Player 

Experience 

Knowledge 

Level 

71.59 63.52  0.189 
59.08 79.15 + 0.002 
59.67 78.42 + 0.004 
57.17 76.67 + 0.003 

Locating Slot 

Machines 

64.92 71.85  0.297 
59.70 78.38 + 0.005 

Hold 

Knowledge 

Level 

65.08 71.65  0.316 
72.64 62.20  0.110 
67.52 68.60  0.864 
63.13 74.08  0.090 
73.17 61.54  0.081 

Locating Slot 

Machines 

59.85 78.19 + 0.005 
60.07 77.91 + 0.007 

Bonus Wins 

Knowledge 

Level 

72.90 61.88  0.091 
61.55 76.06 + 0.028 
60.10 74.32 + 0.032 
71.01 64.24  0.304 

Locating Slot 

Machines 

63.47 73.67  0.125 
64.80 72.00  0.278 

*Mean rank rather than has been reported due to the use of the non-parametric Mann 

Whitney test for each question. 

 
No significant differences were observed in how participants understood the concept of 
hold or in how bonus wins are determined during play. However, participants did show a 
significant increase in their knowledge levels with regard player experience (volatility) 
between pre and post-implementation. The average participant increasing their 
agreement with each question by an average of 1.2 units (equivalent of a shift from the 
neutral midpoint to the scale to “agree”). Participants also reported that they were more 
able to locate slot machines offering differing levels of hold and partially higher 
confidence in location slot machines differing by player experience after introduction of 
the tags. 
 
There were no significant changes for the SEMO and REKT between pre-assessment 
and post-assessment, indicating that despite showing some change in understanding of 
the concepts and ability to actually physically locate certain kinds of slot machines, they 
did not change how they self-monitored and/or budgeted during play or their deeper 
understanding of probability and random events underlying slot machine play. 
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Changes in Player Behavior 
 
Of the 142 participants who consented to participate in the study, 127 had player data 
available for both the historical and post-implementation periods. To be considered 
representative, participants were further required to have gambled at least once every 
two months for inclusion in the analysis. This was done to ensure that the results 
describe actual players. This resulted in 87 participants being included in the 
subsequent analyses.  
 
To assess these fit between the player data and the results of the business operations 
analysis, each participant’s allocation of their wager was assessed in the context of all 
the machine types on site and their respective denominations, in a similar method to 
that used to assess the overall machine data. In contrast, however, to allow the 
comparison across potentially disparate play preferences due to the comparatively 
small number of players sampled by our study, we normalized each player’s 
preferences. The result was the distribution of wager allocated to each type of machine, 
pre-implementation and post-implementation, out of a total of 100%. We found a similar 
play distribution pattern to that observed in the machine data. For example, Figure 18 
presents the average distribution of player wager for “balanced play” slot machines. 
Players showed the highest amount of betting on high and low hold, low denomination, 
slot machines, while betting minimally on higher denomination slot machines. Though, 
the pattern is similar to what we observed in the cumulative performance data for the 
casino, this is to be expected given that our sample is a small cross-section of all 
potential players and thus the variation within our data should be higher than that 
observed for players. It is therefore reasonable to consider the findings from the player 
data as related to the overall patterns observed in the analysis of business operations. 
 
A repeated measures Analysis of Covariance (ANCOVA) was performed to assess 
whether certain personality characteristics (RTC: cognitive rigidity, emotionality, routine 
seeking or problem gambling status (PGSI: at-risk for problem gambling if scoring 
higher than 3) would were related to an increase in the win in each slot machine 
classification (Hold: high and low; Game type: high stakes, balanced, and longer play). 
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Figure 18. The proportion of betting behaviour allocated to each type of slot machine categorized as “balanced 
play” for the average player participating in the survey. White represents pre-implementation and black post-
implementation, with the size of each overlapping bar representing the respective level of the slot machines in 
that category. ). Overall, the general pattern was found to be very similar to that of the cumulative data for the 
site, though the direction of change after implementation did differ in some cases. 
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The introduction of the labels did not have a significant influence on the win received 
from an average participant, though a trend was observed increased casino win from 
low duration slot machines, F(1,81)=3.451, p<0.067. In contrast, after accounting for 
each personality characteristic, several significant patterns were observed. A 
significantly higher casino win was observed for high hold games amongst individuals 
scoring high in routine seeking following introduction of the labels, F(1,81)=2.595, 
p<0.025. Significantly higher win post-implementation was also observed in high hold 
games amongst participants scoring higher in cognitive rigidity, F(1,81)=5.869, p<0.018. 
In contrast, participants at risk for problem gambling behaviours were found to show 
significantly increased casino win in low hold games, F(1,81)=5.666, p<0.020. That is, 
individuals prone to routine seeking and were relatively cognitively rigid were found to 
have lose more money on high hold slot machines following implementation of the 
labels, while participants with elevated risk of becoming a problem gambler were found 
to lose more money on low hold slot machines. 
 
Ignoring slot machine classification, we used ANCOVA to investigate whether routine 
seeking, cognitive rigidity, and problem gambling status significantly influenced overall 
casino win observed in the average player session. We found that, post-implementation, 
the average player was found to lose slightly more money, F(1,98)=4.836, p<0.03. 
Players at moderate risk for developing problem gambling behaviour were also found to 
show a trend in higher losses post-implementation, F(1,98)=3.303, p=0.072. When the 
time between visits was taken into account, no significant difference was observed for 
average players, but moderate risk problem gamblers were found to trend toward 
showing a reduced latency between visits post-implementation, F(1,98)=3.627, p=0.060. 

DISCUSSION 
By comparing both business operations data and player data, we were able to assess 
the impact of the implementation of informational labels into one of OLG’s casinos. We 
found that the provision of more information about slot machines appears to have had 
limited impact on business operations, though there is some evidence for a shift in the 
types of machines players are playing on post implementation. That is, that after 
introduction of the labels, players were found to significantly shift their play toward high 
and low hold, low denomination slot machines. Interestingly, players were found to 
reduce the overall quantity of play but appeared to increase either their rate of play or 
average wager, suggesting that the shift to lower denomination machines may be 
theoretically a positive result, however, the failure to impact win significantly would 
suggest that gambling has not become safer, but instead changed character.  
 
One reason for this might be that by providing players with information about the slot 
machines that was not previously immediately available to them caused may feel more 
confident in their choice of slot machine, thus reducing their latency or increasing their 
wager, running out of coin faster, and therefore slightly reducing overall utilization. Prior 
work in decision making has found that when predicting uncertain outcomes, such as 
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the outcome of a sports game, providing more information about team performance 
caused people to increase in their confidence at picking a winning team, despite 
actually decreasing their overall accuracy at doing so (Hall, Ariss, & Todorov, 2007).This 
is because the confidence of the participant causes them to fail to notice readily 
available patterns and statistical cues that are more indicative of overall performance. 
This finding is consistent across a variety of tasks and a diverse body of participants 
involving chance, including weather prediction (Stewart, Heideman, Moninger, & Reagan-
Cirincione, 1992) and in determining when to change strategy (Arkes, Dawes, & 
Christensen, 1986). Previous research has also found that people prefer to bet on 
events about which they feel that have some expertise or knowledge rather than on 
things they feel unprepared or ignorant about (Heather & Tversky, 1991). Future work 
could assess this by directly measuring a player’s confidence in their ability to choose 
successful machines rather than their existing knowledge level.  
 
Measuring player belief in the accuracy of the labels at more than one point in time 
post-implementation would also help better identify longer term shifts in player 
preferences. One obstacle of providing information about slot machines is that their 
behaviours are often quantified across a long timescale, such as the theoretical lifetime 
of the slot machine, and therefore are difficult to notice on short time scales, such as 
occasional visits to the casino. Related research suggests that players have a tendency 
to attribute successful outcomes to internal factors, such as their belief in their skill or 
ability to effect the outcome of the game, while simultaneously attributing losses to 
external factors, such as the information on the labels themselves. Research has also 
shown that people find it difficult to conceptualize how randomness operates in the real 
world (Tversky, Kahneman, & Slovic, 1982). Therefore, it is critical that the faith players 
have in the labels is assessed to ensure that the materials are being used and being 
used responsibly. 
 
We found only limited evidence for a change in knowledge. No significant differences 
were observed between the pre-implementation and post-implementation random 
events knowledge, self-monitoring and safe gambling habits. However, players were 
found to indicate a stronger level of confidence in being able to locate slot machines 
differing in hold, and showed evidence for better understanding of player experience 
(and underlying volatility) and an improved ability to locate slot machines differing in 
player experience.  
 
We also found some evidence that the shifts in profit following introduction of the 
labels may be partially related to certain personality characteristics. However, these 
results were relatively low in strength (despite either being significant or trending in that 
direction). To increase confidence in the findings, closer surveillance of at-risk players 
and/or further study would be necessary. This noted, should the patterns be found to be 
consistent, the current implementation may have caused some players at-risk for 
problem gambling to increase the frequency and amount of loss. Average players were 
also observed to lose slightly more money following introduction of the labels.  The 
present research on iatrogenic effects in problem gamblers and related addictions is 
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limited, though given the aforementioned research on confidence, it remains plausible 
that the provision of more information may cause both regular and problem gamblers to 
gamble more readily because they are trusting the tags. Though, this is purely 
speculative as we could not investigate this effect further. 

Future Directions 

As discussed above, it is important that player confidence in the materials and their 
usefulness be assessed regularly to ensure that the materials are being used to guide 
their gaming in a responsible and intelligent way. While the present analysis did appear 
to suggest that players increased their play on reasonably more responsible games, in 
the form of low denomination, low and high hold slot machines, this finding was at-odds 
with the player reactions to the new materials. In our survey, players suggested a 
relatively middling match between the content and the labels and their play experiences. 
While, this is to be expected given the short-term instability of many of the concepts 
presented on the tags and potentially variation in how slot machines were classified, it 
also suggests that players across a longer timespan might become less confident in the 
materials as time goes on (due to each player only experiencing a comparatively small 
number of play sessions on a specific device, and having imperfect memories). 
Accordingly, more study will be necessary to ensure the present implementation 
functions as expected beyond the 3-month post-implementation presented herein. 

We must also highlight the importance of the accuracy of classifications in improving 
the usefulness of the tags. As the suppliers or vendors were responsible for classifying 
both play experience and bonus win frequency, with no independent verification, we 
were unable to verify the accuracy of the categorizations. This is particularly noteworthy 
because several slot machines on site were labeled as offering no bonus wins, despite 
offering bonus free spins at an element of regular gameplay. To address this, future 
work could provide a more specific and concrete operationalization of each term for the 
vendor to ensure that each classification is consistent and correct.  

One thing that was reasonably consistent across our results was the suggestion that 
the label classifications were considered somewhat uninformative by surveyed players. 
When asked to rank the classification elements, players rated hold and player 
experience as low. This is also consistent with the rating that actual play experiences 
did not match the content of the tags. Future work will need to investigate whether the 
introduction of other forms of label information could achieve the same goals as the 
present classification scheme, but while being more relevant and accurate in the short-
term, rather than the long-term. 

Information that is personally relevant and directly observable has been shown to be far 
more influential in influencing player behaviour than other types of information 
(Monaghan & Blaszczynski, 2010; Parke et al., 2014). This is in contrast to a concept like 
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hold, which is potentially less meaningful for a participant due to the risk of large 
fluctuations in the short-term (Delfabbro, 2004). In one study, dynamic warning 
messages that encouraged self-appraisal and specifically referenced money spent were 
found to have the greatest impact in preventing harmful behaviours (Gainsbury, Aro, 
Ball, Tobar, & Russell, 2015). One example of a way to convey this type of meaningful 
information could be to include expected cost for a meaningful time period, such as 15 
minutes (an example of what this is expected to be for “longer play” slot machines is 
presented in Figure 19). This information would have several advantages over the 
element of hold particularly. For instance, it could be evaluated by a player more readily, 
allowing a more accurate assessment of their recent experience. It also can be 
established without consulting manufacturers, decreasing the time and complexity 
needed to identify and implement these data on a label. Finally, it has the advantage of 
reminding the player that they may lose money without necessarily focusing on a loss 
outcome (as cost is neutral while loss has substantially more negative meaning). 
 
Finally, while finding some promising results after only 3 months of post-
implementation evaluation, more time is necessary to ensure that the lack of difference 
in the cumulative business operations metrics, particularly those of win and utilization, 
are stable. It is wholly possible that when measured on a longer timescale, the influence 
of the classification system could change. 
 

 
Figure 19. The estimated cost to a player per 15 minutes of play. These are 
the average performance from April 2015 through to the present. 
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CONCLUSION 
The present work represents a reasonably positive first step in providing information to 
players in an effort to encourage responsible gaming. The present label classification 
system was found to have limited influence on day-to-day operations, while also finding 
some evidence for players to increase the amount of gambling they do on more 
responsible – low denomination – slot machines. Further study by OLG will be 
necessary to ensure that the patterns described here do not change and are, in fact, 
stable. The present work also lays a reasonable groundwork for further labeling 
initiatives to be based on and highlights key areas that should be improved should 
others attempt the same approach to encouraging responsible gaming. 
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APPENDIX 1 

Forecasting model details for the BSTS 
approach 

Modelling Details 

Data were split into a training and test set, consisting of 80% training (April 1st, 2015 
through October, 10th, 2016) and 20% validation (October 11th, 2016 through February 
27th, 2017). The remaining post-intervention period (February 28th, 2017 through May 
27th, 2017) was used purely to test the final impact of the implementation. Accuracy of 
the model was assessed through Root Mean Squared Error (RMSE: the average 
magnitude of error using the actual units), Mean Absolute Percentage Error (MAPE: the 
average magnitude of error in percent, relative to the actual units), and Mean Absolute 
Scaled Error (MASE: the average magnitude of error relative to the error in a seasonally 
naïve prediction).  

The data were modeled using 5000 MCMC (Mixed Chain Monte Carlo) iterations and a 
burn-in of 500 using BSTS method, as models were found to be stable under this 
regime. Models were assessed and the included seasonal effects and variables were 
adjusted based on inclusion probability metrics. Once acceptable performance was 
reached on the training data set for each variable, the data forecast from the model was 
subjected to Causal Impact Analysis (Broderson et al., 2015), which assessed the 
cumulative impact of the introduction of the classification labels to OLG Slots at Grand 
River Raceway given the performance we expect from past history and other related 
predictors included in the model. 

Each of the three variables were assessed independently. The constructed models 
consisted of a number of components meant to assess how the win, coin-in, and 
utilization varied across time. Most of the included elements are discussed in detail in 
Durbin and Koopman (2012). A semi-local linear trend (one assuming a constant rate of 
change, but can vary randomly in magnitude at any point in time) was used to account 
for any gradual fluctuations across time, such as a sporadic potential decline in 
gambling participation. In addition, four seasonal effects were included: a daily 
(repeating every 7 days), a weekly (repeating every 52 weeks, and lasting for 7 days 
each), a monthly (repeating 12 months and lasting 29.93 days each), and seasonal 
(repeating every 4 seasons, with a duration of 91.25 days) were included. The initial 
model included holiday effects were specified for all Canadian statutory holidays and 
their influences were estimated to extend 1 day prior to and following each holiday. As 
Easter moves based on the date of the March Equinox each year, its position was 
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specified through dummy coding, while all other holidays were either fixed date or n-th 
weekday of specific months. 

To account for shifts in play behavior across short spans of time, performance for the 
previous day, previous three days, and for the same day in the previous week were 
included in the model as predictors of each subsequent day, to account for more 
complex patterns in the data than regular seasonal change accounted for above. 

To better account for variation that is not simply a product of time, other predictors 
were also included in the model. It was anticipated that the weather would have an 
influence on attendance at the casino, so weather data in the form of the daily 
temperature, wind chill, humidity, pressure, wind speed, and precipitation were included 
in the model as predictors.  

Prediction Accuracy 

The prediction accuracy of each of the three models, in their final form, is presented in 
Table 3. After evaluating several models including individually weighted holidays, the 
resulting models were deemed to be underspecified so the holidays were instead 
included as a single predictor using dummy coding for the variable of utilization. 

Final forecasting model performance is presented below: 

Coin-In Utilization Win 

RMSE $84,306.06 0.01 $11499.37 
MAPE 5.02% 3.05% 11.43% 
MASE 0.01 0.01 0.01 

RMSE can be interpreted as the average difference between the difference between the 
estimated performance from the model and the actual performance for the validation 
data period. MAPE is the magnitude of the difference between the estimate and actual 
performance relative to the size of the actual signal, expressed as a percent. MASE is 
the difference between the estimate and actual from the model relative to the difference 
between a naïve forecast and the actual, expressed between 0 and infinite. In all cases, 
smaller is better. 

It remains wholly possible that better fitting was possible with additional data, such as 
historical data for a longer period (as the ~2 years is still quite limited in modeling 
longer-term effects, like monthly, seasonal, and yearly effects) or by using using 
counterfactual predictors from other gaming locations for the same span of time (to 
evaluate normal behaviour independent of Elora’s location and/or the implementation of 
the labels), or by using more complex economic indicators. These noted, the 
performance was considered adequate for the present analysis in describing overall 
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trends in behaviour post-implementation, especially considering the size of the 
forecasting period. 




