
   

 

 

 

An empirical test of the effectiveness of adjusted gini coefficients 

as a measure of competitive balance in professional basketball 

 

 

by 

 

Scott Carmack, B.S. 

 

A Thesis 

 

In 

 

ECONOMICS 

 

Submitted to the Graduate Faculty 

of Texas Tech University in 

Partial Fulfillment of 

the Requirements for 

the Degree of 

 

MASTER OF ARTS  
 

 

Approved 

 

Dr. Eleanor Von Ende 

Chair of Committee 

 

Dr. Andres Vargas 

 

 

 

 

 

Dominick Casadonte 

Interim Dean of the Graduate School 

 

 

December, 2012



 

 

 

 

 

 

 

 

 

 

 

 

 

 

Copyright 2012, Scott Carmack 

 



 Texas Tech University, Scott Carmack, December 2012   

 

ii 

 

 

TABLE OF CONTENTS 

LIST OF TABLES………………………………………………………………………ii  

LIST OF FIGURES……………………………………………………………………..iii 

I. INTRODUCTION…..……………………………………………………………..1 

II. LITERATURE REVIEW……………………………………………………...….5 

III. NBA POLICIES…………………………………………………………..….…….8 

IV. MEASURES OF COMPETITIVE BALANCE…………………………..….…..9 

V. BEHAVIOR OF VARIOUS MEASURES OF COMPETITIVE BALANCE 

OVER TIME……………………………………………………….……………..16 

VI. DESCRIPTIVE STATISTICS…………………………………..…………….…18 

VII. DATA AND METHODOLOGY…………………………………..………….…24 

VIII. REGRESSIONS……………………………………………………..……….…...30 

IX. ANALYSIS OF REGRESSIONS 1, 2, &3………………………..………..……42 

X. ANALYSIS OF REGRESSIONS 4, 5, & 6…………………….….………..…...44 

XI. ANALYSIS OF REGRESSIONS 7 & 8…………………………..………..……46 

XII. ANALYSIS OF REGRESSIONS 9, 10, & 11…………………….………...…..48 

XIII. CONCLUSIONS……………………………………………………..…..……….49 

REFERENCES………………………………………………………………....………51 

 



 Texas Tech University, Scott Carmack, December 2012   

iii 

 

LIST OF TABLES 

1. Hypothetical won-loss records in 2 hypothetical leagues………………………..12 

2. Measures of Competitive Balance across time……………………….………….16 

3. Variables included in the NBA model…………………………………………...25 

4. Regression 1……………………………………………………………………...31 

5. Regression 2…………………………………………………………………...…32 

6. Regression 3………………………………….…………………………………..33 

7. Regression 4…………………………………………………………………...…34 

8. Regression 5…………………………………………………………………...…35 

9. Regression 6…………………………………………………………………...…36 

10. Regression 7…………………………………………………………………...…37 

11. Regression 8…………………………………………………………………...…38 

12. Regression 9…………………………………………………………………...…39 

13. Regression 10………………………………………………………………….…40 

14. Regression 11……………………………………………………..…………...…41



 Texas Tech University, Scott Carmack, December 2012   

iv 

 

LIST OF FIGURES 

1. Gini coefficients vs. Adjusted Gini coefficients………………………………....10 

2. U.S. Population…………………………………………………………………..19 

3. Number of NBA Teams……………………………………………………….…19 

4. Gini coefficients…………………………………………………………….……20 

5. Competitive Balance Ratio……………………………………………………....20 

6. Gini coefficient upper bound………………………………………………….…21 

7. Adjusted Gini coefficients……………………………………………………….21 

8. HHI 5-year……………………………………………………………………….22 

9. Aggregate league attendance…………………………………………………….27 

10. Average league attendance per game……………………………………………28 

11. List of regressions……………………………………………………………..…30 



 Texas Tech University, Scott Carmack, December 2012   

1 

 

CHAPTER I 

INTRODUCTION 

 Competitive balance has long been studied under sports economics.  The theory 

behind competitive balance is that attendance decreases with outcome certainty, as shown 

by El-Hodiri and Quirk (1971). 

 

The essential economic fact concerning professional team sports is that gate 

receipts depend crucially on the uncertainty of outcome of the games played 

within the league. As the probability of either team winning approaches 1, gate 

receipts fall substantially. Consequently, every team has an economic motive for 

not becoming “too” superior in playing talent compared with other teams in the 

league. On the other hand, gate receipts of the home team are an increasing 

function of the probability of the home team winning for some range beyond a 

probability of .5, so that every team has an economic motive to be somewhat 

superior to the rest of the league. 

 

Essentially, if the outcomes of the games being played in a league were predetermined, 

attendance will drop.  On the other hand, if the outcomes were completely randomized, 

(i.e. the outcome of every game was a virtual coin flip) attendance will drop as well.  

Neale (1964) exclaimed that if a league lacks competitive balance, eventually fan interest 

in weaker teams will fall and over time fan interest in the stronger teams will fall as well.  

Therefore greater competitive balance in a league should lead to greater demand for 

attendance in sporting events, ceteris paribus.  Neale (1964) called this notion the League 

Standing Effect. A study done by Fort and Quirk (1992) finds that the National Football 

League’s Cleveland Browns began losing attendance in the years that they dominated the 

league.  These studies support the notion that parity has a strong effect on the level of fan 

interest.   
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 There have been numerous studies conducted on the subject of competitive 

balance in Major League Baseball games, such as Fort and Quirk (1995), Quirk and Fort 

(1997), Zimbalist (1992), and Butler (1995) among others.  While recent studies have 

examined how variations in competitive balance affect variations in league attendance in 

MLB, very few studies have been conducted on the behavior of NFL fans or NBA fans.   

 There is reason to believe that each league has a different consumer base.  Each 

sport league is structured very differently.  Season length varies greatly across the NLF 

(16 games), the NBA (82 games) and MLB (162 games).  The paces of the games of each 

sport are also very different.  MLB has the slowest pace of the 3 leagues, with the NFL 

having the second fastest pace, and the NBA having the fastest pace.  It is also 

unreasonable to assume that if a consumer is a MLB fan, than he must also be a fan of 

both the NBA and the NFL.  Therefore, we have to assume that each league’s fan base is 

independent of other leagues. 

 This study also attempts to revisit a metric of competitive balance brought up by 

Humphreys (2002) called the competitive balance ratio (CBR).  Humphreys argues that 

his measurement of competitive balance is a valid metric by showing its effectiveness 

against other measures due to the fact that it accounts for team specific variation in 

winning percentage, whereas other commonly used metrics do not.  Humphreys then 

shows that compared to the HHI and the standard deviation in winning percentage, the 

variation in the CBR explains more of the observed variation in attendance than the other 

two methods due to the fact that neither of the other measures were found statistically 

significant in MLB.  The problem with Humphreys’ approach is that he only compares 

three different measures of competitive balance; he fails to test the CBR against one of 
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the most prominently used measures of competitive balance, Gini coefficients.  Gini 

Coefficients are commonly used as a measure of income distribution. 

Schmidt (2001) and Schmidt and Berri (2001) have both found that variations in 

Gini coefficients over time to have been very effective for observing variations in league 

attendance.  There are proposed problems with using Gini coefficients as a measurement 

of competitive balance.  Due to the fact that over the course of the season no one team 

can win all of the games in a given league in a given year, therefore the upper bound of 

the Gini coefficients is much less than 1.  This issue is addressed by Utt and Fort (2002) 

by calculating the adjusted Gini coefficients for the NFL across a number of seasons and 

comparing them to their non-adjusted counterparts.  However Larsen, Fenn, and Spenner 

(2006) came up with a way to calculate the hypothetical upper bound and then adjust the 

Gini coefficients accordingly and by doing so created an alternative to the Gini 

coefficient, the adjusted Gini coefficient.   

There is abundant literature available on the subject of using competitive balance 

as a factor in the demand function for league attendance in MLB.  There have also been 

numerous studies done in sports using Gini coefficients as a measure of competitive 

balance.  However since Larsen, Fenn, and Spenner (2006) introduced the adjusted Gini 

coefficient as a measure of competitive balance, there have been no empirical studies 

done describing how effective variations in the adjusted Gini coefficients are in 

explaining the observed variation in attendance over time.  This is the first study not only 

to test empirically the effectiveness of variations of adjusted Gini coefficients in 

explaining variations in league attendance, but this is also the first study to test 
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empirically the effectiveness of the variations of any measure of competitive balance on 

variations in NBA attendance. 
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CHAPTER II 

LITERATURE REVIEW 

 There is an extensive amount of literature devoted to competitive balance in 

sports.  Early studies include Rottenberg’s (1956) methodology of measuring competitive 

balance on Major League Baseball consisted of counting the number of league pennants 

won by teams in their respective leagues from 1920 to 1951.  Measures of dispersion of 

wins and championships were proposed by Noll (1988) and applied by Scully (1989), 

which involved computing the standard deviation of the winning percentages of teams in 

a league and comparing it to the idealized standard deviation of winning percentages that 

would have resulted if all the teams were of equal strength.  According to Fort and 

Maxcy (2003), recent literature has divided into two main areas of study; the analysis of 

competitive balance which analyzes what happens to the competitive balance of sports 

leagues over time with respect to changes in business practices, and analysis on the affect 

of how variations in competitive balance affect the behavior of consumers.   

Studies on the analysis of competitive balance include Larsen, Fenn, and Spenner 

(2006) who examined the effect of free agency on the competitive balance of the NFL.  

Larsen, Fenn, and Spenner (2006) calculated the hypothetical upper bound for the most 

uneven distribution of wins in a given league year in the NFL.  Larsen, Fenn, and 

Spenner (2006) also used deviations in the HHI to discover what effect certain league 

policies had on competitive balance and find that league policies such as free agency and 

salary cap restrictions tend to promote competitive balance.  Other studies include 

Vrooman (1995), who examined the theoretical relationship between free agency and 
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competitive balance in MLB, and Maxcy (2002), who examined the effect of the Draft on 

competitive balance in Major League Baseball.  Vrooman (1995) used the standard 

deviation in winning percentages as a measure of competitive balance and determined 

that since the institution of unrestricted free agency in MLB, competition in MLB has 

remained relatively balanced despite the obvious advantage of a larger payroll for large 

market teams.  Maxcy (2002) found that the institution of a reverse-order draft had 

increased the relative wealth of low income franchises and also increased competitive 

balance in MLB. 

Studies on the analysis of the affect of how variations in competitive balance 

affect consumer behavior include Schmidt (2001), which examined the effect of league 

expansion in MLB on competitive balance, Schmidt and Berri (2001) which examined 

the relationship between MLB attendance and competitive balance, and Humphreys 

(2002).  Schmidt (2001) used Gini coefficients to estimate the effect of league expansion 

on competitive balance and found that competitive balance in MLB increases with league 

expansion.  Schmidt and Berri (2001) examined the relationship between the competitive 

balance in MLB and the aggregate attendance of the league using Gini coefficients and 

found that increases in competitive balance increase aggregate attendance.  Schmidt and 

Berri (2001) also found evidence that divergence in player compensation over time will 

eventually lead to significant declines in average attendance.   Humphreys (2002) 

introduced a new measure of competitive balance, the Competitive Balance Ratio (CBR). 

Humphreys (2002) argued that due to the fact that his CBR takes into account turnover in 

league standings over a period of years, it is a better measure of competitive balance than 

others (most notably, the standard deviation of winning percentage).  Humphreys (2002) 
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found that increases in the competitive balance of MLB using the CBR increased MLB 

attendance, which was consistent with Neale’s (1964) League Standing Effect. 
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CHAPTER III 

NBA POLICIES 

 It is apparent that parity plays a huge role in the demand for sporting events.  

Different sports leagues have various polices in place to attempt to maintain that a certain 

level of parity exists across the league.  One of the policies put in place in the NBA is the 

salary cap.  The purpose of a salary cap is to place a ceiling on the amount of money that 

a team is allowed to spend in a given season.  The basic premise behind this is to prohibit 

the teams that have larger amounts of money to have more purchasing power than teams 

that do not have as much money. 

 Another policy that is in place to encourage the team improvement across seasons 

is the reverse order draft.  The purpose of the reverse order draft is to increase the 

chances of the worst teams (usually determined by the teams with the worst records) 

obtaining the best incoming collegiate, high school, and foreign born players. There were 

problems with this approach, however.  For example, especially if there was a very 

attractive prospect that would most likely be taken with the number one overall pick, if a 

team had virtually no chance to make the playoffs teams would have an incentive to tank 

the season.  To prevent this from happening, in 1990 the NBA instituted a weighted 

lottery draft.  While the team that had the worst record had the best chance of landing the 

number one overall pick, it was now by no means a guarantee that it would receive the 

pick. 
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CHAPTER IV 

MEASURES OF COMPETITIVE BALANCE 

  The use of Gini coefficients as a measure of competitive balance has been 

prevalent throughout literature.  Fort and Quirk (1995) use Gini coefficients to describe 

the effect that free agency had on the competitive balance of different sports leagues.  

Schmidt (2001) and Schmidt and Berri (2001) among others primarily use Gini 

coefficients as a measure of competitive balance in sports leagues. While the Gini 

coefficient is commonly used as a method to examine income or wealth distributions, 

they are also useful for examining the distribution of wins in a sports league. Lambert 

(1993) and Schmidt and Berri (2001) define the Gini coefficient as  

 

                    Gi = (1 + 1/Ni) – 2/(Ni
2
 * μxi) *  (xN,i + 2*xN-1,i + 3*xN-2,i +…N*x1,i) (1) 

 

where Ni represents the number of teams in year i, xN is the winning percentage of the Nth 

team, and μxi is the average value of xi. The present analysis adopts the same measure 

used by Schmidt and Berri (2001), following Lambert (1993), to calculate the Gini 

coefficients for the NBA. 

The problems associated with the hypothetical upper bound of Gini Coefficients 

being less than 1 was addressed by Utt and Fort (2002), who argue that league scheduling 

must be taken into effect when calculating Gini coefficients. In order to address this issue 

Larsen, Fenn, and Spenner (2006) calculated a hypothetical upper bound for the Gini 

coefficient by calculating the “most unequal distribution of wins” for a given league in a 

given year in the NFL.  To create this upper bound, they listed the teams in alphabetical 
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order and assumed that the team at the top of the list (Arizona Cardinals) won every game 

that it played on its schedule.  The next team on the list (Atlanta Falcons) would win 

every game that it played on the schedule that given year except for the games that it 

played against the Arizona Cardinals that year.  The trend continues all the way down 

until you arrive at the Washington Redskins who lose every game that it plays.  Figure 1 

displays the Gini coefficients and adjusted Gini coefficients calculated for the NBA from 

the 1976-77 season through the 2009-10 season.   

 

Figure 1: Gini Coefficients vs. Adjusted Gini Coefficients 

Source: Author computation using Data from www.basketballreference.com 

 

The table above suggests that the level of competitive balance in the National 

Basketball Association is dramatically understated by Gini coefficients.  The results are 

very similar to the results found by Larsen, Fenn, and Spenner (2006) in the fact that 

competitive balance appears display cyclical behavior.  Also, the shifts in the adjusted 

Gini coefficients appear to be much more dramatic than the unadjusted Gini coefficients. 
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An alternative measure of competitive balance is the Herfindahl-Hirschman Index 

(HHI).  The HHI is commonly used as a measure of market concentration which is 

defined as follows 

 

                                                HHI = S1
2
+ S2

2
+ S3

2
+ ... + Sn

2
 (2) 

 

Where S1, S2,…Sn are percentage market shares of firms 1, 2,….n respectively.  The HHI 

ranges from close to 0 to10,000.  For example, if there are several thousand firms in a 

particular market each with an equal market share, the HHI will be close to 0.  

Conversely, if there is a single firm that monopolizes the market, the HHI will be close to 

10,000.  For this study, the HHI measures the concentration of first place finishes in 

regular season standings over a set number of years. 

Another commonly used method for quantifying competitive balance is the 

dispersion in winning percentages.  This method has been used by Scully (1984) and by 

Fort and Quirk (1997).  This measure of competitive balance uses the standard deviation 

of winning percentage (WPCT), which is defined as the ratio of wins to total games 

played.  If given a league with N teams during a period of T seasons, and WPCTi,t is the 

winning percentage of team I in season t, and i = 1,…,N and t = 1,…,T then the standard 

deviation of winning percentages for this league is 

 

                                   σL = [ Σi
N

= 1  Σt
T

=1 (WPCTi,t - .500)
2 
/ NT]

1/2
 (3) 
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While σL has been proven a useful metric of competitive balance, it does have its 

shortcomings.  When applied during a large number of seasons, the standard deviation of 

winning percentage does not capture the changes in relative standings of teams from year 

to year.  This is demonstrated in table 1 below.  Each of the hypothetical leagues has a σL 

of .35 

Both of these leagues have the same standard deviation in winning percentages.  

However, the level of competitive balance in these hypothetical leagues is very different.  

In the first league, every team finishes with the same record year after year with no 

turnover in relative standings while the second league is the polar opposite.  Eckard 

(1998, 2001a, 2001b) proposed a variance decomposition in order to account for this 

turnover in relative standings from year to year.  Eckard’s decomposition is as follows: 

 

                                                       σ
2

L = σ
2

CUM +  σ
2

TIME (4) 

 

 

________________________________________________________________________ 

Table 1:  Won-loss Records in Two Hypothetical Leagues 

 

 League 1 League 2 

 Year Year 

Team 1 2 3 4 5 1 2 3 4 5 

 

A 4-0 4-0 4-0 4-0 4-0 4-0 3-1 2-2 1-3 0-4 

B 3-1 3-1 3-1 3-1 3-1 3-1 2-2 1-3 0-4 4-0 

C 2-2 2-2 2-2 2-2 2-2 2-2 1-3 0-4 4-0 3-1 

D 1-3 1-3 1-3 1-3 1-3 1-3 0-4 4-0 3-1 2-2 

E 0-4 0-4 0-4 0-4 0-4 0-4 4-0 3-1 2-2 1-3 
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In the first league, the variance decomposes into σ
2
TIME = 0.0 and σ

2
CUM = .35, while the 

second league’s variance decomposition is σ
2

TIME = .35 and σ
2

CUM = 0.0. 

 Humphrey’s (2002) argues that Eckard’s decomposition is flawed, due to the fact 

that the decomposition holds true rarely in practice and only in special cases.  The 

fundamental rule of variances is 

 

                                   var(X+Y) = var(X) + var(Y) – 2cov(X,Y) (5) 

 

Humphreys (2002) argues that the only in the special case where cov(X,Y) = 0 will 

Eckard’s decomposition hold true.  He then stated that this rarely is the case and that in 

fact 20-30 percent of the variance can be attributed to the covariance, although he does 

not state at how he came upon that conclusion.  Due to the proposed shortcomings of any 

of the previous metrics of competitive balance, Humphreys then proposed his own 

measure of competitive balance, the competitive balance ratio. 

According to Humphreys (2002), the variation in won-loss percentage of teams in 

a sports league during a number of seasons can be calculated in two different ways: 

within-team variation in won-loss percentages, and within-league variation in won-loss 

percentages.  The standard deviation of each individual team’s won-loss percentage 

across multiple seasons is  

 

                                       σT, i = [Σt (WPCTi,t - AVGWPCTi)
2 
/ T]

1/2
 (6) 
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where the second term in the numerator is each team’s average won-loss percentage 

during the T seasons.  In the two hypothetical leagues shown above, the σT,i = 0.0 for 

League 1 and .35 for League 2. 

 The within-season standard deviation in win-loss percentages across all teams 

within a season can be calculated as 

 

                                             σN,I  = [Σt (WPCTi,t - .500)
2 
/ N]

1/2
 (7) 

 

It is important to note that for each individual season σN,i  = σL. 

These two measures can be averaged over a period of time to create a league wide 

measure for each standard deviation. 

 

                                                  avgσT = Σi σT,I / N (8) 

                                                   avgσN = Σt σN,t / T (9) 

 

It is important to note that if the same number of teams, N, play the same number 

of games in each season, then σN will be equivalent to σL.  However this is not always the 

case due to league expansion and the occurrence of union strikes. 

Humphreys then used these two average measures of variation in order to define 

the competitive balance ratio 

 

                                               CBR = avgσT / avgσN (10) 
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The CBR is able to indicate the relative magnitude of each type of variation 

across a number of league seasons, as illustrated by the previous two hypothetical 

leagues.  The CBR for League 1, which has no turnover in relative standings will be 0.0 

(0.0/.35), whereas the CBR for League 2 which has absolute turnover in relative 

standings will be 1.0 (.35/.35).  The CBR has a very intuitively appealing property in the 

fact that the upper and lower bounds are 1 and 0 respectively.  Because the denominator 

of the CBR is related to the standard deviation in winning percentage, the two measures 

are inversely related.  However, the CBR captures the team turnover across seasons that 

the standard deviation in winning percentage does not. 
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CHAPTER V 

BEHAVIOR OF VARIOUS MEASURES OF  

COMPETITIVE BALANCE OVER TIME 

It is important to note that the different measures of competitive balance behave 

very differently over time, as shown in Table 2.  Table 2 shows how adjusted Gini 

coefficients, the CBR, and the HHI of first place finishes in regular season standings vary 

across time.  Due to the fact that the CBR and HHI can only be calculated across a 

number of seasons, adjusted Gini coefficients are averaged over the same number of 

seasons as the HHI and CBR for proper comparison. From table 2, it appears that 

adjusted Gini coefficients rose throughout the first 15 seasons in this study. From the 

1986 through 2001 seasons that adjusted Gini coefficients continued to rise, though at a 

slower rate than previous seasons.  Throughout the early part of the 21
st
 century, the win 

distributions were more balanced than they were during the previous 15 seasons before 

becoming more unbalanced from the 2006-09 seasons.  The overall average of adjusted 

Gini coefficients for the data set is .48. 

 

Table 2: Measures of Competitive Balance across time 

 

Measure 76-81 81-86 86-91 91-96 96-01 01-06 06-09 

AGC .37 .45 .51 .53 .55 .46  .51 

CBR .81 .66 .62 .61 .60 .73  .59 

HHI 2200 6800 4400 2800 2600 1800 5556 

Source: Author computation using Data from www.basketballreference.com 

NOTE: AGC = Adjusted Gini Coefficient, CBR = Competitive Balance Ratio, HHI = 

Hirshman-Herfinadahl Index 
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 The first 5 years of the modern-day NBA experienced high levels of turnover in 

league standings throughout the entire data set. Between the 1985-2003 seasons the 5-

year CBR stays fairly steady, ranging from no lower than .55 to a maximum of .67 and an 

average of .61.  After that, the CBR appears to spike a bit in the early part of the 21
st
 

century.  The 5-year HHI is highest during the 1980’s and the early part of the 1990’s 

where the league was dominated by the Boston Celtics and the Los Angeles Lakers, and 

lowest during the 2001-06 seasons. 
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CHAPTER VI 

DESCRIPTIVE STATISTICS 

 

 Figures 2 through 10 show how variables used in this study vary over time. Time 

ranges for these figures ranges from the 1976-77 season (denoted on the x axis as 77) 

through the 2009-2010 (denoted on the x axis as 10) season, with the exceptions of 

Figures 5 and 8.  Both Figures 5 and 8 end during the 2009-2010 season, but due to the 

fact that the HHI and the CBR need to be calculated in 5 year intervals, the starting 

season is the 1980-81 season (denoted on the x axis as 81).  Figure 2 shows how the US 

population has changed throughout the data set.  Figure 3 shows how rapidly the NBA 

has expanded throughout the data set.  Figure 4 shows how Gini coefficients have varied 

throughout the sample period.  Figure 5 shows how the CBR has varied throughout time 

in the NBA throughout the data set.  Figure 6 shows how the upper bound of Gini 

coefficients for the most uneven distribution in wins varies throughout the data set.  

Figure 7 shows how adjusted Gini coefficients have varied throughout the data set.  

Figure 8 shows how the 5 year HHI of the concentration of first place regular season 

finishers varies throughout the data set. 
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Figure 2: US Population 

Source : NBER Macrohistory Database 

 

 

 

 

 

 
 

Figure 3: Number of NBA teams  

Source: www.basketballreference.com 
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Figure 4: Gini Coefficients 

Source: Author computation using Data from www.basketballreference.com 

 

 

 

 

 

 
 

Figure 5: Competitive Balance Ratio 5-year Averaged 

Source: Author computation using Data from www.basketballreference.com 
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Figure 6: Gini Coefficient Upper Bound 

Source: Author computation using Data from www.basketballreference.com 

 

 

 

 

 

 
 

Figure 7: Adjusted Gini Coefficients 

Source: Author computation using Data from www.basketballreference.com 
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Figure 8: HHI 5-year average 

Source: Author computation using Data from www.basketballreference.com 

 

 

 Figure 2 shows the US population increasing steadily from 220,239,425 to 

307,006,550 from 1977 to 2009 in an almost linear manner. The number of NBA teams 

changes drastically across the timeframe of this study.  Figure 3 shows how rapidly the 

league expanded from the 1976-77 season through the 2009-10 season.  From the 1976-

77 season through the 1979-80 season the league had a total of 22 teams.  Before the start 

of the 1980-81 season the league expanded to 23 teams when the Dallas Mavericks joined 

the league.  The NBA remained with 23 teams until the start of the 1988-89 season, 

which then added the Miami Heat and the Charlotte Hornets to expand to 25 teams. The 

following season, the NBA added the Minnesota Timberwolves and the Orlando Magic 

to expand to 27 teams.  Before the start of the 1995-96 season, the NBA added the 

Toronto Raptors and the Vancouver Grizzlies to the league, expanding it to 29 teams. The 

most recent league expansion occurred before the start of the 2004-05 season when the 
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Charlotte Bobcats were added to the league which brought the total of NBA teams up to 

30. 

 Figures 4 and 7 show that not surprisingly, Gini coefficients and Adjusted Gini 

coefficients behave in very similar manners and have a correlation of .9995.  The 

aforementioned difference being the upper bound of 1 for the Gini coefficients and the 

calculated upper bound for the Adjusted Gini coefficients.  Figure 6 shows how the 

hypothetical upper bound changes across time. The upper bound of the Adjusted Gini 

coefficients ranges between .3444 during the 2007-08 season and .355 during the 1979-

80 season. 

 



 Texas Tech University, Scott Carmack, December 2012   

24 

 

 

CHAPTER VII 

DATA AND METHODOLOGY 

The behavior of fans can be easily measured by attendance in professional games.  

Data on attendance is readily available from the Association for Professional Basketball 

Research and econometric modeling of attendance at professional sporting events has a 

long history, beginning with Noll (1974).  The number of observations included in this 

regression model is 33 for models that include non averaged adjusted Gini coefficients 

and 29 for all others..  The model used is similar to the model used by Humphreys (2002) 

when testing the effectiveness of variations in the CBR in explaining variations in 

attendance.  One can assume that the error term had normal properties; therefore an 

ordinary least squares model of the determination of attendance is suitable: 

 

                                                     ATTt = α + βAt + εt (11) 

 

where ATTit is total attendance in the NBA in season t (t =1977 . . ., 2009), At is a vector 

of variables that affect attendance at NBA contests, εt is a random error term, and α, β, 

and ε are vectors of unknown parameters to be estimated.  Variables that affect the 

available number of potential consumers available to attend sporting events are on the 

supply side of this regression, where as variables that affect the appeal of the sporting 

event are  on the demand side.  Variables that affect NBA attendance include total US 

population, War dummy variables, a Strike dummy variable, the number of teams in the 



 Texas Tech University, Scott Carmack, December 2012   

25 

 

league, linear and quadratic time trends, as well as the level of competitive balance., as 

shown on Table 3.   

It is important to note that while calculating the upper bounds of the Gini 

coefficients that the locations of various NBA franchises have changed over the years, 

which affects the alphabetical ordering, such as the Vancouver Grizzlies moving to 

Memphis in 2002.  In order to keep the ordering consistent, the franchises are listed 

alphabetically according to their current location.  For example, the Grizzlies franchise is 

located in Memphis and not Vancouver, the Clippers franchise is located in Los Angeles 

instead of Buffalo, etc.   

It is important to note that both seasonal fan attendance as well as U.S. population 

is measured in hundreds of thousands.  As population increases, the supply of people able 

to attend NBA games increases as well.  Other factors that may affect the supply of 

potential attendees are whether or not the NBA went on strike for the season or if the 

United States is involved in a war. Unlike the model used by Humphreys (2002), there is 

no television dummy variable included in this regression due to the fact that the invention 

of television occurs before the 1976-77 season.   

________________________________________________________________________ 

Table 3: Variables included in NBA model 

 

Variable Source__________________________________________ 
Total US Population NBER Macrohistory Database (http://www.nber.org) 

War dummies Equals 1 in 1983-84, 1991, & 2001-2009 

Strike dummy  Equals 1 in the 1998-99 season (www.nba.com) 

Attendance   Association for Professional Basketball Research (http://www.apbr.org) 

Number of teams  Basketball-reference.com (http://www.basketballreference.com/) 

Linear and Quadratic Time Trends Begin in 1977 

 

 

Also, instead of linear and quadratic time trends associated with the invention of 

television in 1951, this model will only use linear and quadratic time trends that begin in 
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the 1976-77 season.  The range of seasons used for this data set begins with 1976-77 

season, which was the season of the NBA-ABA merger for regressions that use non 

averaged adjusted Gini coefficients.  Due to the fact that 5 year averages of the 3 

measures of competitive balance can only be accurately calculated beginning in the 1980-

81 season, the range of seasons used for those regressions starts in the 1980-81 season. 

All of the time tables end with the 2008-09 season. The variables used in this study are 

included in table 4. 

When looking at the raw attendance data in Figure 9, it would appear that since 

the NBA-ABA merger attendance has risen steadily with the exception of the strike-

shortened 1998-1999 season. During the first few years, aggregate attendance looks to 

have been fairly stagnant until around the 1984-85 season, which was Michael Jordan’s 

rookie year.  This sudden surge of interest from fans could possibly be attributed to a 

superstar effect.  In the 1984-85 season, you had 3 of the biggest stars in NBA history in 

Michael Jordan, Larry Bird, and Magic Johnson playing at the same time.  From Figure 

9, we should expect sign of the time trend to be positive and the sign of the time trend 

squared to be negative.  Those results would directly contradict the results of the 

Humphreys (2002) study, which found evidence that television had eroded MLB 

attendance over time. 
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Figure 9: Total League Attendance in 100k’s 

Source: Association for Professional Basketball Research 

 

When measuring league attendance, it is important to note that it is ambiguous as 

to whether official boxscore attendance is tallied by entirely by ticket sales or by head 

counts at the game. Because people who purchase season tickets, for example, are not 

required to attend every home game, the head count attendance may be very different 

than attendance measured in ticket sales.  In a 2011 Forbes article entitled “How Sports 

Attendance Figures Speak Lies” by Maury Brown, Brown indicates that modern 

attendance records refer soley on ticket sales and not head count attendance. 

If you followed the business of sports, you’ll know that about 20 years 

ago, the move to count tickets sold, as opposed to turnstile clicks, became 

what is reported in the box scores. The reason – wholly done for 

accounting purposes for the clubs – showed what matters to owners most: 

money. 
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While there is an indication that attendance is measured purely by ticket sales and 

not by actual head counts in the stands, without an official league rulebook regarding 

attendance measurement available to the public the subject remains ambiguous.  Also, the 

league attendance totals are only for the regular season and do not include preseason or 

postseason games.  Both Attendance and US population are measured in hundreds of 

thousands. Figure10  shows how average fan attendance per game has changed.   

 

 

Figure 10: Average per game Attendance in 100k’s 

Source: Association for Professional Basketball Research 

 

One may argue that this may be a better measure for fan behaviour due to the fact 

that yearly aggregate attendace can be greatly influenced by labor strikes and and league 

expansion.  While throughout the dataset there is only 1 work stoppage (the 1998-99 
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season that was shortened to 50 games) the league expanded rapidly during this 

timeframe, expanding from 22 teams originally to 32 teams currently.  

 When there is military activity overseas a large portion of the US population is 

not available to attend sporting events, therefore can affect the supply of potential 

spectators.  Humphreys (2002) model included a single war dummy variable that 

included both world wars.  The dummy variable included in the following regressions 

includes the military efforts in Beirut, the Persian Gulf, and the ongoing War on 

Terrorism.  The strike dummy variable includes the work stoppage during the labor 

dispute before the 1998-99 season that shortened the length of the season from 82 games 

to 50. 

 The final variables included are different quantifications of competitive balance; 

adjusted Gini coefficients, the HHI, and the Competitive Balance Ratio (CBR).    Each of 

these measures are included in separate regressions.  Under the assumption that more 

competitive balance will increase the demand for attendance, ceteris paribas, the sign of 

the adjusted Gini coefficient should be negative, the sign of the HHI should be negative, 

and the sign of the CBR should be positive.  Finally due to the fact that the HHI of 

regular season winners as well as the CBR can only be calculated over a number of  

seasons, the adjusted Gini coefficients are averaged over the same 5 year periods as both 

of the other measures. 
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CHAPTER VIII 

REGRESSIONS 

 Figure 11 lists the regressions in order of appearance.  The first 3 regressions use 

Aggregate attendance as the dependant variable and the only thing that changes between 

them is the measure of competitive balance.  Regressions 4 through 6 use Average 

attendance as the dependant variable and the only thing that varies between them is the 

measure of competitive balance.  Regressions 7 and 8 use non-averaged adjusted Gini 

coefficients as the measure of competitive balance, but Regression 7 uses Aggregate 

attendance as the dependant variable whereas Regression 8 uses Average attendance as 

the dependant variable.  Regressions 9 through 11 use Average attendance as the 

dependant variable, but various factors that affect attendance are eliminated in  each of 

the regressions 

 

 

Regression 1: Aggregate attendance - Adjusted Gini Coefficients 

Regression 2: Aggregate attendance – HHI 

Regression 3: Aggregate attendance - CBR 

Regression 4: Average attendance - Adjusted Gini Coefficients 

Regression 5: Average attendance – HHI 

Regression 6: Average attendance – CBR 

Regression 7: Aggregate attendance – Single season Adjusted Gini Coefficients 

Regression 8: Average attendance – Single season Adjusted Gini Coefficients 

Regression 9: Average attendance – Single season Adjusted Gini Coefficients without US 

Population 

Regression 10: Average attendance – Single season Adjusted Gini Coefficients without 

Time Trends 

Regression 11: Average attendance – Single season Adjusted Gini Coefficients without 

Number of Teams 

Figure 11: List of regression models 
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Table 4: 

Regression 1: Ordinary Least Squares (OLS) Regression Results: Aggregate Attendance 

With War Dummies – Adjusted Gini Coefficient Model 

 

                    coefficient   std. error    t-ratio     p-value  

 ============================================================================ 

  Const             262.658       112.922         2.326    0.0312    ** 

  USpop100k          -0.188893      0.0521199    -3.624    0.0018    *** 

  WD1                -5.52219       2.46617      -2.239    0.0373    ** 

  WD2                -4.29226       3.07189      -1.397    0.1784    

  WD3                -1.88313       4.11823      -0.4573   0.6527    

  Strike Dummy      -88.0126        3.22569     -27.28     1.06e-016 *** 

  Number of Teams   10.5234       0.765558     13.75     2.53e-011 *** 

  Time Trend          11.1003        1.35235       8.208    1.14e-07  *** 

  Time Trend2 -0.102275      0.0208098    -4.915    9.62e-05  *** 

  AGini5yr          -79.4955       31.6009       -2.516    0.0210    ** 

 

Mean dependent var   168.3912    S.D. dependent var    44.04665 

Sum squared resid     155.8949    S.E. of regression    2.864436 

R-squared             0.997130    Adjusted R-squared    0.995771 

F(9, 19)              733.5247    P-value(F)            3.31e-22 

Log-likelihood       -65.53657    Akaike criterion      151.0731 

Schwarz criterion     164.7461    Hannan-Quinn          155.3553 

rho                   0.407126    Durbin-Watson         1.174126 

 
 

 

 

 

*significant at the 10% level 

**significant at the 5% level 

***significant at the 1% level 
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Table 5: 

Regression 2: Ordinary Least Squares (OLS) Regression Results: Aggregate Attendance 

With War Dummies – HHI Model 
 

                    coefficient     std. error     t-ratio     p-value  

 ============================================================================ 

  Const             287.231        119.034           2.413    0.0261    ** 

  USpop100k          -0.195097       0.0545625      -3.576    0.0020    *** 

  WD1                -6.15341        2.54249        -2.420    0.0257    ** 

  WD2                -2.36558        3.35876        -0.7043   0.4898    

  WD3                 1.15569        4.03079         0.2867   0.7774    

  Strike Dummy      -87.5133         3.43156       -25.50     3.69e-016 *** 

  Number of Teams    9.14590        0.915839        9.986    5.38e-09  *** 

  Time Trend        10.0508         1.28805         7.803    2.42e-07  *** 

  Time Trend2 -0.0712096      0.0155000      -4.594    0.0002    *** 

  HHI5yr             -0.00133903    0.000663209    -2.019    0.0578    * 

 

Mean dependent var    168.3912    S.D. dependent var    44.04665 

Sum squared resid     171.1075    S.E. of regression    3.000943 

R-squared             0.996850    Adjusted R-squared    0.995358 

F(9, 19)              668.1217    P-value(F)            8.01e-22 

Log-likelihood       -66.88666    Akaike criterion      153.7733 

Schwarz criterion     167.4463    Hannan-Quinn          158.0555 

rho                   0.362962    Durbin-Watson         1.268890 

 

 

 

 

 

*significant at the 10% level 

**significant at the 5% level 

***significant at the 1% level 
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Table 6: 

Regression 3: Ordinary Least Squares (OLS) Regression Results: Aggregate Attendance 

With War Dummies: the CBR Model 
 

                    coefficient   std. error    t-ratio     p-value  

 ============================================================================ 

  Const             257.662       130.652         1.972    0.0633    * 

  USpop100k          -0.191588      0.0608358    -3.149    0.0053    *** 

  WD1                -6.86782       2.88546      -2.380    0.0279    ** 

  WD2                -4.35167       3.54508      -1.228    0.2346    

  WD3                 1.61179       4.57841       0.3520   0.7287    

  Strike Dummy      -88.9627        3.69305     -24.09     1.06e-015 *** 

  Number of Teams   10.2090        0.951788     10.73     1.68e-09  *** 

  Time Trend          9.25744       1.86290       4.969    8.51e-05  *** 

  Time Trend2 -0.0588007     0.0282561    -2.081    0.0512    * 

  CBR5yr             -4.47297      17.4686       -0.2561   0.8007    

 

Mean dependent var    168.3912    S.D. dependent var    44.04665 

Sum squared resid     207.1038    S.E. of regression    3.301545 

R-squared             0.996188    Adjusted R-squared    0.994382 

F(9, 19)              551.6300    P-value(F)            4.90e-21 

Log-likelihood       -69.65512    Akaike criterion      159.3102 

Schwarz criterion     172.9832    Hannan-Quinn          163.5924 

rho                   0.422111    Durbin-Watson         1.154816 

 

 

*significant at the 10% level 

**significant at the 5% level 

***significant at the 1% level 
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Table 7: 

Regression 4: Ordinary Least Squares (OLS) Regression Results: Average Attendance 

With War Dummies – Adjusted Gini Coefficient model 

 
                     coefficient    std. error     t-ratio    p-value  

============================================================================ 

  Const              43232.8        13306.2         3.249     0.0042   *** 

  USpop100k            -19.6121         6.14156    -3.193     0.0048   *** 

  WD1                 -629.816        290.602      -2.167     0.0431   ** 

  WD2                 -259.614        361.976      -0.7172    0.4820   

  WD3                  -84.2755       485.273      -0.1737    0.8640   

  Strike Dummy       -1044.44         380.100      -2.748     0.0128   ** 

  Number of Teams     395.149         90.2097      4.380     0.0003   *** 

  Time Trend          1178.73         159.355       7.397     5.26e-07 *** 

  Time Trend2 -11.7025         2.45213    -4.772     0.0001   *** 

  AGini5yr           -7755.32        3723.70       -2.083     0.0510   * 

 

Mean dependent var   15229.79    S.D. dependent var    2605.617 

Sum squared resid     2164622    S.E. of regression    337.5314 

R-squared             0.988613    Adjusted R-squared    0.983219 

F(9, 19)              183.2883    P-value(F)            1.56e-16 

Log-likelihood       -203.8459    Akaike criterion      427.6918 

Schwarz criterion     441.3647    Hannan-Quinn          431.9740 

rho                   0.482657    Durbin-Watson         1.031729 

 

 

 

*significant at the 10% level 

**significant at the 5% level 

***significant at the 1% level 
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Table 8: 

Regression 5: Ordinary Least Squares (OLS) Regression Results: Average Attendance 

With War Dummies – HHI model 
 

                     coefficient    std. error     t-ratio  p-value 

============================================================================ 

  Const             46149.1        13361.4          3.454     0.0027   *** 

  USpop100k           -20.2363         6.12457     -3.304     0.0037   *** 

  WD1                -673.120        285.391       -2.359     0.0292   ** 

  WD2                 -33.8438       377.016       -0.08977   0.9294   

  WD3                 197.246        452.452        0.4359    0.6678   

  Strike Dummy       -967.669        385.189       -2.512     0.0212   ** 

  Number of Teams    242.074        102.802        2.355     0.0294   ** 

  Time Trend         1085.63         144.582        7.509     4.24e-07 *** 

  Time Trend2 -8.79979        1.73985     -5.058     6.99e-05 *** 

  HHI5yr               -0.156719       0.0744444   -2.105     0.0488   ** 

 

Mean dependent var    15229.79    S.D. dependent var    2605.617 

Sum squared resid      2155920    S.E. of regression    336.8523 

R-squared             0.988659    Adjusted R-squared    0.983287 

F(9, 19)              184.0366    P-value(F)            1.51e-16 

Log-likelihood       -203.7875    Akaike criterion      427.5750 

Schwarz criterion     441.2479    Hannan-Quinn          431.8572 

rho                   0.411907    Durbin-Watson         1.1683797 

 

 

 

*significant at the 10% level 

**significant at the 5% level 

***significant at the 1% level  
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Table 9: 

Regression 6: Ordinary Least Squares (OLS) Regression Results: Average Attendance 

With War Dummies – CBR Model 
 

 

                     coefficient    std. error     t-ratio     p-value 

============================================================================ 

  Const              42772.1        14787.9         2.892     0.0093  *** 

  USpop100k            -19.8982         6.88575    -2.890     0.0094  *** 

  WD1                 -763.138        326.593      -2.337    0.0306  ** 

  WD2                 -264.995        401.252      -0.6604    0.5169  

  WD3                  259.520        518.210       0.5008    0.6223  

  Strike Dummy       -1137.04         418.001      -2.720     0.0136  ** 

  Number of Teams   363.531        107.729       3.374     0.0032  *** 

  Time Trend          1001.84         210.854       4.751     0.0001  *** 

  Time Trend2 -7.51472        3.19819    -2.350     0.0298  ** 

  CBR5yr              -395.429       1977.20       -0.2000   0.8436  

 

Mean dependent var    15229.79    S.D. dependent var    2605.617 

Sum squared resid      2653209    S.E. of regression    373.6878 

R-squared             0.986043    Adjusted R-squared    0.979432 

F(9, 19)              149.1471    P-value(F)            1.07e-15 

Log-likelihood       -206.7970    Akaike criterion      433.5940 

Schwarz criterion     447.2670    Hannan-Quinn          437.8762 

rho                   0.471852    Durbin-Watson         1.055451 

 

*significant at the 10% level 

**significant at the 5% level 

***significant at the 1% level 
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Table 10: 

Regression 7: Ordinary Least Squares (OLS) Regression Results: Aggregate Attendance 

Non-averaged adjusted Gini coefficient model 
 

 

                    coefficient    std. error    t-ratio     p-value  

 ============================================================================ 

  Constant             459.523        201.827         2.277    0.0324    ** 

  USpop100k          -0.290896       0.0923342    -3.150    0.0045    *** 

  War Dummy 1        -14.9130         3.64011      -4.097    0.0004    *** 

  War Dummy 2          -7.67661       5.10542      -1.504    0.1463    

  War Dummy 3    -2.23232       6.35930      -0.3510   0.7288    

  Strike Dummy      -94.3422         5.65450     -16.68     2.41e-014 *** 

  Number of Teams   13.1916         1.13304      11.64     4.03e-011 *** 

  Time Trend          8.75543        2.05654       4.257    0.0003    *** 

  Time Trend2 0.00650564     0.0202799    0.3208   0.7513    

  AGC  -74.9679        19.8547       -3.776    0.0010    *** 

 

Mean dependent var    159.9412    S.D. dependent var    47.23861 

Sum squared resid     518.7796    S.E. of regression    4.749277 

R-squared             0.992735    Adjusted R-squared    0.989892 

F(9, 23)              349.2046    P-value(F)            2.04e-22 

Log-likelihood       -92.28200    Akaike criterion      204.5640 

Schwarz criterion     219.5291    Hannan-Quinn          209.5993 

rho                   0.390799    Durbin-Watson         1.183136 

 

*significant at the 10% level 

**significant at the 5% level 

***significant at the 1% level 
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Table 11: 

Regression 8: Ordinary Least Squares (OLS) Regression Results: Average Attendance 

Non-averaged adjusted Gini coefficient model 
 

 

                     coefficient     std. error     t-ratio    p-value  

============================================================================ 

  Constant              62280.4         21537.5         2.892     0.0082   *** 

  USpop100k            -29.5627          9.85326    -3.000    0.0064   *** 

  War Dummy 1          -1549.87          388.447      -3.990     0.0006   *** 

  War Dummy 2        -591.689         544.815      -1.086    0.2887   

  War Dummy 3         -103.474         678.619      -0.1525   0.8801   

  Strike Dummy       -1652.05         603.409      -2.738    0.0117   ** 

  Number of Teams    662.498         120.910       5.479     1.43e-05 *** 

  Time Trend           941.377        219.460       4.290    0.0003   *** 

  Time Trend2 -0.945863       2.16413   -0.4371    0.6661   

  AGC   -7188.20         2118.76       -3.393     0.0025   *** 

 

Mean dependent var    14709.82    S.D. dependent var    2821.828 

Sum squared resid      5907687    S.E. of regression    506.8096 

R-squared             0.976815    Adjusted R-squared    0.967743 

F(9, 23)              107.6691   P-value(F)            1.21e-16 

Log-likelihood       -246.3967    Akaike criterion      512.7934 

Schwarz criterion     527.7585    Hannan-Quinn          517.8287 

rho                   0.428079    Durbin-Watson         1.100536 

 

 

*significant at the 10% level 

**significant at the 5% level 

***significant at the 1% level 
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Table 12: 

Regression 9: Ordinary Least Squares Regression (OLS) Results: Average Attendance 

Non-Averaged Adjusted Gini Coefficient model without US Population 
 

 

 

 

                     coefficient    std. error    t-ratio   p-value 

 ============================================================================ 

  Constant              -1888.32       2930.68       -0.6443    0.5255  

  War Dummy 1       -1624.56        447.630      -3.629     0.0013  *** 

  War Dummy 2        -349.286       622.159      -0.5614    0.5797  

  War Dummy 3    -1289.85        636.849      -2.025     0.0541  * 

  Strike Dummy       -1072.18        660.067      -1.624     0.1174  

  Number of Teams     606.196       137.927       4.395     0.0002  *** 

  Time Trend           315.400        78.5936      4.013     0.0005  *** 

  Time Trend2  -5.13872       1.90810    -2.693     0.0127  ** 

  AGC                 -4773.79       2263.26       -2.109     0.0455  ** 

 

Mean dependent var    14709.82    S.D. dependent var    2821.828 

Sum squared resid      8219842    S.E. of regression    585.2294 

R-squared              0.967741    Adjusted R-squared    0.956988 

F(8, 24)               89.99696    P-value(F)           5.28e-16 

Log-likelihood       -251.8466    Akaike criterion      521.6932 

Schwarz criterion     535.1618    Hannan-Quinn          526.2250 

rho                    0.440427    Durbin-Watson         1.060135 

 

 

*significant at the 10% level 

**significant at the 5% level 

***significant at the 1% level 
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Table 13: 

Regression 10: Ordinary Least Squares Regression (OLS) Results: Average Attendance 

Non-Averaged Adjusted Gini Coefficient model without Time Trends 
 

 

 

                     coefficient     std. error    t-ratio    p-value  

============================================================================ 

  Constant              -13754.5        2842.51       -4.839     5.66e-05 *** 

  USpop100k               4.19489       2.52521     1.661     0.1092   

  War Dummy 1      -1513.16       536.853      -2.819     0.0093   *** 

  War Dummy 2         -164.445       747.514     -0.2200    0.8277   

  War Dummy 3       -1929.96        785.477      -2.457     0.0213   ** 

  Strike Dummy         -996.445       786.257      -1.267     0.2167   

  Number of Teams     723.109       166.357       4.347     0.0002   *** 

  AGC                 -1817.72       2524.05       -0.7202    0.4781   

 

Mean dependent var    14709.82    S.D. dependent var    2821.828 

Sum squared resid     12390766    S.E. of regression    704.0104 

R-squared            0.951372    Adjusted R-squared    0.937756 

F(7, 25)              69.87231    P-value(F)            7.90e-15 

Log-likelihood       -258.6182    Akaike criterion      533.2364 

Schwarz criterion     545.2085    Hannan-Quinn          537.2647 

rho                   0.473468    Durbin-Watson         1.050872 

 

 

 

 

*significant at the 10% level 

**significant at the 5% level 

***significant at the 1% level 



 Texas Tech University, Scott Carmack, December 2012   

41 

 

 

Table 14: 

Regression 11: Ordinary Least Squares Regression (OLS) Results: Average Attenedance 

Non-Averaged Adjusted Gini Coefficient model without Number of Teams 

 

 
 

                     coefficient    std. error     t-ratio    p-value 

============================================================================ 

  Constant             57276.7      31983.7       1.791     0.0859  * 

  USpop100k   -21.1836        14.4680     -1.464     0.1561  

  WD1                -1831.90         572.279      -3.201     0.0038  *** 

  WD2                  101.605        787.648       0.1290    0.8984  

  WD3                -1202.66         963.591      -1.248     0.2240  

  Strike Dummy     -1316.95         892.262      -1.476     0.1530  

  Time Trend           984.421        325.987       3.020     0.0059  *** 

  Time Trend2  -2.16971       3.19949    -0.6781    0.5042  

  AGC                -5826.18        3127.48       -1.863     0.0748  * 

 

Mean dependent var   14709.82    S.D. dependent var    2821.828 

Sum squared resid     13619068    S.E. of regression    753.3002 

R-squared             0.946551    Adjusted R-squared    0.928735 

F(8, 24)              53.12868    P-value(F)            2.12e-13 

Log-likelihood       -260.1778    Akaike criterion      538.3556 

Schwarz criterion     551.8241    Hannan-Quinn          542.8873 

rho                   0.570907    Durbin-Watson         0.760393 

 

 

*significant at the 10% level 

**significant at the 5% level 

***significant at the 1% level 
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CHAPTER IX 

ANALYSIS OF REGRESSIONS 1, 2, & 3 

Regressions 1, 2, and 3 allow comparison between the various measures of 

competitive balance using aggregate attendance as the dependant variable.  The model 

explains greater than 99.6 percent of the observed variations in NBA attendance through 

the sample period in all 3 of these regressions.  The intercept and U.S. population 

variables are significant in all 3 of the models.  Both the War 1and Strike dummy 

variables are statistically significant and correctly signed.  The Time Trend is significant 

although positively signed which implies that the popularity of the National Basketball 

Association has grown steadily over time.  The quadratic time trend is negatively signed, 

indicating diminishing returns to the increasing popularity of the league and was 

statistically significant. 

The HHI was found to be negatively signed and was found to be statistically 

significant.  The adjusted Gini coefficients are correctly signed and statistically 

significant when averaged over 5 season intervals.  The competitive balance ratio is the 

only measure of competitive balance that was found to be statistically insignificant, and is 

also negatively signed which is the opposite of what we were expecting and contradicts 

Humphreys (2002) findings about MLB. 

When choosing to use average attendance as the dependant variable, there are a 

few changes in regards to level of significance, but no changes in regards to variables 

becoming/not becoming significant.  Adjusted Gini coefficients averaged in 5 year 

intervals are still statistically significant, suggesting that they are effective at explaining 
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observed variances in NBA attendance.  The HHI remains statistically significant and the 

Competitive Balance Ratio remains statistically insignificant. 

While it is necessary to average the adjusted Gini coefficients over a 5 year span 

for proper comparison to other measures of competitive balance, it may not be the best 

representation for how adjusted Gini coefficients affect consumer behavior.  When using 

the single season adjusted Gini coefficients in the demand function for both average 

aggregate and attendance per game models, adjusted Gini coefficients are found to be 

statistically significant. 

There are several qualifications about the regression models that need to be 

addressed.  First, the results may suffer from omitted variable bias.  These models do not 

include a variable that captures the price of attendance in NBA games, which clearly 

affects the demand for NBA attendance.  Consumer theory clearly defines the 

relationship between the demand for a good or service relative to its price.  However, the 

price of NBA games over the sample period as well as before is relatively scarce.  A 

second qualification is that the results may result from measurement error.  The NBA has 

included two teams that were located in Canada throughout the sample period but there is 

no Canadian control variable due to the difficulty in controlling for these effects.   
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CHAPTER X 

ANALYSIS OF REGRESSIONS 4, 5, & 6 

Regressions 4, 5, and 6 allow comparison between the various measures of 

competitive balance using average attendance as the dependant variable.  The reason to 

use average attendance per game as a dependant variable as opposed to aggregate 

attendance is that  aggregate attendance can be greatly influenced by a couple of different 

factors.  Aggregate attendance can be greatly influenced by the number of teams that are 

in the league in a given year.  Aggregate attendance can also be greatly influenced by 

whether or not a strike takes place which in turn may shorten the number of games that 

are played in the league in a given year.  In theory, strikes and increases in the number of 

teams in the league should have less effect on average attendance per game compared to 

aggregate attendance. 

  Including the Strike Dummy variable, all of the variables which were 

statistically significant when aggregate attendance was the dependant variable remained 

significant.  War Dummy variables 2 and 3 in Regressions 1,2, and 3 which were  

statistically insignificant became significant in Regressions 4,5, and 6.  The coefficients 

of the independent variables are much higher in the average attendance regressions 

compared to the aggregate attendance regressions.  The reason for this is that aggregate 

attendance was measured in terms of 100 thousands versus the average attendance per 

game which was measured per person and not the nearest 100 thousand. 

It is important to note that the number of teams in the league still increased 

average attendance per game.  It is easy to understand how increasing the number of 

teams in the NBA would increase aggregate attendance but less clear as to how a similar 
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increase in the number of teams in a league would increase per game attendance.  One 

theory would be that the consumer base of the NBA would be intrigued to watch a game 

featuring a brand new franchise and their home team.  Another theory is that this could 

simply be the byproduct of the NBA becoming more popular over time. 
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CHAPTER XI 

ANALYSIS OF REGRESSIONS 7 & 8 

 Throughout the first 6 regressions which used both aggregate and average 

attendance as dependent variables, Adjusted Gini coefficients were averaged over 5 year 

spans.  The reason for this is so that we can properly compare Adjusted Gini coefficients 

to the CBR and HHI which can only be calculated across a number of seasons.  However 

this may not be the best representation of how effective Adjusted Gini coefficients are at 

explaining observed variations in NBA attendance, which is the purpose of this study. 

 Regressions 7 and 8 use both aggregate and average attendance as the dependant 

variables respectively.  What differentiates Regressions 7 and 8 from Regressions 1 and 4 

respectively is that instead using Adjusted Gini Coefficients that were averaged across a 

5 year span as the measure of competitive balance in Regressions 1 and 4, Regressions 7 

and 8 use Adjusted Gini coefficients that were not averaged with any previous seasons.  

 In regressions 1 and 4, averaged adjusted Gini coefficients were not found to be 

statistically significant in either model.  However when using adjusted Gini coefficients 

that were non-averaged, they were found to be statistically significant in both models (P-

values of .0010 and 0025 respectively).  This indicates that non-averaged Adjusted Gini 

coefficients are effective at explaining observed variations in NBA attendance. 

 When using non averaged Adjusted Gini coefficients in Regressions 7 and 8, it is 

important to note that a couple of other independent variables that were not statistically 

significant in regressions 1 through 6 were found to be statistically significant in 

regressions 7 and 8. Both the intercept and the United States population were found to be 



 Texas Tech University, Scott Carmack, December 2012   

47 

 

statistically significant when non-averaged Gini coefficients were used as a measure of 

competitive balance. 
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CHAPTER XII 

ANALYSIS OF REGRESSIONS 9, 10, & 11 

 Regressions 9, 10, and 11 are purely exploratory in nature.  Due to the relatively 

low number of observations in the sample size, all of the models used in this study have 

relatively high R-squares.  The purpose of regressions 9 through 11 was to eliminate 

certain independent variables that were included in all of the previous regressions to see 

if it was possible to pinpoint the cause of such a large goodness of fit.   Regressions 9, 10, 

and 11 omit US population, Time Trends, and Number of teams respectively.  The R-

squareds are .967, .951, and .947 respectively so it is safe to say that none of these 

variables are causing the unusually high R-squareds found in all of these regressions. 
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CHAPTER XIII 

CONCLUSIONS 

Competitive balance in sports leagues has long been a topic of discussion for 

economists.  It has long been hypothesized that an increase in the competitive balance of 

a league will increase attendance, all things being equal.  Of the various quantifications of 

competitive balance, Gini coefficients have been one of the most commonly used.  

However, the problem with using Gini coefficients as a measure of competitive balance 

in sports leagues is that the hypothetical upper bound of the Gini coefficients will be 

much less than 1 due to the fact that it is impossible even in the most unbalanced of 

leagues for 1 team to win all of the games in a given league year.  When taking league 

scheduling into account, the hypothetical most-unbalanced league can be calculated, 

giving the hypothetical upper bound of the Gini coefficients a value of much less than 1. 

Prior to adjustment, Gini coefficients consistently understate the level of 

competitive balance in a league.  Until this study, no one has tested how efficient 

adjusted Gini coefficients were at explaining observed variations in attendance of fans of 

any sports league.  It turns out that unaveraged adjusted Gini coefficients are effective at 

explaining observed variances in NBA attendance, whereas some other commonly used 

measures, such as the CBR, are not. 

Variables that affect league attendance that should receive some consideration in 

future studies include changes in business cycle.  Changes to GDP and unemployment 

could have strong affects on the mood of the consumer bases of sporting leagues. 

These results give us some interesting insights as to some of the preferences that 

affect the consumer behavior of NBA fans.  As expected, NBA fans prefer a more 
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competitive league in the way that they prefer the standings to be closer together than to 

have a few teams that are significantly better than the rest of the league.  However, unlike 

Humphreys’ (2002) results about Major League Baseball, NBA fans do not consider team 

turnover across a number of seasons important when deciding to attend NBA games. 
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