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Over the years, sport marketing researchers have found many factors to affect consumer demand for spectator 
sport, including team performance, opponent attractiveness, time of season, and market characteristics.  In many of 
these demand models, researchers have also attempted to account for the concept of rivalry, but historically there 
has been no general consensus on how to account for such a variable.  This ambiguity has led researchers to account 
for rivalry based on league structure (i.e., divisional/conference opponent), geographic proximity (i.e., the distance 
between teams), or some version of subjective selection (e.g., titled game).  However, these disparate measures each 
violate one or more of the three properties of rivalry, in that rivalry is non-exclusive (i.e., multiple rivals can exist), 
varies in intensity (i.e., rivalrous feelings between teams need not be equivalent), and is bi-directional (i.e., rivalrous 
feelings between teams need not be shared) (Tyler & Cobbs, 2017).  To better define and operationalize the rivalry 
term, Tyler and Cobbs introduced a measurement where fans allocate 100 “rivalry points” across one or more 
opponents of their favorite team, which satisfies the three properties by allowing for multiple rivals, accounting for 
varying levels of intensity, and permitting each team to have separate evaluations of the rivalry’s intensity.  In the 
present research, we empirically test this rivalry-point system in demand models and compare its performance to 
previously-utilized variables of division/conference opponents and geographic proximity. 
 
Using data from both Major League Soccer (MLS) and the National Hockey League (NHL), we constructed multiple 
demand models to measure and evaluate the effects of various proxies for rivalry.  The explanatory variables utilized 
in this study are commonly found in sport spectator demand models, including representations of the time of 
season, market-specific demographics, and team success (e.g., Noll, 1974; Scully, 1974; DeSchriver, Rascher & 
Shapiro, 2016).  Preliminary modeling included 21 variables for the MLS data and 20 for the NHL study.  However, 
after accounting for violations due to multi-collinearity issues, the models were reduced. With attendance as our 
dependent variable, the final MLS models use a baseline of 14 explanatory variables to control for factors that may 
impact demand, in addition to three separate variables of interest as proxies for rivalry – league structure, geographic 
proximity, and rivalry points allocated by home fans to the opponent.  The NHL demand models were 
fundamentally similar to those employed in MLS, except that we removed variables for Hispanic population and 
designated player variables uniquely relevant to soccer, while adding a variable for venue capacity in hockey.  Due to 
venue capacity constraints in both soccer stadiums and hockey arenas, attendance is considered a right-censored 
variable, and thus censored regressions were utilized for this study using SAS 9.4.  In total, four models were 
produced for each league, with each model including different proxies for rivalry (i.e., league structure, distance, 
rivalry points, all rivalry variables) in an effort to determine which best accounted for rivalry when estimating 
demand. 
 
Each of the MLS censored regression models was statistically significant.  The first model, which represented rivalry 
through the binary league structure proxy of conference affiliation, was significant with a log-likelihood statistic of -
88.61, but the variable of interest (ConfOpps) was not a significant predictor of attendance. In the second model, 
which was significant with a log-likelihood statistic of -85.41, the continuous geographic proximity variable of 
Distance represented rivalry and was found to be a significant predictor of attendance (p < .05). The third model, 
which featured the continuous rivalry points variable was significant with a log-likelihood statistic of -65.64, and the 
RivPts variable was a significant predictor of attendance (p < .01). The fourth model included all the rivalry variables 
and was significant with a log-likelihood statistic of -65.52. When all rivalry variables were included into one model, 
RivPts was the only significant rivalry variable (p < .01).  Censored regression models can be compared to one 
another based on their Akaike's information criterion (AIC), and corrected Akaike's information criterion (AICC), 
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where the smallest values are considered to represent the best models (SAS Institute, 2011). Using this approach, the 
best model for the MLS included the variable for rivalry points (AIC, 165.275; AICC, 167.194), followed by the 
model including all rivalry variables (AIC, 169.050; AICC 171.447). 
 
Each of the NHL models was also found to be significant.  The first model, which included the binary league 
structure proxy of division opponents to represent rivalry, was significant with a log-likelihood statistic of 177.03, 
and DivOpps was found to be a marginally significant predictor of attendance (p < .10). In the second model, which 
was significant with a log-likelihood statistic of 186.27, the continuous geographic proximity variable of Distance 
was found to be a significant (p < .01) predictor of attendance. The third model that included the continuous rivalry 
points variable was significant with a log-likelihood statistic of 180.47, while RivPts was a significant predictor of 
attendance (p < .01). Finally, the fourth model including all rivalry variables was significant with a log-likelihood 
statistic of 188.56, with Distance (p < .01) and RivPts (p < .05) found to be significant predictors, but DivOpps was 
not. Based on AIC and AICC value comparisons, the best censored regression model for the NHL included all 
rivalry variables (AIC, -343.113; AICC, -342.607), followed the distance model (AIC, -342.539; AICC -342.143), and 
the rivalry points model (AIC, -330.950; AICC, -330.554). 
 
In both the NHL and MLS models, the variable representing rivalry points is positive and statistically significant. In 
the MLS model, its influence on attendance is nearly equivalent to having a designated player on the home team. In 
the NHL model, the rivalry points variable does not have a similarly heavy influence – its influence is slightly more 
than visiting teams’ points in the prior season. Still, its significance across two sporting contexts speaks to its value 
within demand estimation models, perhaps even more valuable than commonly-included terms like holidays or 
population size, both of which were not significant. 
 
We can discern even more about the utility of rivalry points by looking at the other tested proxies of rivalry – 
conference/divisional opponents (i.e., league structure) and distance. League structure is not significant in the 
models for either league when rivalry points are included. In past studies, the significance of a conference/divisional 
opponent variable has been mixed (e.g., McDonald & Rascher, 2000; Butler, 2002; Paul, 2003). The current research 
offers evidence that league structure is a relatively poor proxy for rivalry. The distance variable behaves quite 
differently in the MLS and NHL models. In the MLS model, distance is significant when used as a single indicator 
of rivalry, however, it loses its predictive ability when included alongside rivalry points and league structure. In the 
NHL however, distance is significant both when used in isolation and in combination with other rivalry terms. 
Additional statistics, findings and practical implications for sports marketers estimating attendance or television 
ratings will be discussed. 
 
 


