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Introduction 

Data Mining in the Gaming Industry

As more countries and regions are considering legalizing and/or expanding gam-
ing in their respective markets, many casinos in the global casino market are facing 
increased competition in player acquisition and retention, as well as revenue generation. 
Hence, customer relationship management (CRM) has become critical for a profitable 
relationship with customers. One way in which marketers can effectively compete is 
mining customer data. Mining and analyzing customer data helps marketers better 
understand customer behavior and predict specific behaviors. This, in turn, will enable 
them to identify prospects, segment customers, target specific segments, and inevitably 
optimize the available marketing resources. For these reasons, big data and predictive 
analytics have become increasingly important across many industries. While some ca-
sinos have embraced data analytics and mined customer data for data driven-marketing 
(Experfy Insights, 2014), to the best knowledge of the authors of this article, there has 
been relatively little effort in the gaming literature to discuss the application of data 
mining methods to the prediction of customer behavior. 

Data mining is generally defined as the process of discovering meaningful patterns, 
relationships and associations hidden in large data sets by examining and modeling the 
data (Chung & Gray, 1999; SPSS Inc., an IBM Company, 2010; Peacock, 1998). The 
application of data mining techniques to customer data has gained increasing attention 
and popularity from marketers in various industries, especially in the telecommunica-
tion and banking sectors. The use of data mining methods in the marketing field has 
helped marketers target specific groups of customers or individuals and customize their 
marketing offers (McCarty & Hastak, 2007). Data mining is also used to classify cus-
tomers who are likely to respond to specific marketing promotions such as direct-mail 
offers and to identify cross-sell and up-sell opportunities.

In the gaming industry, a few anecdotal case studies claim the application of data 
mining techniques for the analysis of customer data. For example, it was reported that 
Las Vegas Sands selected SAS, a business intelligence software vendor, for the analysis 
of the vast amount of customer-related data collected from its multiple gaming facilities 
(Woodie, 2011). Another company, Harrah’s Entertainment Inc., [Caesars Entertain-
ment Corporation] was also reported for its use of data mining techniques and predic-
tive analytics (SAS, 2010). In the academic field, the Division on Addictions at the 
Cambridge Health Alliance, a Harvard Medical School Teaching Affiliate, has partnered 
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with bwin, one of the major online gaming companies, for collaborative research on the 
problem gambling detection and responsible gambling initiatives (Burton, 2008). These 
collaborative research efforts are based on the tracked gaming data of individual online 
bettors, preventing self-reported biases and recall issues which are typically associ-
ated with the self-report questionnaire approach (Burton, 2008). Despite these claims, 
there has been very little discussion regarding the application of data mining techniques 
in the gaming industry. Additionally, the authors’ experience in the gaming industry 
confirms the limited application of statistical and data mining methods in customer clas-
sification and behavior prediction. 

Cross-Gaming Prediction

One of the areas where data mining is potentially useful is identifying casino patrons 
who are likely to play both slots and table games, also known as cross-gaming (Suh & 
Alhaery, 2014). While it is a common practice in the gaming industry to divide custom-
ers into either slot or table game players and market to them accordingly, some patrons 
may play both slots and table games or have the potential to play both (Suh & Alhaery, 
2014). Casino operators often try to promote table games to slot players and vice versa 
in the hopes of increasing overall gaming revenues (Brokopp, 2008; Green, 2010; 
Fleming, 2006; Pollard, 2008). This is similar to cross-selling practices in many indus-
tries. For example, casino marketers offer match play coupons for table games and free 
play coupons for slots. These offers are typically designed not only to increase gaming 
volumes, but also to encourage players to try new or different games (Lucas, 2004; Suh 
& Alhaery, 2014). Other examples of cross-gaming promotion include an online gaming 
company cross-selling blackjack to its online poker players (Fleming, 2006; Pollard, 
2008); a game manufacturer introducing a hybrid game which features both video-pok-
er and video-slot components (Brokopp, 2008; IGT, 2011); and a company announcing 
the development of a device to facilitate the exchange of cash-out vouchers from slot 
machines for table game chips (e.g., Casino Enterprise Management, 2010; Future-
Logic, 2012). Additionally, a recent study that examined the prediction of cross-gaming 
propensity (Suh & Alhaery, 2014) showed the possibility of generating incremental 
gaming revenues from cross-gaming prospects. In their study, cross-gamers in most 
areas exhibited greater spending on gaming and higher visit frequency in comparison to 
non-cross-gamers. 

While casino marketers strive to generate additional gaming revenues through 
cross-gaming promotions, the typical approach in most casinos is simply sending 
coupons and play incentives to all casino patrons regardless of patrons’ cross-gaming 
propensities (Suh & Alhaery, 2014). The problem with this approach is that marketing 
dollars are spent on contacting patrons who are unlikely to respond to the cross-gaming 
promotions and have no intention to try other types of games. To minimize these inef-
ficient efforts and marketing funds on contacting all casino patrons, a predictive model 
to identify potential cross-gamers is critical. Despite the potential to generate additional 
gaming revenues and save marketing costs through the application of predictive analyt-
ics, there has been very little discussion on predicting cross-gaming behavior. Hence, 
this study applies a data mining method in the prediction of cross-gaming propensity 
using the real-world gaming data. This study would provide a better understanding of 
casino patrons’ cross-gaming behavior and the application of a data mining method 
for predicting patrons’ cross-gaming propensity. Additionally, the derived prediction 
model provides the estimate of cross-gaming propensity for every patron in the sample 
population. This estimate can be used to identify which patrons are likely to become 
cross-gamers. Using the estimates, casino marketers can develop more efficient and 
cost-effective marketing actions to target only the likely cross-gamers and improve 
cross-gamer conversion rates. This, in turn, will enable casino marketers to reduce the 
marking expenses in contacting the wrong customers and improve gaming revenues.
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Literature Review

Traditional Approach to Player Value Assessment

In the field of Customer Relationship Management (CRM), RFM analysis is an 
important marketing tool. RFM stands for recency, frequency, and monetary value. 
Recency indicates the time interval since a customer’s most recent purchase; frequency 
represents the number of times that a customer made a purchase within a specific period 
of time; and monetary value represents the amount of money spent on purchasing during 
a certain time period (Olson, Cao, Gu, & Lee, 2009; IBM Knowledge Center, 2011b). 
These RFM variables are commonly used in direct marketing for distinguishing between 
likely respondents and non-respondents (Olson et al., 2009; IBM Knowledge Center, 
2011b). 

It is a common practice in the gaming industry to classify players into different 
segments (tiers) based on the RFM-related variables for marketing purposes (Lucas & 
Kilby, 2008; Suh & Alhaery, 2014). The theoretical-win (t-win) value of a player, for 
example, can be considered as the monetary component of RFM. T-win for table gaming 
is calculated by multiplying the following numbers: average bet, hours played, decisions 
per hour and house advantage, while t-win for slot gaming is the product of the amount 
wagered and house advantage (Lucas & Kilby, 2008). Using the t-win values, the Aver-
age Daily Theoretical (ADT) and the Average Trip Theoretical (ATT) can be calculated. 
ADT represents the average dollar amount that a player is expected to lose per day for 
a certain gaming activity, and ATT represents the same per trip. Typically, ADT is used 
for a casino serving mainly local residents, whereas ATT is used for a destination casino 
serving mainly tourists (Lucas & Kilby, 2008). As the ATT and ADT calculations ac-
count for the casino patron’s visit frequency during a given time period, it can be said 
that ATT and ADT incorporate the frequency component of RFM. With respect to R 
(Recency), casino marketers often review the time since the casino patron’s play day 
to decide to whom direct-mail offers should be sent (Lucas & Kilby, 2008). According 
to the experiences of the authors of this article in the gaming industry, the RFM-related 
variables are also used to treat one-time or first-time visitors differently from established 
patrons as well as to market to active players differently than inactive ones.  

 
Criticism of the RFM and ATT/ADT Approach

The popularity of RMF and its wide acceptance in various fields are often attributed 
to the method’s simplicity and easiness to understand and use (Mutyala, 2011; IBM 
Knowledge Center, 2011b). However, researchers have questioned the performance of 
RFM analysis in classifying subjects into distinct groups and suggested a data mining 
technique such as Chi-squared Automatic Interaction Detection (CHAID) as an alterna-
tive to RFM (e.g., McCarty & Hastak, 2007; Olson et al., 2009). One of the criticisms 
regarding the simple RFM approach is that it is not applicable to new customers or pros-
pects given that there is no transactional data about them (McCarty & Hastak, 2007). 
The same criticism can be applied to the ADT and ATT measures for player evaluation 
that are commonly used in the gaming industry. While ADT and ATT are simple to use, 
they are observed values. Hence, they do not represent the potential gaming worth of 
new customers with little to no play data. In the case of cross-gamer identification, the 
observed and tracked gaming records can show the patrons who play both slots and table 
games. However, the records do not indicate which patrons are likely to become cross-
gamers if they currently play slots or table games exclusively. 

Another criticism of the RFM analysis is that it focuses only on the three behav-
ioral variables, R, F, and M, in spite of the presence of numerous other variables (e.g., 
socio-demographic characteristics) and their potential influences on customer behavior 
(McCarty & Hastak, 2007; Olson et al., 2009). On the other hand, CHAID and logistic 
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regression are not restricted to the RFM variables, and can embrace a variety of vari-
ables to predict a specific behavior (Olson et al., 2009). 

Gaming Customer Segmentation

With respect to player segmentation, some researchers examined gambling motiva-
tions (e.g., Lee, Chung & Bernhard, 2014) while others used casino patrons’ transaction-
al gaming data (e.g., Tanford & Suh, 2013) to classify players into different groups. By 
surveying internet sports gamblers’ motivations and passions, Lee at al. identified two 
distinctive groups with different gambling reasons and outcomes. Players with intrinsic 
gambling motivations such as excitement, escape and challenge tend to exhibit harmo-
nious gambling passion and consequently experience positive outcomes such as stress 
release (Lee et al., 2014). On the other hand, players with extrinsic gambling motiva-
tions such as money tend to exhibit obsessive gambling passion and therefore experience 
negative feelings such as guilt and anxiety (Lee et al., 2014). Another study done by 
Tanford and Suh (2013) examined the gaming volumes associated with different types of 
casino restaurants (e.g., upscale, casual and buffet) for each of the five different player 
segments (e.g., high, medium, medium-low, low and untracked) using time-series regres-
sion analysis. In their study, customers were grouped into the following five segments 
based on the player’s average daily worth to the subject casino: $400+, $100-$399, 
$50-$99, $0-$49, and untracked (non-users or non-owners of a player-tracking cards). 
Furthermore, casino managers review and analyze players’ gaming activities, tracked 
through the casino’s information system, in order to decide the amount of complimen-
tary rewards and marketing offers for various segments of the casino’s database (Kle-
banow, 2009). While the segmentation approach based on gaming activities can be easily 
found in many casinos, some researchers pointed out the potential problems associated 
with such method (e.g., Iaci & Singh, 2012; Lucas & Kilby, 2008). 

Iaci and Singh (2012) noted that clustering or grouping customers by simplistic 
measures such as zip code or ranked sales can not only ignore a large amount of useful 
business data but also fail to properly treat the sparse and large dimensional data sets 
for subsequent analysis (e.g., a data set with 90% zero entries). Similarly, Lucas and 
Kilby (2008) mentioned that the arbitrary percentage method used in many casinos to 
assign customers to different groups (e.g., the top 2% of the customer database) fails 
to consider natural breaks in the player population with reference to t-win. To improve 
the customer segmentation process, Lucas and Kilby proposed partitioning algorithms 
that can differentiate the various levels more effectively. Iaci and Singh also introduced 
mathematical procedures to cluster sparse data sets with a large number of dimensions. 
Using casino player transaction datasets, Iaci and Singh illustrated how to extract a 
non- or less-sparse subset from the sparse datasets, which is more suitable for clustering 
casino patrons. 

Regarding the current segmentation practices in the gaming industry, the authors of 
this article also observed the use of an arbitrary cut-off point at which customer group-
ing is determined. For example, customers in the entire database are simply sorted by 
each of the RFM measures and divided into equal groups on each RFM measure. While 
the arbitrary cut-off points are simple to use, they may not distinguish different groups 
of customers, and fail to account for the variations of any given variable within a group. 
It is possible that these variations are greater for that variable than the same between 
groups. Furthermore, cut-off points that accurately represent the differences between 
groups could be anywhere. In the CHAID analysis, which is introduced in the following 
section, the cut-off point is where the greatest degree of differentiation between groups 
exists and can be established statistically based on the chi-squared test. 
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Data Mining Approach: CHAID Analysis

Researchers have introduced a variety of statistical and data mining techniques such 
as CHAID and logistic regression to complement or replace the simple RFM analysis 
(e.g., Levin & Zahavi, 2001; McCarty & Hastak, 2007; Olson et al., 2009). Among data 
mining algorithms, decision tree is a popular technique for classification and prediction, 
and CHAID is one of decision tree algorithms. The CHAID algorithm models differ-
ences between groups based on a set of independent variables and identifies variables 
capable of explaining or predicting a specific behavior (Zuccaro, 2010). In marketing, it 
is often used to identify customers who are likely to respond to marketing offers and to 
divide them into segments (Galguera, Luna, & Méndez, 2006; Levin & Zahavi, 2001; 
McCarty & Hastak, 2007). 

CHAID is often described as a three-step process: merging, splitting and stopping 
(IBM Knowledge Center, 2011a). CHAID develops a model by repeatedly using these 
three steps on each node, or a subgroup, starting from the root node which contains the 
entire sample. During the merging stage, CHAID evaluates each pair of categories for a 
predictor variable to determine whether the pair is significantly different with respect to 
the dependent variable. With no significant difference, the pair is merged into a single 
category. In the splitting stage, CHAID evaluates the relationships between the depen-
dent variable and the independent variables, and selects the predictor variable that is 
most significantly associated with the dependent variable. CHAID uses the Chi-squared 
(χ2) statistic to test the statistical significance of the association between the outcome, 
dependent variable and the predictor variable (SPSS Inc., an IBM Company, 2010). 

It divides the original node into subgroups based on the chosen predictor so that the 
subgroups are mutually exclusive and significantly different with respect to the depen-
dent variable. For numeric (scalar) variables, CHAID identifies the split points, or inter-
vals, at which the greatest degree of separation occurs. The newly formed subgroups, or 
nodes, are further divided into subsets by another predictor variable that differentiates 
the target (dependent) variable even further. The splitting procedure stops when no other 
significant splits exist according to the stopping rules associated with the pre-specified 
significance level, the limit of a tree depth, and minimum sizes for child and parent 
nodes. For any group that cannot split further, a prediction is made. Any part of a tree 
that can no longer split is called a terminal node.

CHAID can handle both categorical and continuous variables (SPSS Inc., an IBM 
Company, 2010). CHAID displays the modeling results in a graphical tree, making the 
results easy to interpret. It can create a wider, non-binary classification tree with more 
than two branches (splits) from a single node (Galguera et al., 2006; SPSS Inc, 2009; 
Zuccaro, 2010).

 Furthermore, classification rules can be generated from the tree, which presents the 
relationships between the predictor variables and the dependent variable. Because of 
its relatively simple and easy-to-understand rules, CHAID is often used for customer 
segmentation and behavior prediction (Galguera et al., 2006; Levin & Zahavi, 2001; Mc-
Carty & Hastak, 2007). CHAID is known to be a good fit for the analysis of large data 
sets (SPSS Inc., 2009). 

In the hospitality field, the authors of this study identified only a few studies which 
used CHAID analysis. One of them is Chung et al. (2004) which illustrated the use of 
a CHAID model for market segmentation. Using survey data collected from restaurant 
customers, the authors demonstrated how the CHAID decision tree splits the data into 
subgroups based on the select predictor variables (e.g., age, income and purpose of visit). 
The resulting subgroups were significantly different from each other with respect to the 
dependent variable representing the patronage of hotel restaurants vs. top five casual-
dining restaurants. 
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Applications of Data Mining Methods

In the problem gambling field, researchers employed data mining methods to iden-
tify potential problem gamblers (e.g., Braverman, et al., 2013; Dragicevic et al., 2011; 
Philander, 2013). For example, Braverman et al. used CHAD analysis while Philander 
compared various data mining methods including logistic regression, artificial neural 
network, support vector machines and random forest. While data mining methods were 
applied in the problem gambler detection, to the best knowledge of the authors of this 
article, they were rarely applied for the purpose of customer classification or behavior 
prediction in the gaming literature on casino marketing and operations. 

   Outside the gaming literature, there have been attempts to compare the perfor-
mances of various data mining methods in predicting a target outcome (e.g., Li et al., 
2012; Long et al., 1993). Li et al. built predictive models for diabetic peripheral neuropa-
thy using the clinical data of 274 patients. Of different data mining methods, multilayer 
perception produced the highest model performance followed by logistic regression (LR) 
and decision trees (DT) in terms of the Area Under the Receiver Operating Characteris-
tic (ROC) Curves (AUC) which indicates a diagnostic ability of the prediction model in 
their study. The DT model in their study was constructed by combining the CART and 
CHAID. Another study by Long et al. also compared the performance of LR to DT in 
classifying patients with acute cardiac ischemia using the data of 5,773 patients. While 
the performance of both LR and DT models were comparable to that of the physicians, 
the LR model outperformed the DT model (Long et al., 1993).

Modeling Cross-Gaming Behavior

Several researchers have examined cross-gaming behavior using the aggregated daily 
gaming data obtained from hotel-casinos in Nevada and California. Examples of such 
studies include Ollstein (2006), Lucas (2013) and Suh and Tsai (2012) which examined 
the effect of poker on slot and/or table gaming volumes. Another study done by Lucas, 
Dunn, and Kharitonova (2006) examined the effect of bingo on slot gaming volume. 
Abarbanel (2011) examined the effect of sports- and race-book on slot gaming volume. 
With a few exceptions, most studies found no significant relationship between the game 
examined in each of the studies and slot and/or table gaming volume. Furthermore, 
researchers noted that the positive effects of bingo and poker found in a few cases were 
relatively small to justify the bingo/poker room operations on the casino floor. 

With respect to the cross-gaming behavior between slot and table game players, a 
recent study done by Suh and Alhaery (2014) appears to be the first study to the best 
knowledge of the authors of this article. They introduced a model to predict cross-gaming 
propensity at the individual player level based on the gaming-related behavioral data. 
Through the logistic regression analysis, the authors found that casino visit frequency 
and time spent on gaming are closely associated with cross-gaming propensity. Addition-
ally, the greater the amount of money won or lost in gaming the greater the propensity to 
play both slots and table games. More specifically, cross-gamers in the predominant slot 
player group were more likely to generate more revenues to both slot and table games. 
Among predominant table-game players, carnival games and roulette players were more 
likely to play slots than other table game players. 

Regarding the performance of the logistic regression models in correctly classifying 
cross-gamers and non-cross gamers, Suh and Alhaery (2014) reported that the overall 
accuracies of the prediction models ranged from 64.92 % to 78.82 %. However, accuracy 
rates for cross-gamer prediction in their study were lower than those for non-cross-gamer 
prediction (59.26% vs. 67.57% for the table game player group and 56.38% vs. 80.99% 
for the slot player group). Additionally, Suh and Alhaery illustrated how to identify the 
prospects for cross-gaming promotion using the logistic regression models. In conclu-
sion, players who play only slots or table games, but have high-predicted cross-gaming 
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propensities, are the best prospects to target for cross-gaming promotion (Suh & 
Alhaery, 2014). On the other hand, marketers should avoid marketing to slot- or table-
games-only players with low cross-gaming propensities (Suh & Alhaery, 2014). 

Research Gap and Purpose of the Study

The lower accuracy rates for predicting cross-gamers relative to those for predicting 
non-cross-gamers observed in Suh and Alhaery (2014) offer room for improvement. The 
dearth of research on data mining applications as well as cross-gaming behavior in the 
gaming literature suggests that more studies need to be undertaken. While data mining 
analysis might have been performed internally at some casinos or outsourced, data pri-
vacy has gained significant importance in the last decade. The paucity of such research 
could be partially due to the limited access to internal data by individuals outside gam-
ing companies. Hence, this study aimed to test whether a predictive model derived from 
a data mining technique can accurately predict casino patrons’ cross-gaming propensity. 
If the developed model has an acceptable performance in accurately classifying patrons 
into one of the two groups: customers playing both slots and table games (cross-gamers) 
vs. customers playing exclusively slots or table games (non-cross gamers), we also 
wanted to know the predictors that differentiate these two groups. 

Exhaustive CHAID (E-CHAID), which is an enhanced modification of CHAID, was 
used for modeling cross-gaming behavior in this study. E-CHAID performs a more thor-
ough analysis and segmentation by examining all possible splits for each predictor that 
maximizes the final model accuracy, and thus often requires a longer computing time to 
build a tree than CHAID (IBM Knowledge Center, 2012). For comparison purposes, the 
same data and variables used in Suh and Alhaery (2014) for logistic regression analysis 
in modeling cross-gaming behavior were analyzed in this study. If the E-CHAID model 
performs better than the logistic regression model in terms of prediction accuracy, the 
E-CHAID model can then be an alternative to the logistic regression model in predicting 
cross-gaming propensity. 

While both E-CHAID and logistic regression methods can examine the relationship 
between the dependent, or target, variable and a set of independent variables, there are 
advantages and disadvantages of using each method. CHAID is known to be well suited 
for dealing with missing data as it treats a missing value as a separate category in esti-
mating the model (SPSS Inc., an IBM Company, 2010). Furthermore, CHAID is suitable 
for large data sets. Logistic regression, on the other hand, works well with smaller data 
sets and generates robust parameter estimates (Zuccaro, 2010). However, logistic regres-
sion tends to require a higher level of data integrity to make predictions. For example, 
log transformation is often performed on the predictor variable with a highly skewed 
distribution in order to reduce the skewness. Outliers can also disproportionally affect 
the performance of the logistic regression model. 

Methods

Data

The same data set used in Suh and Alhaery (2014) was used for the present study. In 
their study, the property which donated the data was described as a hotel-casino located 
on the Las Vegas Strip, Nevada, offering a variety of resort amenities mainly to tourists. 
The property generates substantial revenues from its non-gaming amenities, while slot 
machines are the main source of gaming revenues. The data set which consists of 14,120 
players who were randomly selected from the property’s customer database included 
individual players’ gaming records in the year of 2008, such as the amount of money 
won or lost in gaming, casino trip frequency, the amount of time spent on gaming, and 
theoretical gaming win (t-win) during the 12-month sample period. For analysis, the 
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players in the data set were separated into two groups by the type of game (slot or table) 
that a player primarily played during the sample period. This is the same procedure 
performed in Suh and Alhaery (2014), and it was followed in this study for comparison 
purposes. This simple division is also what the authors of this article observed in the 
gaming industry. For example, a player with a higher average t-win per trip for slots 
than for table games during the sample period was categorized as a Predominant Slot 
Player. Otherwise, the patron was classified as a Predominant Table Game Player. There 
were a few cases where the t-win values for table games and slots were identical, and 
they were excluded from analysis. As a result, each of the two groups contained patrons 
who played both table games and slots as well as those who played only slots or table 
games. Table 1 shows the distribution of the original data set. As shown, the slot player 
set contained 10,651 players while the table-game player set consisted of 3,469 players. 
Given that 62.5% - 90.3% of gaming revenues are from slots across different states in 
the U.S. (American Gaming Association, 2013), the distribution of players between slots 
and table games at the subject property appears to reflect the revenue pattern in the U.S. 
gaming market. 

Sample Balancing 

The proportion of cross-gamers was much smaller than that of non-cross gamers in 
both slot and table game player groups. As shown in Table 1, 32% (1,107) of the 3,469 
predominant table game players played both slots and table games during the sample 
period. In the predominant slot group, only 9% (940) played both slots and table games. 
Because of the observed imbalance between the cross-gamer and non-cross-gamer 
samples, the sample size in each group was balanced by duplicating the existing records 
in a smaller category, which in this case is the cross-gamer group. With balancing, 
sample sizes became approximately equal for each group. Table 1 shows the results of 
sample balancing in the Balanced columns. Sample balancing is often performed in 
order to better capture the events that occur less frequently. This is because a predictive 
model developed based on the unbalanced data tends to classify cases into the category 
that occurs more frequently in order to achieve higher prediction accuracy (SPSS Inc., 
2009). However, overall accuracy is less critical in this study because the goal for this 
study is to predict and identify the customers with the highest cross-gaming propensity. 
Furthermore, casino marketers would be interested in the same outcome considering 
the potential gaming revenue from cross-gaming prospects vs. lower direct-mail costs. 
While the predictive model was developed based on the balanced sample, the evaluation 
of the model in terms of its classification accuracy was performed based on the original, 
unbalanced sample. 

Variables 

The dependent variable was a dichotomous variable indicating the absence or pres-
ence of cross-gaming activity for each player during the sample period. For example, 
the dependent variable in the predominant slot player group was named as BIorNoBI 
to indicate the presence of buy-in for a given slot player. Buy-in indicates the amount 
of money spent on purchasing gaming chips for table game play. If a slot player has 

Table 1
Data Distribution

Sample size (%) by 
Category

Predominant Slot Players Predominant Table Game Players
Original Balanced Original Balanced

Cross-gamers 940 (9%) 9,711 (50%) 1,107 (32%) 2,362 (50%)
Non-cross-gamers 9,711 (91%) 9,706 (50%) 2,362 (68%) 2,364 (50%)
Total 10,651 (100%) 19,417 (100%) 3,469 (100%) 4,726 (100%)

Table 1
Data Distribution
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any record of buy-in during the sample period, the player was coded as a ‘1’ meaning 
cross-gamer. All other players were coded with a ‘0’, signifying non-cross-gamers. For 
the predominant table game players, the dependent variable was named as CIorNoCI, 
to indicate the presence of coin-in for a given table game player. Coin-in indicates the 
amount of money wagered on slots. If a table game player has any record of coin-in dur-
ing the sample period, the player was coded as one (cross-gamer). If not, that played was 
coded with a zero (non-cross-gamer). Table 2 presents a brief description of the indepen-
dent variables used for the E-CHAID analysis and the matching concepts tested in Suh 
and Alhaery (2014). Variable names are displayed in parenthesis. 

Analysis 

The E-CHAID algorithm was applied to the gaming data using the IBM SPSS Mod-
eler 15.0. In the E-CHAID model, the predicted membership of a player, whether the 
player is a cross-gamer or not, was determined based on a set of independent variables. 
The variable that was most significantly associated with the dependent variable was cho-
sen as the best and first predictor to split the sample population. Each of the subgroups 
was further evaluated for a possible split based on another predictor variable. If there 
were significance differences in cross-gaming activity based on the Chi-Squared test 
statistic and the size of the subpopulation, the subgroup was further divided into smaller 
groups according to the selected predictor variable. This process was repeated for each 
subset until no further splits were statistically significant. Modeling procedures were 
performed at the default settings in which the significance level for splitting and merging 
was the 0.05 alpha level, and the minimum number of cases in parent and child nodes 
were set to 2.0% and 1.0% of the sample, respectively. The depth of E-CHAID trees was 

Table 2
Variables Used in Analysis

Concept Variable Name & Description
Trip frequency The number of casino trips during the sample period (Trips_within_12) 

and the same for the entire period (lifetime) that a player patronized the 
subject casino (LTD_Trips)

Length of the player-
casino relationship

The number of days since the player’s first trip to the subject casino 
(Days_since_first)

Recency of a casino trip The number of days since the player’s most recent trip to the subject 
casino (Days_since_last)

Dollar amount of gaming 
volume for slots

The average dollar amount wagered on slots, or coin-in, per trip during 
the 12-month sample period (CI12pertrip) and the same for the lifetime 
(CILTDpertrip)

Dollar amount of gaming 
volume for table games

The average dollar amount used to purchase gaming chips, or buy-in, 
at table games per trip during the sample period (BI12pertrip) and the 
same for the lifetime (BILTDpertrip)

Dollar amount of 
theoretical win for table 
games

The average t-win per trip for table games during the 12-month sample 
period (Ttheo12pertrip) and the same for the lifetime (TtheoLTDpertrip)

Dollar amount of 
theoretical win for slots

The average t-win per trip for slots during the 12-month sample period 
(Stheo12trip) and the same for the lifetime (StheoLTDpertrip)

Table game type The predominant table game that a patron mainly played during the 
sample period (Blackjack, Craps, Baccarat, Roulette, Carnival Games) 

Time spent on gaming The average amount of time in minutes that a player spent on gaming 
per trip during the sample period (Min12pertrip)

Dollar amount won or 
lost in gaming

The average dollar amount that a player won or lost in gaming per trip 
during the sample period (Act12pertrip)

Play speed The dollar amount that a player won or lost per minute during the 
12-month sample period (Act_within_12_PER_MIN)

Table 2
Variable Used in Analysis
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Table 3
Gaming Behaviors of Table Game-Only, Slot-Only, and Cross-Gamers

Variables
Predominant Table Game Players Predominant Slot Players

Table-Only Cross-Gaming Slot-Only Cross-Gaming
LTD_Trips 2.3 (3.1) 3.6 (9.4) 3.4 (11.1) 5.2 (16.4)
Trips_within_12 1.3 (1.0) 1.7 (2.6) 1.8 (4.9) 2.5 (6.9)
BILTDpertrip 3,571.2 

(15,291.7)
3,241.2 

(13,248.3)
-- --

CILTDpertrip -- -- 1,509.9 
(11,751.9)

5,597.4 
(24,113.4)

BI12pertrip 4,078.0 
(20,626.3)

3,578.7 
(15,144.4)

-- --

CI12pertrip -- -- 1,426.1 
(12,004.6)

6,272.9 
(27,103.2)

TtheoLTDpertrip 686.6 (3,636.4) 614.0 (2,919.0) -- --
StheoLTDpertrip -- -- 103.7 (471.7) 347.4 (1,130.2)
Ttheo12pertrip 787.5 (4,918.4) 583.6 (2,932.5) -- 70.0 (208.6)
Stheo12pertrip -- 79.6 (732.2) 97.2 (415.8) 387.0 (1,289.6)
Days_since_first 434.4 (418.1) 481.4 (443.2) 411.7 (407.9) 514.2 (445.9)
Days_since_last 162.1 (110.7) 142.9 (105.1) 160.3 (107.3) 138.0 (104.7)
Min12pertrip 192.0 (267.7) 311.3 (360.3) 105.8 (186.3) 316.5 (408.2)
Act12pertrip 731.0 (12,166.9) 915.0 (6,810.9) 89.7 (782.0) 560.4 (2,308.8)
Act_within_12_PER_
MIN

7.0 (112.2) 3.2 (29.4) 0.7 (8.6) 1.7 (5.3)

Craps 284 (71%) 118 (29%) -- --
Roulette 267 (60%) 179 (40%) -- --
Blackjack 1,371 (73%) 506 (27%) -- --
Baccarat 98 (76%) 31(24%) -- --
Carnival games 342 (56%) 273 (44%) -- --

Table 3
Gaming Behaviors of Table Game-Only, Slot-Only, and Cross-Gamers

set to a maximum of 5 levels to produce a parsimonious model while avoiding over-fit-
ting. At the end of splitting, E-CHAID produced a classification tree which consisted of 
a series of groups that were different from one another with respect to the cross-gaming 
propensity. Additionally, the derived prediction model generates the cross-gaming pro-
pensity scores for each patron in the sample. Propensity scores which range from zero to 
one indicate the probability of a given player to cross-play. The propensity score close 
to zero indicates the low probability of cross-gaming while the propensity score close to 
one indicates the high probability of cross-gaming.

Results

Cross-Gaming Behavior

Table 3 presents the means (M) and standard deviations (SD) of cross-gamers vs. 
non-cross-gamers in each of the groups of predominant slot and table game players. SD 
is shown in parentheses. For the variables representing table game types (e.g., Black-
jack), frequencies and percentages of different table game players are displayed instead 
of M and SD. A comparison between cross-gamers and non-cross-gamers revealed that 
cross-gamers made more recent and frequent trips to the subject casino and spent more 
time on gaming than non-cross-gamers. See the section on descriptive statistics in Suh 
and Alhaery (2014) for more details. 
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Slot Gaming Prediction

The E-CHAID model for predicting slot gaming among predominant table game play-
ers produced both a graphical tree and classification rules. The resultant E-CHAID tree 
displayed 46 terminal nodes. A review of the tree revealed that ten of 16 input variables 
included in the E-CHAID analysis were statistically significant and used for building a 
cross-gaming prediction model. The first predictor chosen by the E-CHAID model in 
separating cross-gamers from non-cross gamers was the Min12pertrip variable (χ2 = 
379.753, df = 5, p = 0.000). The subgroups, or nodes, were further divided into subsets 
according to the Act_within_12_PER_MIN, Trips_within_12, and BILTDpertrip vari-
ables. The E-CHAID algorithm derived from IBM SPSS Modeler produces the relative 
importance of each predictor in estimating the model. Table 4 presents the importance 
order of significant variables to differentiate between cross-gamers and non-cross gamers. 

Table 4
Predictor Importance in Cross-Gamer Classification

Importance 
Order

Slot Gaming Prediction Table Gaming Prediction

1 Min12pertrip Act12pertrip
2 BILTDpertrip CI12pertrip
3 Act_within_12_PER_MIN Stheo12trip
4 Trips_within_12 Min12pertrip 
5 TtheoLTDpertrip Trips_within_12
6 BI12pertrip StheoLTDpertrip 
7 Blackjack Act_within_12_PER_MIN 
8 Carnival games LTD_Trips 
9 Roulette CILTDpertrip

10 LTD_Trips Days_since_first
11 -- Days_Since_last

Classification rules can be generated by following the paths or branches from the 
root of the E-CHAID tree. As shown in Figure 1, the first split is on Min12pertrip. A pre-
diction is made in the terminal node where a branch of the tree ends. Since there are 46 
terminal nodes in the tree, 46 classification rules can be derived from the model. Table 
5 displays sample rules along with the record count and percentage accuracy for each 
rule. For example, the classification rules for one of the terminal nodes in the third line 
of the decision tree, Node 71, are listed in Table 5 (See Rule 21 for 1.0).  Rule 21 for 1.0 
shows that of the 137 patrons in this node, there are 105 individuals exhibiting gaming 
minutes per trip for the 12-month sample period greater than 378, the average actual win 
or loss per minute for the sample period greater than -5.594 and less than or equal to 
12.488; playing Blackjack; and having the average t-win per trip for table games during 
the 12-month sample period less than or equal to 204. These 105 players were predicted 
by the E-CHAID model to be cross-gamers. The confidence or accuracy rate of this pre-
diction is shown in parentheses, indicating the percentage of players who were correctly 
classified as cross-gamers (0.766 = 105/137). 

Table 4
Predictor Importance in Cross-Gamer Classification
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Figure 1
E-CHAID Decision Tree for Classifying Cross-Gamers in the Table-Game 
Player Group (Excerpt)

node, there are 105 individuals exhibiting gaming minutes per trip for the 12-month sample 
period greater than 378, the average actual win or loss per minute for the sample period greater 
than -5.594 and less than or equal to 12.488; playing Blackjack; and having the average t-win per 
trip for table games during the 12-month sample period less than or equal to 204.  These 105 
players were predicted by the E-CHAID model to be cross-gamers.  The confidence or accuracy 
rate of this prediction is shown in parentheses, indicating the percentage of players who were 
correctly classified as cross-gamers (0.766 = 105/137).   
 
Figure 1 

E-CHAID decision tree for classifying cross-gamers in the table-game player group (excerpt) 
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Table 5

 

 
	  

Table 5 
E-CHAID Classification Rules (excerpt) 
Slot Play Prediction Table Game Play Prediction 
 
Rules for 0 - contains 23 rule(s) 
 Rule 1 for  0.0 (80; 0.688)  
   if Min12pertrip <= 28 
   and Trips_within_12 <= 1 
   and BILTDpertrip <= 100 
   and Blackjack = 0 
   then 0.000 
 Rule 2 for  0.0 (78; 0.846)  
   if Min12pertrip <= 28 
   and Trips_within_12 <= 1 
   and BILTDpertrip <= 100 
   and BJ = 1 
   then 0.000 
 

~ ~ ~ ~ 
Rule 23 for  0.0 (65; 0.615)  

if Min12pertrip > 378 
and Act_within_12_PER_MIN 
> 12.488 
then 0.000 

 
Rules for 1 - contains 23 rule(s) 
 Rule 1 for  1.0 (72; 0.528)  
   if Min12pertrip <= 28 
   and Trips_within_12 > 1 
   then 1.000 
 Rule 2 for  1.0 (98; 0.643)  
   if Min12pertrip > 28 
   and Min12pertrip <= 48.667 
   and Trips_within_12 > 1 
   then 1.000 
 

~ ~ ~ ~ 
Rule 21 for  1.0 (137; 0.766)  

if Min12pertrip > 378 and 
Act_within_12_PER_MIN > -
5.594 and 
Act_within_12_PER_MIN <= 
12.488 and Blackjack = 1 and 
TtheoLTDpertrip <= 204 then 
1.000 

  

 
Rules for 0 - contains 31 rule(s) 
 Rule 1 for  0.0 (272; 0.581)  
   if Act12pertrip <= -102 
   and Min12pertrip <= 46.617 
   then 0.000 
 Rule 2 for  0.0 (251; 1.0)  
   if Act12pertrip > -102 
   and Act12pertrip <= -11 
   and ciltdpertrip <= 45 
   and Min12pertrip <= 14.517 
   then 0.000 
 

~ ~ ~ ~ 
 Rule 31 for  0.0 (202; 0.693)  
   if Act12pertrip > 109.500 
   and Act12pertrip <= 201.500 
   and ciltdpertrip > 967 
 and Trips_within_12 <= 1 and 

Act_within_12_PER_MIN > 
0.695 

   then 0.000 
 
Rules for 1 - contains 34 rule(s) 
 Rule 1 for  1.0 (304; 0.641)  
   if Act12pertrip <= -102 
   and Min12pertrip > 46.617 
   and Min12pertrip <= 135.483 
   and LTD_Trips <= 1 
   then 1.000 
 Rule 2 for  1.0 (318; 0.78)  
   if Act12pertrip <= -102 
   and Min12pertrip > 46.617 
   and Min12pertrip <= 135.483 
   and LTD_Trips > 1 
   then 1.000 
 Rule 3 for  1.0 (424; 0.825)  
   if Act12pertrip <= -102 
   and Min12pertrip > 135.483 
 and Min12pertrip <= 540.167 

and Act_within_12_PER_MIN 
<= - 1.438 

   then 1.000 

 

 
	  

~ ~ ~ ~ 
Rule 23 for  1.0 (149; 0.664)  

if Min12pertrip > 378 and 
Act_within_12_PER_MIN > -
5.594 and 
Act_within_12_PER_MIN <= 
12.488 and Blackjack = 1 and 
TtheoLTDpertrip > 204 and 
Min12pertrip > 630.250 then 
1.000 

	  

 
~ ~ ~ ~ 

 Rule 34 for  1.0 (396; 0.934)  
   if Act12pertrip > 853 
   and Min12pertrip > 300.125 
   and stheoltdpertrip > 448.667 
   and Trips_within_12 > 1 
   then 1.000 

 
 
Classification Accuracy for Slot Gaming Prediction 
 

The performance of the E-CHAID model can be measured by comparing the predicted 
membership of a subject to the actual, observed group membership (SPSS Inc, 2009).  The E-
CHAID model for slot player prediction produced the overall accuracy rate of 69.21% by 
correctly classifying 2,401 of a population of 3,469 players.  The proportion of the table game 
players who were correctly predicted as non-cross gamers was 70.79% (1,672 of 2,362 table 
game only players) while the proportion of the cross-gamers who were correctly predicted to 
play both slots and table games was 65.85% (729 of 1,107 observed cross-gamers).  Additionally, 
the area under the Receiver Operating Characteristic (ROC) was used to assess the overall 
performance of the model in terms of its prediction accuracy.  The ROC value of the model was 
0.748 (p = 0.000) indicating that the model has good predictive power.  

 
Table Gaming Prediction 
 

The E-CHAID model for predicting table gaming among predominant slot players 
produced 65 terminal nodes.  A review of the E-CHAID tree revealed that the first predictor 
chosen by the E-CHAID model in separating cross-gamers from non-cross gamers was 
Act12pertrip (χ2 = 5065.260, df = 9 p = 0.000).  The subgroups, or nodes, were further divided 
into subsets based on other predictors such as the CI12pertrip, Min12pertrip, and Stheo12trip 
variables.  Table 4 presents the importance order of significant variables to differentiate between 
cross gamers and non-cross gamers for the table-gaming prediction model.   

With respect to the E-CHAID tree, the tree generated 65 terminal nodes, hence 65 
classification rules.  The first split was made on the Act12pertrip variable.  Table 5 shows sample 
classification rules.  For example, the classification rules for Node 48 which is one of the 
terminal nodes in the fourth line of the tree is shown in Rule 2 for 1.0 in Table 5.  The rule shows 
that if Act12pertrip <= -102, 46.617 < Min12pertrip <= 135.483, and LTD_Trips > 1, the model 
predict a patron as most likely a cross gamer.  In other words, if the average actual amount of 
win or loss per trip during the 12-month sample period is less than or equal to -102; the average 
gaming minutes per trip during the sample period is greater than 46.617 and less than or equal to 
135.483; and the number of casino trips during a player’s lifetime is greater than 1, then the 
model value for BIorNoBI is 1, meaning a table game player who also plays slots.  The rule 
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Table 6
Classification Accuracy Comparison between E-CHAID and Logistic Regression Models 

Category (%)

Slot Gaming Prediction Table Gaming Prediction
E-CHAID Logistic Regression E-CHAID Logistic Regression

Non-Cross-Gamer 70.79 67.57 70.81 80.99
Cross-Gamer 65.85 59.26 83.30 56.38
Overall 69.21 64.92 71.91 78.82

Table 6
Classification Accuracy Comparison between E-CHAID and Logistic Regression Models

Classification Accuracy for Slot Gaming Prediction

The performance of the E-CHAID model can be measured by comparing the pre-
dicted membership of a subject to the actual, observed group membership (SPSS Inc, 
2009). The E-CHAID model for slot player prediction produced the overall accuracy 
rate of 69.21% by correctly classifying 2,401 of a population of 3,469 players. The pro-
portion of the table game players who were correctly predicted as non-cross gamers was 
70.79% (1,672 of 2,362 table game only players) while the proportion of the cross-gam-
ers who were correctly predicted to play both slots and table games was 65.85% (729 
of 1,107 observed cross-gamers). Additionally, the Area Under the Receiver Operating 
Characteristic (ROC) Curve (AUC) was used to assess the overall performance of the 
model in terms of its prediction accuracy. The AUC value of the model was 0.748 (p = 
0.000) indicating that the model has good predictive power. 

Table Gaming Prediction

The E-CHAID model for predicting table gaming among predominant slot play-
ers produced 65 terminal nodes. A review of the E-CHAID tree revealed that the first 
predictor chosen by the E-CHAID model in separating cross-gamers from non-cross 
gamers was Act12pertrip (χ2 = 5065.260, df = 9 p = 0.000). The subgroups, or nodes, 
were further divided into subsets based on other predictors such as the CI12pertrip, 
Min12pertrip, and Stheo12trip variables. Table 4 presents the importance order of 
significant variables to differentiate between cross-gamers and non-cross gamers for the 
table-gaming prediction model. 

With respect to the E-CHAID tree, the tree generated 65 terminal nodes, hence 
65 classification rules. The first split was made on the Act12pertrip variable. Table 5 
shows sample classification rules. For example, the classification rules for Node 48 
which is one of the terminal nodes in the fourth line of the tree is shown in Rule 2 for 
1.0 in Table 5. The rule shows that if Act12pertrip <= -102, 46.617 < Min12pertrip <= 
135.483, and LTD_Trips > 1, the model predicts a patron as most likely a cross-gamer. 
In other words, if the average actual amount of win or loss per trip during the 12-month 
sample period is less than or equal to -102; the average gaming minutes per trip during 
the sample period is greater than 46.617 and less than or equal to 135.483; and the num-
ber of casino trips during a player’s lifetime is greater than 1, then the model value for 
BIorNoBI is 1, meaning a table game player who also plays slots. The rule further re-
veals that of the 318 cross-gamers in this node, 248 individuals were correctly predicted 
as cross-gamers (78% accuracy). 

Classification Accuracy for Table-Gaming Prediction

The E-CHAID model for predicting table gaming among predominant slot players 
produced an overall accuracy rate of 71.91%. The model correctly classified 7,659 of 
10,651 players. The proportion of the slot only players who were correctly classified as 
non-cross gamers was 70.81% (6,876 of 9,711 slot only players) while the proportion of 
cross-gamers who were correctly predicted to play both slot and table games was 83.30% 
(783 of 940 cross-gamers). As stated earlier, the model’s classification accuracy is based 
on the unbalanced, original data. The AUC value for the model was 0.853 (p = 0.000).
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Discussion

The E-CHAID models for cross-gamer prediction produced overall accuracies that 
are acceptable along with satisfactory AUC values. Based on these results, it can be 
concluded that cross-gaming propensity can be predicted by the E-CHAID model using 
gaming-related behavioral data. Furthermore, a comparison of the classification accura-
cies between the E-CHAID models in this study and the logistic regression models in 
Suh and Alhaery (2014) indicated that E-CHAID outperformed logistic regression in 
classifying cross-gamers accurately. Table 6 presents the accuracy comparison between 
the two studies. 

As shown, the E-CHAID model had a higher overall accuracy rate (69.21%) than the 
logistic regression model (64.92%) in predicting slot play propensity among predomi-
nant table game players. The E-CHAID model also outperformed the logistic regression 
model in both categories of predicting cross- and non-cross-gamers. The accuracy rate 
for the cross-gamer classification was higher in the E-CHAID model than in the logistic 
regression model (65.85% vs. 59.26%). The same was observed in the non-cross gamer 
group (70.79% vs. 67.57%). In predicting table-gaming propensity among predominant 
slot players, the logistic regression model had a higher overall accuracy rate (78.82%) 
than the E-CHAID model (71.91%). This was mainly because the logistic regression 
model outperformed the E-CHAID model (80.99% vs. 70.81%) in predicting non-
cross gamers, or slot-only players. As the size of the non-cross gamer group was much 
bigger than that of the cross-gamer group, the classification accuracy rate in the larger 
group (non-cross-gamer group) rather than in the smaller group (cross-gamer group) 
had a greater effect on the overall accuracy. In other words, high accuracy rates in the 
non-cross-gamer group resulted in an increase in overall accuracy rates. However, the 
E-CHAID model outperformed the logistic regression model in predicting cross-gamers, 
(83.30% vs. 56.38%). 

In summary, it can be concluded that the E-CHAID analysis can deliver higher ac-
curacy in predicting cross-gaming prospects than a conventional modeling technique, 
logistic regression analysis. Finally, comparisons of the model results between slot 
and table gaming prediction models and between E-CHAID and logistic regression 
models revealed that the following variables appear consistently across all models for 
cross-gaming prediction: The average amount of time spent on gaming per trip during 
the 12-month sample period (Min12pertrip), the dollar amount won or lost per minute 
during the sample period (Act_within_12_PER_MIN), the total number of casino trips 
since the player patronized the subject casino (LTD_Trips), and the number of casino 
trips during the sample period (Trips_within_12).  

Managerial Implications

Cross-Gaming Propensity Scores

In addition to the predicted membership, the E-CHAID model generated cross-gam-
ing propensity scores for each patron. A propensity score represents the estimated prob-
ability of a subject being a cross-gamer. A high propensity score for any given patron in 
this study means a high likelihood of cross-gaming for that individual. This information 
is crucial given that additional gaming revenues can be generated by cross-gamers who 
can be converted from slot or table game only players. Hence, casino managers can use 
the propensity scores derived from the E-CHAID model to identify prospects with high 
chances of cross-gaming and convert them into cross-gamers with an appropriate offer.

Target Marketing for Cross-Gaming

Casino managers should pay attention to the players who are not currently cross-
gamers but predicted to be cross-gamers, especially the ones with high cross-gaming 
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propensities. While these patrons currently play slots or table games only, these pros-
pects have a higher chance to respond to a cross-gaming promotion and to be converted 
to become cross-gamers. Converting them into cross-gamers can possibly increase the 
proportion of cross-gamers within the population and eventually gaming revenues if the 
converted cross-gamers spend more on playing different games. In fact, the descriptive 
statistics comparing cross-gamers and non-cross gamers show more frequent and recent 
visits among cross-gamers as well as larger spending on gaming especially among pre-
dominant slot players who cross-play table games. On the contrary, converting exclusive 
slot or table game players, especially the ones with low cross-gaming propensities would 
be very difficult and costly to the casino. 

In summary, casino marketers can identify cross-gaming prospects based on patron’s 
predicted memberships and propensity scores derived from the E-CHAID models. This, 
in turn, will help them develop customized marketing strategies for the targeted pros-
pects and make more efficient use of marketing dollars. Sending cross-gaming offers to 
all patrons regardless of their cross-gaming propensities would result in high costs and 
low redemption rates. By selectively targeting patrons with high cross-gaming propensi-
ties, however, marketers could achieve higher response rates and returns on marketing 
investment.  

Estimating Cross-Gaming Revenues

Once cross-gaming prospects are identified, marketing managers need to determine 
the costs for targeting the prospects as well as the expected incremental revenues from 
cross-gaming. Evaluating economic benefits from cross-gaming is crucial to allocate a 
casino’s limited resources more efficiently and to create more effective marketing pro-
grams. One way to estimate incremental gaming revenues from cross-gaming prospects 
is to multiply the average cross-gaming revenue per trip by the number of cross-gaming 
prospects.  For example, the incremental slot revenues from the cross-gamers in the 
predominant table-game player group can be estimated by multiplying the average slot 
revenue per trip per cross-gamer in the group by the number of cross-gaming prospects. 
Table 1 presents the average slot t-win per trip (Stheo12trip) per predominant table game 
player during the sample period is $79.6.  The number of cross-gaming prospects in the 
predominant table-game player group can be determined based on the cross-gaming 
propensity scores generated by the E-CHAID model. 

The same calculation can be performed to approximate the incremental table gam-
ing revenue from the cross-gaming prospects in the predominant slot-player group. 
For example, if the marketing manager at the subject property decided to target 30% 
of the 10,651 predominant slot players, and 10% of the target would be converted to 
cross-gamers, a marketing manager can expect to generate the incremental table gaming 
revenue of $22,367 from cross-gamers during their single trips. The following example 
illustrates the calculation: $70 of the average table game t-win per trip per slot player 
(Ttheo12pertrip in Table 1) x 320 (30% of 10,651 x 10%). While our example is limited 
to the sample of slot players used in this study, the impact of cross-gaming on the bottom 
line could be much greater with a bigger customer database and a higher conversion rate 
through targeted marketing. 

The above-mentioned calculations, however, do not take the substitution of gaming 
budgets into consideration. In other words, a newly converted cross-gamer who used to 
play only slots may substitute his or her slot gaming budget for table gaming instead of 
increasing his or her overall gaming budget. Other new cross-gamers may also split their 
gaming budgets between slots and table games instead of increasing their overall gaming 
budgets. Hence, such substitution or split of gaming budgets could affect the incremen-
tal gaming contribution. Nevertheless, the overall increase in gaming revenue through 
increased cross-gaming play is still a possibility for the subject property. This is mainly 
because the combined t-win (table game t-win + slot t-win) of cross-gamers is compa-
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rable or higher than the t-win of non-cross-gamers especially in the predominant slot 
player group. As shown in Table 3, the combined t-win of the cross-gamers during the 
12-month sample period in the predominant slot player group was $457.0 (387.0 + 70.0) 
while the t-win of the slot-only players was $97.2. With respect to the predominant table 
game player group, the t-win of the table only players was $787.5 while the combined 
t-win of the cross-gamers was $663.2 (583.6 + 79.6). 

Limitations and Suggestions for Future Research

This study is not without limitations. The prediction models advanced herein should 
be applied to other data sets and casinos. While the predictors identified in this study 
could be useful in predicting cross-gaming behavior, future researchers should include 
other variables in the model. For example, socio-demographic data could reveal other 
predictors and improve the model’s prediction accuracy. Additionally, other modeling 
methods can be explored for cross-gaming prediction, and their performances can be 
compared. This, in return, would provide a better understanding of cross-gaming behav-
ior and help researchers and casino managers develop classification models with higher 
prediction accuracy. 
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