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Abstract 

General managers and owners of teams in the National Basketball Association (NBA) often find 

themselves optimizing their checkbook, navigating the salary cap, and improving team chemistry 

to develop this complicated formula to maximize the number of wins and attendance. NBA 

teams have two main goals each season, maximize attendance at games and win championships. 

However, are these goals mutually exclusive? Star players help teams achieve rings, as well as 

sell tickets to faithful fans. This paper will delve into different variables that describe star players 

and determine which ones maximize attendance at games. What factors should general managers 

and owners consider when determining an appropriate salary for a free agent signing? Which 

methods for defining a star player are most effective? This paper will allow the data and 

regressions to provide an insight into what creates reoccurring sell-out crowds.  
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Process Analysis Statement 

 My honors thesis required many hours of data gathering and analyzing in order to 

accurately develop a conclusion about star players in the NBA and their impact on attendance. I 

initially chose this topic as a discussion of interest while taking a sports economics class with 

Professor Robert Lantis. The sports economics class allowed me to combine some of my 

interests, sports and analytics, into a single project. I conducted my analysis and regressions in 

Microsoft Excel, and I conducted a few multivariable regressions in STATA.  

 I chose this topic due to my fascination with a topic discussed in my sports economics 

class, the “Tiger Woods effect.” This phenomenon concluded that when Tiger Woods plays in a 

PGA tour event, and he is in the hunt for the lead, the other competitors play nearly 8 strokes 

worse than when Tiger Woods is not pushing for the lead. This concept made me wonder what 

sort of impacts star players in other sports can have. I decided to study the attendance at games 

because I found it can be useful for owners, managers, and fans to determine what the demand 

for tickets at a certain game should be.  

 To begin my research, I was given data through Professor Lantis from approximately 

2500 NBA games from the 2012-2013 and 2015-2016 season. This data included home team, 

visiting team, fan attendance, and the highest player efficiency rating that season for both the 

home and visiting team. This starting data allowed me to have a baseline of teams and attendance 

measures to compile additional data for further analysis of the topic. I compiled my own data via 

reputable sources online for individual salaries, total team salaries, players with the highest win 

shares, teams with former Most Valuable Players, number of All-Stars on each team, number of 

All-Star votes accumulated by each team, and the top 15 selling jerseys for each season. I will 

further explain each variable and where the data was found below.  



2 
 

 The first variable I analyzed was the impact the highest paid player on each team had on 

attendance. In order to find this data, I utilized ESPN and its databases (E. 2016). The source 

listed is for the 2015-2016 season, but the same site had data for 2012-2013 as well. I chose this 

variable because the highest paid players in the league are typically the star players that should 

impact attendance. The next variable I analyzed was the total salaries teams paid and its impact 

on attendance. I chose this variable to account for super teams such as the Miami Heat with 

Dwayne Wade, Chris Bosh, and Lebron James all making the same salary. While a $19,000,000 

salary does not sound remarkably high in the NBA, the Miami Heat were paying 3 players that 

salary and that should be considered when analyzing attendance. To find this data, I utilized the 

hoopshype.com database and did not control for inflation because I wanted total team salaries to 

reflect what was paid at the time of attendance being calculated.  

 Next, I studied what impact a team’s player with the highest win share would have on 

attendance at games. In layman’s terms, win shares are a calculation of how many of a team’s 

wins can be attributed to the play of this individual player. This can be calculated based on 

defensive statistics, points scored, assists, and many other methods. I chose this statistic because 

fans prefer to watch winning teams, so if an individual star player has a high win share, then the 

team is winning, and the player is a big portion of that success. I utilized basketballreference.com 

for the advanced data such as win shares.  

 I chose to study Most Valuable Player (MVP) seasons a player has had and the impact on 

attendance that carries. An MVP is chosen at the end of each season and is deemed to be the best 

player in the league for the given year. This is a very important metric when analyzing what the 

definition of a star player could be. I used NBA.com for the history of the league to determine 

who had won MVP in the past and what team they were on as of the season being analyzed.  
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 Arguably the most impactful measure of a star player and their effect on attendance is 

All-Star voting and number of All-Star games a player has played in. I chose this metric because 

fans have a large say in who gets to play in the All-Star game by voting for the players they want 

to see; therefore, if a player has played in the All-Star game or received votes in the past, they 

have received fan support. I used NBA.com for these statistics as well.  

 Lastly, I wanted to analyze jersey sales as a potential impact on attendance due to the 

fans being the ones who directly drive jersey sales. I used SportsIllustrated.com and Forbes.com 

to get the data necessary for regressions. I ran into a small roadblock with this data due to the 

inability to accurately find an amount of each jersey sold. There are many retailers nationwide 

that sell jerseys, so it is nearly impossible to get an accurate number. Therefore, if a player’s 

jersey was sold in the top 15 for that season, they received a 1 and if not, they received a 0 in the 

data columns.  

 I used Microsoft Excel to store and analyze my data. I ran regressions for each variable 

individually as well as combining home and visiting team data. I then used STATA software to 

run multivariable regressions to determine which combination of variables were most important 

to owners and general managers. I split the data up into individual seasons to determine if there 

were any differences in the data, and I ran regressions with the data over the two seasons 

combined for a holistic approach. Lastly, when analyzing the data, I was looking for data that 

had a p-value close to 0, so I could assume with 99% confidence that attendance increases due to 

this variable. I also looked at the R-squared value to determine how much of the variation in 

attendance data can be attributed to the variable in question. The higher the R-squared value, the 

more variation in attendance can be explained by the independent variable in question making it 

a useful indicator.   
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Introduction 

 Many have heard the expressions “money cannot buy happiness” and “money is the root 

of all evil.” Unfortunately for owners and general managers of professional sports teams, they 

must plunge themselves into the pit of this evil to create success for themselves and happiness 

for their fanbase in the form of something more important than money: wins. Owners must find a 

balance between their checkbook, the salary cap, and team chemistry to develop this complicated 

formula to optimize the number of wins. It makes sense that the more fans a team can motivate 

to attend the games, the more money the teams make from ticket revenue, parking, and 

concession sales. The question every owner must answer is how to maximize this attendance for 

their respective fan base.  

 While there are plenty of ways to attract fans to attend games, the most effective way is 

to increase the quality of the team displayed. This study analyzes the impact of star players in the 

National Basketball Association (NBA) on the attendance of fans at games. One can define a star 

player in many ways; however, only a few methods are mathematically measurable and can 

therefore be used in regression tests. One way to describe a star player is based on the player 

efficiency rating (PER). This measure calculates a player’s efficiency by factoring in statistics 

such as minutes played, turnovers, field goal percentage, steals, assists, and many other factors. 

How PER is calculated is not as important as the application of the PER values. The higher the 

PER for an individual, the better the player has performed; therefore, high PER ratings could 

suggest a player is considered a star player.  

 Beyond a player’s PER ratings, there are other ways to describe a star player that may 

impact attendance as well. First, we will look at other factors that determine how productive a 

player performs. We will look at salaries of the players on the court. Typically, the higher paid 
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players are the stars in the league so that should be a factor that would increase attendance. We 

could also look at the number of win-shares for which a player is responsible. The statistic 

measures the number of additional wins a player’s team earns due to this player playing on the 

team. Another factor could be the number of Most Valuable Player (MVP) seasons a player has 

had in their career.  

A different way to determine if a player is a star and whether this could impact 

attendance is to gage the fans’ opinion. A factor could be the number of All-Stars on the floor in 

each game. Tracking the number of All-Stars may be the most accurate way to determine a star 

player in the eyes of a fanbase due to the popular vote aspect of the All-Star selections. NBA 

fans must vote for the players they want to see in the All-Star game; therefore, if a player has 

made the All-Star game, he would have received fan support previously. A variation to the All-

Star trend could be instead of calculating the number of All-Stars on the court, we could look at 

the number of votes a player received in order to determine how popular the player is amongst 

fans with a holistic approach. Lastly, we could look at data for jersey sales since star players are 

the fan favorites who sell the most jerseys. The hypothesis stays consistent no matter how we 

define a star player: star players significantly increase fan attendance. For simplicity purposes, 

all monetary values in the paper and analysis will be in United States dollars (USD). 

Literature Review 

 Many studies have been completed that dive into the data over longer periods of time 

than my project. One study focused mainly on superstar players such as Michael Jordan, Moses 

Malone, and Kobe Bryant using their data to look at impacts on attendance. This study had many 

other control variables that are important when gaging the actual impact of the player themselves 

on the game attendance. For example, the results show that fans prefer to see games that the 
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home team is expected to win. (Humphreys, 2020). Therefore, the betting market may be an 

important factor to determine since star players would likely be favored in more games than an 

average player. The study further concludes that weekend games and new stadiums in their first 

several years also increase attendance despite the quality of players on the floor. (Humphreys, 

2020). The study also found that the boost in attendance moved when the star player moved 

teams. When Lebron James left Cleveland for Miami, and when Michael Jordan moved to 

Washington from Chicago, the attendance boosts were similar for their new teams compared to 

the attendance boosts they provided their old teams. This concludes that the market size or team 

success does not matter when an established superstar is on the team. (Humphreys, 2020).  

 Another study found that there is strong evidence that star players positively impact 

attendance. The study went on to conclude that different definitions of star players bring 

different increases to attendance. The largest increase is 8.1% if the player finished in the top 12 

in All-Star voting; however, the smallest increase is 3.3% if the player had the top PER in the 

league. (Jane, 2016). This study focused specifically on Kobe Bryant concluding that based 

strictly on All-Star votes in the 2010-2011 season, while knowing the average ticket price was 

$73.88, he made the Los Angeles Lakers $7,512,512 in ticket revenue. (Jane, 2016). The study 

also concluded that fans are attracted by a league that has relatively equal playing strength 

between two teams and within league members. (Jane, 2016). This means that league parity must 

be taken into consideration when analyzing a player’s sole impact on attendance. It is also worth 

mentioning that the evidence shows the superior talent which is proxied by field performance no 

longer significantly increases attendance: The players with high popularity statistics such as All-

Star votes dominate league attendance numbers. (Jane, 2016).  
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 There are levels of “superstardom” that also impact numbers. A study conducted showed 

that Lebron James and Kevin Garnett had significant increases in attendance in home and road 

games; however, Carmelo Anthony and Chris Paul had no significant impacts. (Metcalfe, 2013). 

When studying other numbers, Lebron James and Kevin Garnett still showed significant 

increases in attendance once they went to new teams: the Miami Heat and Minnesota 

Timberwolves respectively. However, Carmelo Anthony and Chris Paul did not show significant 

impacts to attendance once they were traded to the New York Knicks and Los Angeles Clippers. 

(Metcalfe, 2013). This further supports the conclusion that a true superstar impacts attendance 

home, away, and when leaving for a new team despite other factors such as market size, game 

time, and league parity.  

Economic Principles 

 The economic principles surrounding this discussion are revenues, profits, supply and 

demand, and opportunity costs. A player’s salary is largely dependent on their on-court 

production as determined by the team’s front office. The front office must determine how much 

additional revenue a player provides to determine a salary that is fair to the player but also 

provides a source of profit from the revenue. The illustration with Kobe Bryant above was a 

good example of this. Kobe made roughly $24 million in salary during the 2010-2011 season; 

however, he brought in an estimated additional $7.5 million in ticket revenue. Ticket revenue 

made up for nearly one-third of the salary, but one must also factor jersey sales, television 

viewership, team success, and likelihood of attracting other stars into the market when discussing 

total revenues generated by Kobe Bryant alone.  
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 Supply and demand are heavily correlated with revenues and profits. The higher the 

demand is for tickets and attendance; the more tickets will cost increasing revenues. Graph 1 

(below) demonstrates the supply and demand curve before and after a shift in demand caused by 

a star player performing at a high level for the team. The gray line represents the demand of 

tickets after a star player is established on the team and is shown as a shift to the initial blue 

demand curve. The orange curve is the supply of tickets. As represented by the graph, when a 

star player is present, we would expect an increase in tickets sold from 28 to 35 and the 

equilibrium cost per ticket to increase from $27 to $34. This graph is not representative of real 

ticket values or number of tickets sold, rather a numerical example to explain a shift in demand. 

Therefore, we would conclude that no matter how we define a star player, attendance and ticket 

revenues would increase.  

 The opportunity costs are represented in the owner’s decision whether to spend money on 

a player they feel could bring All-Star value to the team, or to keep that money and spend it on a 

more well-rounded team and advertising. When a superstar is available it would make sense to 

spend money and sign them; however, some owners fear a young superstar may not be able to 
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maintain the same production levels. Based on the results discussed later in the paper, a general 

manager may be better off signing an above average player for a cheaper salary than signing a 

star player. These results will serve as a baseline to follow to decide if a player is worth signing 

at the demanded salary.  

Data Description 

 In order to accurately determine the superstar effect on attendance at games, I needed 

attendance data from every team in the NBA along with other independent variables. I have 

attendance data for nearly 2500 games for the 2013 and 2016 seasons. These seasons offer 

different league dynamics, and they are recent enough to offer accurate and applicable results. 

We can use PER ratings of players on the home and visiting teams in several games from 2013 

and 2016 to determine the impacts of PER on the overall attendance. Data that was found and 

combined to the PER ratings in these specific games are All-Star votes, All-Stars represented, 

salaries, former MVPs on the floor, win shares, and jersey sales for players, and we would 

assume all these variables would positively and significantly impact fan attendance. As 

mentioned before, it is hypothesized that the fan controlled independent variables such as All-

Star votes and jersey sales will have a greater impact on attendance than the efficiency variables 

that fans do not control. There may be a need for some control variables in the data as well such 

as probability of the home team winning the game, years since the arena was built, day of the 

week the game is played, and league parity for the respective year just to limit the outside 

variables and focus on the impact the individual player has on attendance. Based on past studies 

however, a true All-Star would impact attendance despite other variables; therefore, my analysis 

will be conducted without controls.  
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Analysis of Results 

 The following section will discuss findings first individually with each variable and then 

collectively running multivariable regressions. The tables and charts below summarize the 

findings and the paragraphs of analysis go into further detail.  

 

Table 1 (above) shows 3 regressions ran without control variables and using the home and visitor 

team’s best player’s PER rating to determine the impact on attendance. The first regression 

considered both the home and visitor’s PER ratings providing a better model than just including 

one of the PER ratings as in the second and third models. Model 1 for Table 1 can be written as: 

Attendance = β0 + β1HomePlayerPER + β2VisitingPlayerPER + e 

It is important to mention that all these values are very significant with p-values that are 

0; therefore, we can conclude that attendance increases with more efficient players playing on 

the floor. Model 1, that best illustrates the relationship between PER and attendance, states that if 

the best player on each team had a PER of 0, then attendance would average at 13,922. For each 

unit increase in PER by the home team, assuming the visiting team player’s PER remains 

Table 1: OLS Linear Regression, Dependent Variable: Attendance  

Independent Variable Model (1) Model (2) Model (3) 

Home Player PER 80.719*** 

(8.864) 

87.458*** 

(8.952) 

_________ 

Visiting Player PER 79.932*** 

(9.832) 

_________ 88.307*** 

(9.967) 

Constant 13922.4*** 

(298.034) 

15631.06*** 

(214.347) 

15608.26*** 

(237.798) 

Observations 

R-Squared 

Adjusted R-Squared 

2242 

.0684 

.0675 

2242 

.0409 

.0404 

2242 

.034 

.033 

Notes: value in parenthesis is the standard error; *** denotes significance at 1% level 
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constant, there would be an increase of 81 fans in attendance. If there is a 1 unit increase in the 

visiting team’s PER and the home team player’s PER stays the same, we can conclude there 

would be an increase of 80 fans. The average PER for the league is around 15 (E, n.d.).  

 

Table 2 (above) shows the impact on attendance when considering the highest paid player 

salary for the home team, visiting team, or both. All values listed are significant at the 99% 

confidence level, and account for up to roughly 9% of the explanation in variance to attendance. 

The best measure of highest salary is to consider both the highest paid home player and highest 

paid visiting player based on the R-squared value. Model 1 for Table 2 can be written as:  

Attendance = β0 + β1HomeHighestSalary + β2VisitingHighestSalary + e 

The regression states that assuming the visiting player’s salary remains constant, a $1 

million increase in the highest paid home players salary will account for an increase in 

attendance of 115. Assuming the home player’s salary remains constant, and $1 million increase 

in the highest paid home players salary will account for an increase in attendance of 102. The 

constant value states that if there were a case that the highest paid player on each team made $0, 

Table 2: OLS Linear Regression, Dependent Variable: Attendance  

Independent Variable Model (1) Model (2) Model (3) 

Home Highest Salary 0.000102*** 

(0.000011) 

0.000105*** 

(0.0000112) 

_________ 

Visiting Highest Salary 0.000115*** 

(0.0000104) 

_________ 0.000117*** 

(0.0000106) 

Constant 14224.9*** 

(240.787) 

16068.41*** 

(178.387) 

15748.22*** 

(180.409) 

Observations 

R-Squared 

Adjusted R-Squared 

2242 

.0873 

.0865 

2242 

.0375 

.0371 

2242 

.0518 

.0514 

Notes: value in parenthesis is the standard error; *** denotes significance at 1% level 
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then we would expect 14,225 fans to be in attendance. The average salary for an NBA player in 

2016 was roughly $6.2 million (Badenhausen, 2017). While the regression points to higher 

salaries significantly increasing attendance, one must be careful not to assume that overpaying 

average players will increase attendance. This data is significant due to the trend that the highest 

paid players in the NBA are also star players in other forms. A star player commands a higher 

salary, but a higher salary does not create a star player.  

  

Table 3 (above) shows the regression results on attendance using the total salary of both 

the home and visiting teams. The values in the table are significant at the 1% level and account 

for roughly 7% of the variance in attendance based on these factors. Model 1 for Table 3 is:  

Attendance = β0 + β1HomeTotalSalary + β2VisitingTotalSalary + e 

The regression states that if both teams spent $0 on their team’s salaries, there would still 

be roughly 12,853 fans in attendance. The regression results also state that assuming the visiting 

team’s total salary expenditure remains constant, a $1 million increase in the home team’s total 

salary expenditure will cause a 25-person increase in attendance. Similarly, assuming the home 

Table 3: OLS Linear Regression, Dependent Variable: Attendance  

Independent Variable Model (1) Model (2) Model (3) 

Home Total Salary 0.0000253*** 

(0.00000433) 

0.0000345*** 

(0.00000433) 

_________ 

Visiting Total Salary 0.0000404*** 

(0.00000396) 

_________ 0.0000453*** 

(0.0000039) 

Constant 12853.46*** 

(382.596) 

15213.09*** 

(311.925) 

14287.53*** 

(295.251) 

Observations 

R-Squared 

Adjusted R-Squared 

2242 

.0709 

.0701 

2242 

.0276 

.0272 

2242 

.0568 

.0564 

Notes: value in parenthesis is the standard error; *** denotes significance at 1% level 
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team’s total salary expenditure remains constant, a $1 million increase in the visiting team’s total 

salary expenditure will cause a 40-person increase in attendance. The regression results also 

show that a visiting team’s total salary expenditure has more impact than the home team’s 

expenditure based on the R-squared values and the boosts in attendance. The average total salary 

expenditure in the NBA in 2016 was roughly $91 million (Gough, 2021). Similar to the highest 

paid player increasing attendance, overpaying for an average team will not increase attendance. 

A team of star players commands a high salary, but a high salaried team does not directly create 

a championship team.  

  

Table 4 (above) shows the impact the home and visiting player with the highest win 

shares have on attendance. The table shows that win shares account for approximately 10% of 

the explanation for variance in attendance. Model 1 for Table 4 can be written as:  

Attendance = β0 + β1HomeWinShares + β2VisitingWinShares + e 

Before diving deeper into the numbers, it is also worth mentioning that based on 

increases in attendance and R-squared values that the home player with the highest win shares 

Table 4: OLS Linear Regression, Dependent Variable: Attendance  

Independent Variable Model (1) Model (2) Model (3) 

Home Win Shares 154.612*** 

(13.327) 

150.333*** 

(13.649) 

_________ 

Visitor Win Shares 145.299*** 

(13.678) 

_________ 140.503*** 

(14.073) 

Constant 15022.85*** 

(177.837) 

16374.86*** 

(127.274) 

16397.77*** 

(136.491) 

Observations 

R-Squared 

Adjusted R-Squared 

2242 

.0969 

.0961 

2242 

.0514 

.0509 

2242 

.0426 

.0422 

Notes: value in parenthesis is the standard error; *** denotes significance at 1% level 
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has more impact on attendance than the visiting player with the highest win shares. This makes 

sense because fans want to see a winning home team, and if a player has a high number of win 

shares, then they are helping their team win games.  

Table 4 (above) shows that if neither team had a player accounting for any wins, which is 

nearly impossible, that there would still be roughly 15,023 fans in attendance. Assuming the 

visiting teams win shares remain constant, an increase of 1 in the home team’s player with the 

highest win shares value increases attendance by nearly 155 individuals. Assuming the home 

team remains constant with win shares, an increase of 1 win share to the highest player on the 

visiting team will increase attendance by roughly 145 individuals. Win shares are difficult to 

average in the NBA due to large outliers, but the estimated average in the NBA is 4.5 (Sanchez, 

2019).  

 

 Table 5 (above) shows the impact of Most Valuable Player (MVP) seasons are 

represented on the floor by the home and visiting teams. Model 1 for Table 5 can be written as:  

Attendance = β0 + β1HomeMVPPlayers + β2VisitingMVPPlayers + e 

Table 5: OLS Linear Regression, Dependent Variable: Attendance  

Independent Variable Model (1) Model (2) Model (3) 

Home MVP Players 489.788*** 

(54.519) 

460.562*** 

(56.459) 

_________ 

Visiting MVP Players 635.277*** 

(49.105) 

_________ 616.998*** 

(49.928) 

Constant 17197.46*** 

(56.697) 

17503.53*** 

(53.404) 

17382.48*** 

(53.756) 

Observations 

R-Squared 

Adjusted R-Squared 

2242 

.0964 

.0956 

2242 

.0286 

.0284 

2242 

.0638 

.0634 

Notes: value in parenthesis is the standard error; *** denotes significance at 1% level 
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An interesting statistic that came from these regressions is that the visiting team’s number of 

MVPs affects attendance more than the home team. This may be because fans have more 

incentive to attend a game to see a visiting MVP than a home MVP that can be seen any home 

game throughout the season. This could also be that home teams with MVPs have sell-out 

crowds no matter who is visiting; whereas, home teams that do not have MVPs will have more 

fans when an MVP is visiting the arena.  

Table 5 (above) shows that the data is significant at a 1% level and accounts for roughly 

10% of the variance in attendance. The table also shows that if neither team has an MVP or 

former MVP on the floor then there will be roughly 17,197 people in attendance. If the visiting 

team’s number of MVPs remains constant, then attendance would increase by roughly 490 

individuals for each additional MVP represented by the home team. If the home team’s number 

of MVPs remains constant, then an increase in 1 MVP on the visiting team would increase 

attendance by about 635 individuals.  

Table 6: OLS Linear Regression, Dependent Variable: Attendance  

Independent Variable Model (1) Model (2) Model (3) 

Home All-Star Players 701.906*** 

(53.005) 

668.589*** 

(55.442) 

_________ 

Visitor All-Star Players 786.358*** 

(53.483) 

_________ 756.081*** 

(55.475) 

Constant 16361.85*** 

(81.878) 

17117.82*** 

(66.711) 

16969.08*** 

(70.423) 

Observations 

R-Squared 

Adjusted R-Squared 

2242 

.1436 

.1429 

2242 

.0609 

.0605 

2242 

.0766 

.0762 

Notes: value in parenthesis is the standard error; *** denotes significance at 1% level 
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In a similar fashion to the previous analysis of the MVPs on the floor, Table 6 (below) 

describes the impact that the number of All-Stars represented on the floor by the home and 

visiting teams has on attendance. Model 1 for Table 6 can be written as:  

Attendance = β0 + β1HomeAllStarPlayers + β2VisitingAllStarPlayers + e 

The values are significant at a 1% level and account for a little over 14% of the variance 

in attendance based on the R-squared value. The regression results show that if there are 0 All-

Stars on the floor for either team, we expect 16,362 fans in attendance. If the number of All-Stars 

for the visiting team remain constant, then each additional All-Star for the home team will 

increase attendance by about 702 individuals. If the number of All-Stars for the home team 

remain constant, then each additional All-Star for the visiting team will increase attendance by 

about 786 individuals. 

 The initial hypothesis was the number of All-Stars or All-Star votes would be most 

impactful to attendance due to the fan engagement in choosing the All-Stars. Fans can vote on 

which players they would like to see in the All-Star game; therefore, if a player has many votes 

or was chosen to be in the All-Star game, then we can assume they have fan support. This would 

mean that if All-Stars are playing, fans would pay to see them play. Based on Table 6 (above) 

and Table 7 (below), the hypothesis is correct in stating that the All-Star selections would have 

the largest impact in attendance. The R-squared values and increases in attendance are the largest 

for the All-Star and All-Star vote regressions. 

Table 7 (below) shows the number of All-Star votes the home and visiting team earn and 

how that impacts attendance. Model 1 for Table 7 can be written as:  

Attendance = β0 + β1HomeAllStarVotes + β2VisitingAllStarVotes + e 
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The data is significant at a 1% level and accounts for nearly 16% of the variance in 

attendance. This R-squared value is the highest out of every variable tested meaning it could be 

considered the most important statistic to consider. If neither the home team nor visitors have a 

player who received an All-Star vote then we can expect roughly 16,556 fans in attendance. If 

the visiting team’s All-Star votes remain constant, then an increase of 100,000 in home team All-

Star votes will increase attendance by about 77 fans. If the home team’s All-Star votes remain 

constant, then an increase of 100,000 in visiting team All-Star votes will also increase attendance 

by about 77 fans. Based on the data I found and used, the average amount of All-Star votes per 

team is 750,000.  

Jersey sales are tough to analyze due to the inability to gather data from every retailer 

about how many jerseys they sold for each player in a given amount of time. Therefore, I took 

the top 15 jerseys sold for the respective years and gave the teams numbers based on the number 

of players they have represented in the top 15 of jersey sales. Since jersey sales are also heavily 

Table 7: OLS Linear Regression, Dependent Variable: Attendance  

Independent Variable Model (1) Model (2) Model (3) 

Home All-Star Votes 0.000768*** 

(0.000051) 

0.000678*** 

(0.0000538) 

_________ 

Visitor All-Star Votes 0.000768*** 

(0.0000487) 

_________ 0.000747*** 

(0.0000507) 

Constant 16556.48*** 

(70.847) 

17204.66*** 

(60.839) 

17056.52*** 

(63.389) 

Observations 

R-Squared 

Adjusted R-Squared 

2242 

.1598 

.1591 

2242 

.0663 

.0659 

2242 

.0884 

.0881 

Notes: value in parenthesis is the standard error; *** denotes significance at 1% level 
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determined by fan interaction, the hypothesis is that  jersey sales are like All-Star votes when 

considering the impact to attendance.  

 

Table 8 (above) shows the regression results analyzing jersey sales and its impact on 

attendance. Model 1 for Table 8 can be written as:  

Attendance = β0 + δ0HomeJerseySales + δ1VisitorJerseySales + e 

The data is significant at the 1% level and accounts for approximately 12% of the 

variance in attendance. If neither team playing has a player’s jersey selling in the top 15 for that 

year, then we expect roughly 16,968 fans in attendance. If the visiting team’s number of players 

with jerseys selling in the top 15 remains constant, then for each player on the home team with a 

jersey selling in the top 15 we expect an increase in attendance of about 691 fans. If the home 

team’s number of players with jerseys selling in the top 15 remains constant, then for each player 

on the visiting team with a jersey selling in the top 15 we expect an increase in attendance of 

about 671 fans.  

Table 8: OLS Linear Regression, Dependent Variable: Attendance  

Independent Variable Model (1) Model (2) Model (3) 

Home Jersey Sales 691.212*** 

(60.199) 

666.968*** 

(62.598) 

_________ 

Visitor Jersey Sales 671.299*** 

(49.325) 

_________ 654.539*** 

(50.723) 

Constant 16967.82*** 

(61.696) 

17383.63*** 

(55.761) 

17274.22*** 

(57.229) 

Observations 

R-Squared 

Adjusted R-Squared 

2242 

.1209 

.1202 

2242 

.0482 

.0478 

2242 

.0692 

.0688 

Notes: value in parenthesis is the standard error; *** denotes significance at 1% level 
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Chart 1 (below) shows the data results from a multivariable regression from the 2013 

specifically. It is worth noting that the number of All-Stars is still the most important factor to 

consider when setting ticket prices and determining ticket demand. 

Chart 1: Multivariable regression using 2013 data 

In 2013 the highest paid player on the visiting team had an impact on attendance as well. 

This may be due to the formation of super teams in the 2012-2013 season, such as the Miami 

Heat’s big 3, skewing the attendance data. This variable could also be because Kobe Bryant was 

the highest paid player in the NBA by a relatively sizeable margin, and he played in front of sell-

out crowds every night for the Los Angeles Lakers. These sell-out crowds with an extreme salary 

may be skewing the data to make it seem that the highest salaried player on a team is an 

important characteristic.  

 Chart 2 and Chart 3 (below) show the most effective multivariable regression from the 

2016 data specifically. Chart 2 continues to prove that All-Star voting is the most important 

factor to consider in analyzing free agency and ticket prices.  

Attendance is the dependent variable, and home player PER, highest salary on the visiting 

team, and number of All-Stars on the court for both the home and visiting teams are the 

independent variables.  
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Chart 2: Multivariable regression using 2016 data 

Chart 3: Multivariable regression using 2016 data 

Chart 3 (above) uses the same data but also includes the number of MVPs on the visiting team. 

While this variable is not significant at the 1% level, it is significant at the 3% level. With a p-

value that close to 0 it may be okay to include in the data to get a slightly higher R-squared 

value. 

Attendance is the dependent variable, and the number of All-Star votes both the home and 

visiting teams received throughout the season are the independent variables.  

Attendance is the dependent variable, and the number of All-Star votes both the home and 

visiting teams received as well as the number of MVPs on the visiting team are the 

independent variables. 
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Conclusion 

The question at hand about a star players impact on fan attendance can be decisively 

answered based on the data results above, and it can be concluded that star players boost fan 

attendance whether they are playing at home or on the road. These results have economic 

impacts when considering revenues. If an owner can find a “star player” with a PER rating of 20 

which is 5 above the league average, this would roughly add 405 (5*81) more fans per home 

game. Since there are 82 games in an NBA season, we can assume each team has 41 home 

games on average. Therefore, by signing that player that has a PER 5 units above the league 

average, the owner can potentially count on 16,605 (405*41) additional fans in attendance over 

the season. If we also assume the average cost of an NBA ticket is $73.66 (Jane, 2016), then we 

can conclude the owner just earned the franchise an additional $1,223,124.30 (16,605*73.66) in 

ticket revenue alone by signing this player. That additional revenue can be used in many ways to 

improve the team. However, it must be mentioned the additional revenue is met with opportunity 

cost. The owner must decide whether paying this star player is worth that additional revenue. 

The money may be better spent on a player with a PER 2 units above average but a salary that is 

much less expensive.  

 However, despite the perfect scenarios that can be conducted for each factor that was 

analyzed in the previous section, many of these factors are not mutually exclusive. Therefore, in 

order to consider how impactful different factors are on attendance, one must run regressions 

with multiple factors to determine the best model to consider. Chart 4 (page 21) shows the best 

model to consider when analyzing the p-values and R-squared values for the data. Using Chart 4, 

we can analyze whether a player is worth signing at the given salary level based on projected 

increases to attendance.  
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Chart 4: Multivariable regression using all data. 

Based on Chart 4, a general manager should focus on these variables when determining 

how to identify a star player that will impact attendance the most. A general manager can control 

who they bring to the team, and they should consider their player efficiency rating, win shares, 

and whether they are an All-Star. These three factors are the most important consideration for 

increasing attendance at the highest level. If ticket prices are variable and can be manipulated 

based on who is playing, they should consider increasing prices due to increased demand when 

the visiting team has a former MVP playing, a player with an above average player efficiency 

rating, or All-Stars on the team.  

This new analysis of variables together allows for a new look at the hypothetical that was 

given above. Now if the owner can find a player that has a PER of 20 that is 5 above the league 

average, a win share average last season of 10 which is 5 the units above the estimated league 

Attendance is the dependent variable, and the highest home and visiting player PER, highest 

home team win share, number of MVPs on the visiting team, and number of All-Stars on both 

teams are the independent variables. 
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average, and is a 3-time All-Star what would be the expected increase in attendance and 

revenue? The PER of 20 would constitute to an additional 175 (5*35.074) fans and the win 

shares of 5 above the league average would constitute an additional 322 (5*64.284). The 3 All-

Stars that the player brings to the team would bring an additional 1,251 fans (3*416.994). 

Therefore, this player alone is bringing in an additional 1,748 fans per night. If we still assume 

the average cost of an NBA ticket is $73.66 (Jane, 2016) and an NBA team plays 41 home games 

a season, then we can conclude owner just earned the franchise an additional $5,279,064.88 

(1,748*41*73.66) in ticket revenue alone by signing this player. These values could be higher if 

the general manager actively manages ticket prices increasing them when visiting teams have 

factors such as former MVPs and All-Stars.  

Another factor that was concluded is the increase in demand for tickets, due to a star 

player performing on the team, causes more tickets to be sold and the ticket prices to increase. 

Depending on the location of the team and the median income of the surrounding area, the 

tickets may become too expensive at the adjusted price and that may hurt attendance. Therefore, 

an owner could decide to shift supply by building a larger arena to lower the cost of tickets and 

allow for more individuals to attend. There are other decisions that must be made by an owner 

and the general manager, but this data can help conclude that star players in many different 

definitions are worth the investment due to the increase in revenue and wins.  
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