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Abstract 

 Although numerous studies have analyzed discrimination in professional sports, none 
have analyzed fines and suspensions in the NFL. Analyses of the probability of being fined after 
an infraction between 2010 and 2014 show that African American athletes are more likely to be 
fined than White athletes. The analyses make racial comparisons over infractions categorized as 
aggressive and unsportsmanlike. Controlling for pre-market and market factors, the racial 
disparities in likelihood of being fined disappear for aggressive fines but remain significant and 
large (roughly 70 percentage of the mean likelihood) for unsportsmanlike fines. Further, Black 
athletes who have been fined once in a season are significantly more likely than White athletes to 
be fined for a second unsportsmanlike offense. Finally, Black athletes are subject to 15 percent 
higher fines for aggressive penalties than White athletes while controlling for pre-market and 
market characteristics. Pre-market control variables like high school program type and median 
house-hold income have little impact on higher incidence levels of Black fines, while market 
factors serve to reduce racial disparities. Overall, results provide evidence of discrimination in 
the form of conscious, negative responses to shows of dominance by Black athletes in the NFL. 
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Preface 

Infractions and Infraction Types 
    

Aggressive Frequency Unsportsmanlike Frequency 

    
Fighting 52 Celebration 18 

Blindside Block 19 Conduct Detrimental to League 10 

Roughing Passer 158 Unsportsmanlike Conduct 34 

Horse Collar 44 Non-Physical Abuse against Official 10 

Face Mask 74 Violating Player Safety Policy 14 

Striking/Kicking/Kneeing 44 Taunting 13 

Hit on Defenseless Player 87 Performance Enhancing Drugs 51 

Leg Whip 8 Uniform/Equipment Violation 35 

Late Hit 100 Obscene Gesture 4 

Helmet to Helmet Hit 61 Personal Conduct Policy 15 

Entering Fighting Area 5 Football Into Stands 10 

Contact with Official 7 Substance Abuse Policy 87 

Chop Block 22 Arrest DUI 3 

Off-Field Violence 3 Substance Abuse 2nd Offense 3 

Domestic Violence 2 Faking an Injury 1 

HHH 2nd Offense 2 Undisclosed 8 

Clipping 4   

Spearing 6   

Unnecessary Roughness 1   

Illegal Hit on QB 1   

N 700 N 306 
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I. Introduction 

  The study examines and addresses seemingly subtle racial disparities in the probability 

of being fined in the National Football League. Specifically, we attempt to isolate the portion of 

these disparities that can not be attributed to pre-market, discriminatory processes of unequal 

opportunity. The profound history of slavery and racial discrimination in the United States makes 

it difficult for labor economists to separate market based discrimination from pre-market 

processes. It is the evolved, systematic nature of discrimination that presents significant 

institutional barriers for certain minorities, limiting their ability to progress into the labor market. 

Because this system of discrimination appears in the lives of minorities at such a young age, its 

effects readily persist into adulthood, and consequently, the labor market.  Thus, it remains 

unclear and difficult to calculate the extent to which these effects might instead be feedback 

effects of market based discrimination.  

This problem often results in biased indicators of market discrimination and coincides 

with the difficulty of finding an appropriate measure for ability or perceived productivity. 

Though certain labor economists argue that White-minority wage differentials can be separated 

into a portion explained by productivity-related characteristics and an unexplained portion 

attributed to discrimination, many also acknowledge the lack of information on all qualifications 

necessary to measure an individual’s ability (Blau et al. 2009). Because variables like education 

and experience are only proxies for perceived productivity, they will likely measure productivity 

with error and bias any estimates of discrimination if this error is correlated with an independent 

variable of interest. For these reasons, labor economists turn to professional sports, where highly 

scrutinized performance and compensation data are widely available. 
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 Professional sports data provide an improved setting for labor discrimination analysis, as 

the variety of available data allows economists to estimate differing forms of discrimination 

besides that based solely on wages.  This variety has made it possible to continue producing 

literature on discrimination in a market where minorities have greater representation and often 

higher wages.  Because of minority dominance in professional sports leagues, some believe that 

professional sports provide the best occupational opportunities for minorities and that 

discrimination is unlikely to persist in such a high-profile and highly competitive environment.  

Except for small, White-minority wage gaps that appeared 20 years ago, present forms of 

discrimination in the NFL have indeed become increasingly nuanced.  Nevertheless, anecdotal 

indicators of discrimination such as the lack of minority representation in managerial positions 

abound. The trick becomes identifying subtle indicators of market discrimination that are not 

biased by pre-NFL or pre-market processes.  The term “pipeline,” which also appears in the 

literature on sports economics, defines these processes as a history of institutional barriers that 

exist to slow the general progression of some but not others. This history of systematic 

discrimination, or its absence, then lays the foundation for an individual’s professional career. 

 While labor economists struggle to provide an accurate measure of productivity that can 

appropriately control for pre-market factors, sports economists struggle to identify significant 

indicators of market-based discrimination that are not intrinsic to the discrimination that athletes 

experience at an early age.  Though there was early evidence to support significant barriers to 

minorities’ entry in professional sports leagues, these barriers have seemingly eroded, as have 

incidents of positional segregation and differing compensation for equal or better performance 

(Scully 1973). Similar to the current trend in labor economics, sports economists turn to the 

“pipeline” as an explanation for incidents of discrimination, as any indicator of market 
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discrimination in a professional sports league is biased by a history of societal discrimination. 

Even in an instance where there seems to be a clear gap between pipeline and market-based 

discrimination, authors cannot ignore the pipeline hypothesis. In their study, Madison and 

Landers (1976) note that the transition from college to professional football sees more Blacks 

move from central to non-central positions than Whites. While this finding seems to expose a 

degree of positional segregation, authors struggle to separate the effect of unequal pre-market 

training opportunities from market based feedback effects of historical segregation that lead 

young athletes to choose their positions accordingly. To the extent that feedback effects of 

discrimination cannot be quantified, this type of disparity will be left unresolved. 

 This study adds to the literature on discrimination in professional football by examining 

alternative outcomes that are less publicized and thus more likely to be subject to conscious bias 

against minorities. Specifically, we determine if there is a racial disparity in the frequency and 

magnitude of fines awarded to players who are penalized on and off the field.  Five years of 

extensive fine and suspension data, merged with NFL player census data for the same period, 

allow me to determine the varying forms of response and discipline that players receive after 

being fined.  Though statistically significant results show that Blacks are more likely to be fined 

than Whites by an entire fifth of a percentage point, they do not seem to be differentially 

conditioned after the fact.  While Blacks are significantly more likely to be fined a second time 

when considering the entire league, a Heckman selection model shows that this difference 

disappears when controlling for the selection process which limits the sample to those who have 

been fined. Therefore, while there exists a racial disparity in the probability of being fined, there 

is no substantial evidence to support the hypothesis that the NFL produces distinct pipelines for 

its athletes through differential conditioning. 
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II.  Literature Review 

Though there exists evidence to support multiple forms of discrimination in the labor 

market, significant pre-market factors and the difficulty of accurately measuring potential 

productivity lead to biased estimates of market discrimination. Both Lang and Manove (2006) 

and Carneiro et al. (2003) attempt to avoid biased estimates of the White-minority wage gap by 

controlling for school quality.  Using the Armed Forces Qualification Test (AFQT) as a proxy 

for measured ability, both studies then test and reject the hypothesis that school quality is a 

significant pre-market factor.  While Carneiro et al. (2003) present mixed results on the effect of 

minority expectations of lower wages in the labor market, Lang and Manove (2006) develop a 

signaling model to determine the extent to which market discrimination against Blacks creates 

the incentive to signal ability through extra education.  Unlike Carneiro et al. (2003), which 

concludes that differences in cognitive ability develop before expectations are formed, the model 

of Lang and Manove (2006) implies that conditional on ability, Blacks get more education than 

Whites, which implies that conditional on AFQT, Blacks should earn higher wages than Whites.  

Though Lang and Manove conclude that some of the wage differential reflects market 

discrimination, they qualify this statement, noting that their model only explains some of the 

data.  Because neither study effectively quantifies the feedback effects of market discrimination, 

and both provide alternative understandings of the value of the AFQT as a proxy, neither is able 

to fully separate pre-market and market processes that affect the White-minority wage gap.  

The literature on discrimination in sports economics largely overcomes the problem of 

inaccurate performance measures, while the problem of effectively separating pre-market and 

labor market processes remains.  The problem is that controls for pre-market factors may not 

cover the full extent of historical discrimination that is tantamount to the current formation of 
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seemingly equal-opportunity professional sports leagues.  In other words, where evidence of 

racial disparities in professional sports may exist, authors cannot ignore the history of 

discrimination that precedes an athlete’s professional career. Authors conclude that a broader 

“pipeline effect” makes it too difficult to pinpoint possible sources of discrimination in a 

professional league where racial disparities may be apparent. For example, the finding that Black 

coaches are held to a higher standard than White coaches may be attributed to a pipeline that has 

prevented Blacks from coaching, thus requiring that the first “of their kind” be exceptional 

(Malone et al. 2008). In his study of the effects of race on player compensation, Khan (1992) 

claims that racial disparities in professional football may arise from discrimination in the 

selection of individuals or from differential opportunities between Blacks and Whites prior to 

their experience in the NFL. Because both are likely the cause in many instances, it remains 

difficult to fully separate these effects given how drastically histories of discrimination have 

shaped professional leagues and the early careers of young athletes. 

All professional sports leagues in the United States were originally segregated, resulting 

in the formation of two distinct pipelines that would serve as the base for alternative explanations 

of league based discrimination for years to come. Even immediately following integration, one 

might argue that White leagues were more competitive and thus more likely to train and produce 

the best athletes. However, because of this period’s temporal proximity to the entirely racist and 

discriminatory system of segregated athletics, reminiscent forms of league-based discrimination 

that cannot be supported today still pervaded the league. Scully (1973) provides evidence of this 

discrimination when he argues that if Blacks are performing better than Whites in certain 

positions for which they are underrepresented, there must be barriers to their entry in the NFL. 

He finds that in 1971, Blacks were overrepresented as defensive backs, running backs, and wide 



Nashashibi 10 
	

receivers and underrepresented as quarterbacks, kicking specialists, centers, guards, and 

linebackers, largely considered to be the more central, leadership-inspiring positions. Both 

performance data for two positions (wide receiver and running back) that favored Blacks in both 

cases and segregation across position point to league-based discrimination. While it may be 

possible to point here to a pipeline argument, the fact that Blacks were outperforming Whites in 

two highly scrutinized positions with clear performance measures, while simultaneously being 

compensated less, cannot be separated from direct actions of the NFL.  

Given today’s reality of minority dominance in an ostensibly fully-integrated league, 

White-minority salary gaps have disappeared, and the trend of segregation by position has 

largely decreased (Khan 1992). Because clear segregation by position existed decades ago, it 

becomes difficult to isolate and separate this market-based effect and the associated pre-market 

discrimination that provides unequal training opportunities to young athletes (Khan 1991). Thus, 

in an instance where more Blacks from college football may be switching from central to non-

central positions in the NFL, authors cannot ignore the cost of training hypothesis. A pipeline of 

historical experience and privilege provides better access to training resources for young White 

athletes in central positions who then bring this experience to the NFL.  

Because there is a clear history of discrimination that favors White athletes and their pre-

NFL experience, more recent studies like Madden (2004) examine whether the NFL creates its 

own discriminatory pipeline. Madden (2004) takes the premise of segregation by position and 

extends it to the individual that requires the greatest degree of mental capacity and knowledge of 

the game – the head coach. She argues that because African American head coaches perform 

better than Whites and are significantly fewer in number, the racial disparity in head coaching 

may be attributed to league based discrimination. She finds that Black NFL coaches are held to a 
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higher standard than Whites, noting in her concluding remarks that 21 out of 32 coaches in the 

2002 season with no playing experience were all White. The majority of these coaches with no 

playing experience came directly from college football with coaching experience. 

Regardless of whether White coaches with no professional playing experience had 

experience playing in college, they were able to entirely avoid the physically and mentally 

damaging effects that arise from playing in the NFL. Essentially, White coaches are allowed the 

greatest knowledge of the game that Black coaches may only achieve after putting their bodies 

on the line.  And though this finding exposes a self-induced pipeline that differentially shapes the 

NFL careers of Black athletes, by considering college coaching, Madden inevitably 

acknowledges the history of systematic discrimination that entirely favors Whites. Her 

concluding remarks again allow for interpretations of pre-market sources of discrimination or 

what Malone et al. (2008) describe as “the magical step into the fraternity of head coaches.” 

Racial disparities in head-coaching in the NFL again become the consequence, and not the direct 

facilitation, of a pipeline that provides a pool of experience that historically favors Whites. 

The main limitation of Madden (2004) is that it examines one of the most observable and 

highly scrutinized positions in the NFL.  Because such a competitive environment requires that 

individuals be evaluated accurately for performance, essentially preventing bias, it could be far 

more valuable to examine specific representations of tangential action that do not fall under the 

competitive spotlight. Though Madden attempts to examine processes outside of regular play, 

her focus on head-coaching restricts her analysis to the likelihood that a head-coach will be fired. 

With regular-season performance records, team quality indicators, and experience measures, 

Madden is able to show that Black coaches are significantly more likely to be fired than White 

coaches. However, Madden does not proceed to explore the full scope of firing practices and 



Nashashibi 12 
	

instead reaffirms the competitive context of her analysis by also using playoff performance 

records. Interestingly, after adding playoff performance as an explanatory variable, Madden finds 

that Black coaches are insignificantly less likely to be fired than White coaches, effectively 

presenting ambiguous results. Malone et al. (2008) then take this analytical approach a step 

further by including data on partial seasons. Because Malone et al. provide a more 

comprehensive competitive representation of the firing process by including midseason 

terminations, they find the effect of race on firing to be entirely insignificant. Malone et al. make 

a strong case against league based discrimination by explaining the racial disparity with 

complete performance indicators that are highly scrutinized and likely serve as the base for may 

of these decisions. Not surprisingly, they also acknowledge the pipeline of differential hiring 

practices in the nation’s colleges and universities. Thus, they too present the related inertia issue 

as a potential cause for the significant dearth of Blacks in NFL head-coaching positions. 

Because Malone et al. (2008) do not investigate whether this process of entering the 

head-coaching fraternity presents distinct pipelines, with significant barriers to entry for certain 

groups and not others in the NFL, analyzing processes that fall outside the competitive spotlight 

remains absolutely necessary. In their study that examines the process of racial integration in 

major league baseball, Goff et al. find that entrepreneurship trumps competitive rivalry, as the 

best teams were the ones that integrated first (Goff et al. 2002).  In a league that has seemingly 

taken full advantage of the superior physical ability of Black athletes, the only processes left to 

examine that may exhibit bigotry and bias are those of discipline and reprimand that take place 

off the field. Because decision makers in the NFL are more likely to control personal biases in 

the face of outstanding ability and in a game-time professional sports setting, I turn to Hall 

(2012) as the base for my analysis of league action that happens outside of regular play. 
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In her study, Hall examines the racial disparity in unsportsmanlike conduct infractions 

given to players for excessive celebration after a touchdown.  Specifically, Hall (2012) examines 

an experimental representation of a tangential process and finds that, though penalized Blacks 

and Whites were perceived as being equally arrogant after a score by respondents, Blacks were 

being penalized with much lower compensation. Hall derives these results through laboratory 

experiments that provide the same scoring and celebration scenarios for players with different 

names – Malik Johnson and Jake Biermann. Participants are then given an average salary for the 

player’s position and are asked what they believe the player should be paid in relation to this 

amount. In two of their studies, they find a significant negative relationship between arrogance 

and salary for Black players and a non-significant positive correlation between arrogance and 

salary for White players. As Hall (2012) states, “being perceived as arrogant was associated with 

a salary penalty for Black players but not for White Players.”  

Hall finds that, similar to other domains like lower-education and the labor market, 

professional sports settings do not allow Blacks to excel and display arrogance. This study 

expands on Hall (2012) in both methodology and scope. First, I use four additional seasons of 

empirical data on player infractions in the NFL to determine whether there is conscious bias 

against Black athletes in decisions on whether to fine players for penalties. Second, conditional 

on having been fined, I examine whether minority athletes receive higher fines. Finally, I 

determine whether minority athletes are more likely to receive repeated fines. While Hall (2012) 

focuses solely on unsportsmanlike conduct calls, I will focus on both unsportsmanlike infractions 

and aggressive infractions to highlight differential responses to arrogance and violence, 

respectively. Results will then contribute to the discussion on whether the NFL actively supports 

or tries to prevent damaging pipeline effects that may differentially affect future success. 
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An additional defining characteristic of this study is the focus on conscious, structural 

bias that contrasts the sub-conscious, implicit bias found in the studies of Price and Wolfers 

(2007) and Parsons et al. (2011). Unlike Price and Wolfers (2007), which examines the own race 

bias of NBA referees who make split-second penalty decisions, this study analyzes an insider 

process of calculated punishment that focuses neither on the referee who calls penalties nor the 

individual who ascribes fine values to infractions. Thus, whereas Parsons et al. analyze the 

implicit bias of baseball umpires who are more likely to call strikes on pitchers of the opposite 

race, this study focuses on the bias that arises in a formally structured process.  As Hall (2012) 

recommends, this study ultimately examines a social hierarchy reversal and responses to shows 

of expertise by those who now find themselves in the dominant, albeit silent, majority. 

III. Data 

Like all other research founded in professional sports data, this study is made possible by 

the wide range of information available on individual athletes and teams. Similar to other 

competitive industries, professional sports leagues allocate significant resources to data 

collection. Leagues then make this information widely available to their audiences, effectively 

recapturing their attention and interest in the particular sport outside of the actual game.  With 

such an incredible amount of data, sports fans can join fantasy leagues and gambling arenas that 

require scrutinizing individual player performance.  More and more data become available as 

fans shift their focus to the individual rather than their favorite team. Data collected on individual 

players can range anywhere from median house-hold income to the number of passes a player 

completes in a single basketball game. And of course, in a sport that many consider to be one of 

the most dangerous, individual player data on fines and suspensions are duly collected.  
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Taken at face value, the increasing trend of fining athletes for aggressive play implies a 

desire on the part of the NFL to guide athletes away from unnecessary violence. However, a 

double standard emerges when considering that the best individuals in any contact sport are also 

the most aggressive. The website spotrac.com provides extensive data on fines and suspensions 

accrued by these individuals following an infraction (penalty) during an NFL match.  Intuitively, 

most athletes in competitive, contact sports, depending on position, may achieve a significant 

comparative advantage over their opponents with superior strength; skill is of no more 

importance in a league that draws its employees from an incredibly talented pool of college 

athletes. Though this particular point is debatable, there is no question that defensive players 

have become increasingly aggressive, showing little to no attempt to shy away from the most 

aggressive means of stopping an opponent. This type of play, arguably necessitated by the nature 

of the sport, led to an increase in fines of over 100 percent between the 2013 and 2014 seasons, 

an obvious trend of increased incidence that must be investigated.  

With comprehensive accounts of all infractions and fines, SpotRac data sets provide 

information on player name, position, team, week, type of infraction, and infraction amount. 

Because significant hikes in both total magnitude and number of fines awarded occur between 

almost every season, this study includes infraction data from a total of five seasons to capture the 

effect of time on these changes. Thus, five data sets for five seasons are appended to create a 

comprehensive infraction data set for the years 2010 to 2014.  This data set is then merged with a 

separate set that includes census data on all NFL athletes who were active in the same time 

period. Census data is taken primarily from a second independent database called Pro Football 

Reference and includes variables such as age, position, birth city, experience, games played, 

games started, high school, and university. In addition to these variables and obvious variables 
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like year and player name that are used to merge data sets, I have personally augmented the 

census data with player race, high school program type (public or private), median home-town 

income, and college rating, given by an institution’s 25th percentile mathematics SAT score. 

Original variables in the Spotrac and Pro-Football-Reference data sets are used primarily 

to create new, explanatory variables that may be used in the regression analysis. Variables from 

the original data set that are used in the analysis include: age, experience, games started, and 

games played. Variables that are used to create new explanatory variables include: position, high 

school, birth city, team, college, and week. Using the position variable, a dummy variable for 

offensive players is created, as well as a dummy variable for every major position on the field. 

Similarly, high school is used to create a dummy variable that signals whether an athlete attended 

a private school. Birth city is used to create a variable for median house-hold income, and college 

is used to create a variable for an athlete’s college rating.  Finally, team and year are used to 

create a dummy variable that indicates whether an athlete’s head coach shares the same race, and 

week and fine magnitude are used to create a variable that is the magnitude of an athlete’s first 

fine. A brief description of specific types of variables follows. 

Major dependent variables include fined, fined2, and fine Magnitude. Fined and fined2 

are dummy variables for having been fined at least once and more than once, respectively. The 

third dependent variable of interest is the magnitude of a fine received that will be used with a 

logarithmic scale, as these values range from two thousand to three million dollars. Independent 

variables of primary interest include Black and Other. Both are dummy variables representative 

of race; Black represents athletes who identify as African American and Other represents the 

small portion of athletes who identify as Asian, Pacific Islander, or Hispanic. 
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Explanatory variables are of two distinct types, separating pre-market (or pipeline) 

controls from league based controls. Pre-market control variables include: age, year, program, 

median house-hold income, and college rating. As stated previously, the program variable 

designates an athlete’s high school as private or public and is a proxy for the quality of a high 

school’s football program. Median house-hold income also provides a proxy for the quality of 

athletic instruction that young athletes might receive and was created using an athlete’s birth city 

and the 2010 American Community Survey. However, in the Community Survey, this value is 

given by five-digit postal code, while census data on NFL athletes only provides city of birth. 

Thus, the mean of median house-hold income is calculated over all postal codes in an athlete’s 

birth city, resulting in one median house-hold income value per city. Twenty-fifth percentile 

SAT mathematics scores are taken from the Carnegie Classification of institutions of higher 

education and represent an athlete’s college rating.  

After running regressions of race on the dependent variables of interest, we add pre-

market control variables followed shortly by market-based control variables: that include 

experience, games started, position, coach same race, and magnitude of first fine. We create a 

positional dummy variable for every position, while year and team are used to create a dummy 

variable to signal whether an athlete’s coach is of the same race. Week and fine magnitude are 

used to create a variable that is the fine magnitude of an athlete’s only offense if they committed 

one infraction and the fine magnitude of an athlete’s first offense if they committed more than 

one. Specifically, this variable is used in the analysis of the probability of committing a second 

offense and represents the monetary penalty that, depending on magnitude, may differentially 

affect an athlete’s chance of committing a second offense. 



Nashashibi 18 
	

Over the five-year period, there are 9,593 unique player-year observations. Player-year 

observations are considered unique, because off-seasons provide ample time to evaluate and act 

on previous failures. The probability of committing a second fine is also calculated within the 

span of a single season. Table 1 below provides descriptive statistics by race and shows that 68 

percent of NFL athletes are Black and three percent identify as Other. Comparing Black and 

White athletes, we see that Blacks are far less likely to have a head coach of the same race. 

Descriptive Statistics by Race, 2010-2014: Player-Year 
     
TABLE 1 Total Black White Other 
     
% Black 68 100 0 0 
     
% White 29 0 100 0 
     
% Other 
 

3 0 0 100 

% Coach Same Race 
 

35 15*** 85 0^^^ 

% Offensive Players 
 

52 40*** 77 55^^^ 

% Private High School 
 

12 10*** 17 18^^ 

Mean Age in Years 
 

26.5 
(3.32) 

26.10*** 
(3.09) 

27.39 
(3.66) 

26.13^^^ 
(3.02) 

Mean Experience 
 

3.5 
(3.18) 

3.25*** 
(3.00) 

4.00 
(3.51) 

3.16^^^ 
(3.04) 

Mean Games Started 
 

5.75 
(6.26) 

5.86*** 
(6.22) 

5.25 
(6.20) 

7.77^^^ 
(6.30) 

Mean Median HH 
Income 

53,975 
(18,386) 

51,511*** 
(16,112) 

58,666 
(21,291) 

62,562^^^ 
(22,898) 

Mean 25th Percentile 
Math Score 
 

540.03 
(72.38) 

537.51*** 
(71.12) 

545.95 
(74.14) 

539.80^^^ 
(78.85) 

N 9,593 6,478 2,769 346 
Figures in parentheses are standard deviations. 

***, **, * -- Means (percentages) of Black athletes are significantly different from means of White athletes at the 
0.01, 0.05, and 0.1 level, respectively. 

^^^, ^^, ^ -- Means (percentages) of Other athletes are significantly different from means of White athletes at the 
0.01, 0.05, and 0.1 level, respectively. 
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Statistics also show that Black athletes are less likely to attend private high schools and 

more likely to attend universities with lower twenty-fifth percentile mathematics SAT scores. All 

differences presented above are significant at better than the 0.01 significance level, adding to a 

narrative of unequal opportunity that defines the experiences of aspiring NFL athletes. League-

based indicators show that Black athletes are more likely to play at a younger age. Relative to 

Whites however, they spend less time in the league over all, which is likely the result of playing 

in more games and experiencing more physically damaging contact.  An additional league based 

narrative that implies greater reliance on Black bodies begins to emerge.    

The scope of this study requires examining the probability of being fined in the NFL. 

Thus, before merging datasets, twenty week-level observations are created for each of the 9,593 

unique player-year observations in the census data. Assuming that the span of one game is too 

little time to significantly influence a player away from aggressive or unsportsmanlike play, the 

number of fines awarded to an athlete is limited to one per week. The additional twenty week-

level observations represent the pre-season, the seventeen weeks of the regular season, the post 

season, and the off season. As a result, the total number of observations from which the 

probability of accruing a fine may be calculated is 191,860.  Because this study treats aggressive 

and unsportsmanlike offenders separately, we create a dummy variable that signals an aggressive 

infraction. Examples of aggressive penalties include unnecessary roughness and fighting, while 

examples of unsportsmanlike penalties include celebrating and taunting. 

Table 2 provides descriptive statistics at the player-week level by race and shows that 

aggressive penalties make up 72 percent of all fined infractions. Additional significance testing 

shows that the probability of being Fined for Blacks and Whites is significantly different. 



Nashashibi 20 
	

Descriptive Statistics by Race, 2010-2014: Player-Week 
     
TABLE 2 Total Black White Other 
     
% Black 68 100 0 0 
     
% White 29 0 100 0 
     
% Other 
 

3 0 0 100 

% Fined 
 

0.5 0.62*** 0.28 0.59^^^ 

% Aggressive Type 
 

0.36 0.42*** 0.20 0.41^^^ 

% Second Offenders 
 

0.055 0.068*** 0.018 0.10^^ 

Mean Fine in Dollars 
 

78,799 
(264,311) 

82,923 
(272,039) 

60,267 
(205,184) 

69,044 
(311,443) 

Mean First Fine in 
Dollars 
 

70,618 
(249,783) 

75,296 
(263,331) 

59,826 
(205,246) 

20,136^ 
(38,236) 

N 191,860 129,560 55,380 6,920 
Figures in parentheses are standard deviations. 

***, **, * -- Means (percentages) of Black athletes are significantly different from means of White athletes at the 
0.01, 0.05, and 0.1 level, respectively. 

^^^, ^^, ^ -- Means (percentages) of Other athletes are significantly different from means of White athletes at the 
0.01, 0.05, and 0.1 level, respectively. 

 

 Similarly, Black athletes are significantly more likely to be repeat offenders than White 

athletes. However, testing also shows that while Black and White average fine and first fine 

values are close to being significantly different, we cannot reject the null hypothesis that they are 

equal at better than the 0.10 significance level. The only significant difference in fine value is 

that between the mean first fine of Other and that of White, which is significant at better than the 

0.10 level. Nevertheless, all other racial differences are significant and provide a strong 

analytical base for an NFL reality that is a series of stark racial differences. An in-depth analysis 

of these disparities follows. 
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IV. Methodology 

This study challenges the null hypothesis that racial disparities in the magnitude and 

probability of being fined or suspended in the NFL are not attributable to bias. If the data and 

associated regression analysis cannot explain disparities that seem racially motivated, then there 

are clear implications for bias and league-based forms of discrimination. The first alternative 

hypothesis is that Black NFL players are fined with greater probability than their White 

counterparts. The second alternative hypothesis of interest is that fine magnitudes, though 

increasing over time, have increased differentially for Black athletes. If fines are greater for 

Blacks, there will be further evidence to support the conclusion that racial bias exists in the NFL. 

Alternatively, the nature of unsportsmanlike infractions does not allow for significant deviation 

from a scale of fines that is far more rigid. Thus, racial disparities in fine magnitudes of 

unsportsmanlike infractions are more likely to reflect differential counseling away from the most 

severe penalties rather than bias in the process of applying fine values to specific infractions. 

The final alternative hypothesis is that Black NFL athletes are more likely to be repeat 

offenders than White athletes. If regression results support this conclusion, then there is further 

evidence of racial discrimination in the probability of being fined in the NFL. Additionally, if the 

proportional effect of race on the probability of being fined a second time is greater than the 

effect of race on the probability of being fined, then there is evidence to support active 

maintenance of distinct Black and White pipelines in the NFL. In other words, Blacks will be 

intentionally allowed to defeat themselves physically, socially, and economically if punishment 

and subsequent counseling schemes are implemented based on racial bias.  

Unlike the study of Price and Wolfers (2007) that examines own race bias on the 

basketball court in which penalty decisions are made instantaneously, this study analyzes the 
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process of fining players for specific penalties after they have been committed. Regression 

analysis begins with player-week as the unit of observation. Unlike other studies that may restrict 

their sample to defensive players, those penalized far more frequently, this study will instead 

include positional fixed effects that capture the increased effect that playing a specific position 

has on committing an infraction. The study also runs all regressions for aggressive and 

unsportsmanlike penalties separately, as well as for the two together. The full list of infractions 

and their respective categories may be found in Preface table.  

Very simply, those infractions that include physical contact with another individual are 

grouped in the aggressive category while those that involve verbal abuse or acts of negligence 

are considered unsportsmanlike; of the 38 penalties treated in the study, 20 are considered 

aggressive. Given the obvious overlap between offences, there is a clear degree of subjectivity in 

both the choice of infraction and perceived level of severity and associated fine amounts given 

for the same penalty. In order to determine if severity the cause, rather than racial bias, analysis 

begins with a probit regression that examines the probability of being fined based on race:	

(1) Pr(Fined)it=αit+β(Black)it+δ(Other)+εit 

 

The sample is the player-week and includes all active players on all teams from the start of 

the 2010 season to the end of the 2014 season. The main independent variables of interest are 

both race dummy variables described in the data section. We begin by estimating the regression 

without pre-market or league-based controls to quantify the basic difference in rates of fines 

across races. Controls are then included in order to avoid omitted variable bias. So that race does 

not pick up the effect of other factors that may influence the probability of being fined, equation 

(1) is augmented with a matrix of pre-market controls that include: year, age, college rating, 
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median house-hold income, and high school type. Regressions then include league-based 

controls such as experience, games started, whether a coach is of the same race, and all 

positional dummy variables. We include the first three league-based controls, because they are 

all likely to have a positive effect on being fined. Similarly, positional dummy variables are 

included to account for the effect specific positions might have on being fined. A dummy 

variable that indicates whether a coach is of the same race is also included. This is done, because 

a coach may be more likely to focus on athletes who share his race, particularly if they are a 

“vulnerable” minority, than spend time counseling athletes of different races. The final 

regression is run with all control variables and year fixed effects. 

The second point of analysis turns to differences in fine magnitude given an individual has 

been fined. Equation (2) includes all control variables of interest and is initially estimated 

without controls or the use of a Heckman selection: 

(2) (Fine Value | Fined)it=α+β(Black)it+δ(Other)it+γ(IMR)it +σXi+εit 

As with the first round of regressions, we first estimate the effect of race on fine magnitude and 

then include pre-market and league-based controls, sequentially. Because of the significant 

emphasis on more violent penalties in the NFL that coincides with an increase in fine incidence 

over all, year fixed effects are also included in the model with all control variables. Finally, I 

determine the effect that race has on fine magnitudes, conditional on having been fined once 

before, with a Heckman selection. As in the final round of regressions that employs a similar 

model to determine the conditional probability of being fined twice, all significant pre-market 

and market-based control variables are included in both the selection for having been fined and 
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in the regression of race on fine magnitude. If race coefficients are significant, it will be possible 

to determine if bias exists in the process of applying fine values to specific infractions. 

The final point of analysis turns to the probability that an NFL athlete will be fined a second 

time in a given season.  This model is first run as a basic probit of race on fined2 before being 

run with all control variables and ultimately as the two-stage Heckman model described above:  

(3) Pr(Refine | Fined)it=α+β(Black)it+δ(Other)it+γ(IMR)it +σXi+εit 

The selection model is first estimated using a probit model, assuming a normal 

distribution of the probability of a first fine in a given year. This probability is used to estimate 

an inverse mills ratio, which is then included as an explanatory variable in the regression. 

Because including all player-week observations over-estimates the period of time in which a 

second penalty may be committed, the dummy variable FF is created to indicate every week of a 

season in which an athlete has the opportunity to commit a second offense. For example, if an 

athlete receives a fine in week 2 of the regular season, then FF for all 17 ensuing weeks will be 

equal to one, indicating that the athlete could have committed a second offense in this time. 

Because proximity in time of the first fine is now directly related to the amount of time left in a 

season to commit a second offense, week and fine-week are included as explanatory variables in 

the second-stage regression of both race dummy variables on fined2. We estimate this model for 

all infractions combined and then separately for both aggressive and unsportsmanlike infractions. 

Thus, we determine the extent to which Blacks may be more more likely to receive a second 

fine, potentially exposing an additional indicator of bias in the NFL. If coefficients show that 

Blacks are significantly more likely to receive a second fine than they are to receive a first, then 

there are clear implications for active pipeline support that surpasses simple notions of bias. 
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V. Results 

While results expose a statistically significant racial disparity in the probability of being 

fined in the NFL, the extent to which this disparity is actively supported remains unclear. 

Descriptive statistics in Table 2 of the Data section show that the proportion of player-week 

observations fined between the 2010 and 2014 seasons was half a percent. Complete results 

appear in nine tables that include between four and five regressions each. The first three tables 

present results on the probability of being fined, while the following three focus on fine 

magnitude. Analysis concludes with the third set of regressions that analyzes the probability of 

committing a second offense. Every regression in a table successively adds pre-market and 

market-based control variables, ultimately leading to a fourth regression that includes year fixed 

effects. After estimating effects using all penalties, the same set of regressions is run separately 

for aggressive infractions and unsportsmanlike infractions. 

Effect of Race on Fine Probability – All Infractions 

Analysis begins by estimating the effects of race on the probability of being fined without 

taking into consideration pre-market and league-based control variables. The coefficient on 

Black in regression (1) below implies that being Black increases an athlete’s probability of being 

fined by more than one third of a percentage point. Given that the probability of being fined in 

the league is only half a percent, this difference implies that Blacks are more likely to be fined by 

70 percent, a huge and significant difference that I investigate further. In order to add greater 

explanatory power to the regression, regression (2) includes pre-market controls that are included 

to capture the effects of early, pipeline discrimination that may bias coefficients on race.  
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TABLE 1: Results – All Infractions 

Effect of Race on Probability of Being Fined 
 (1) (2) (3) (4) 
VARIABLES Fined Fined Fined Fined 
     
Black 0.0035*** 0.0036*** 0.0013*** 0.0013*** 
 (0.0003) (0.0003) (0.0005) (0.0005) 
Other 0.0048*** 0.0051*** 0.0006 0.0007 
 (0.0015) (0.0016) (0.0009) (0.0014) 
Controls None Pre-Market Pre-Market 

Market 
Pre-Market 

Market 
Year FE 

Observations 191,860 191,860 191,860 191,860 
Figures give change in the probability of being fined for a change in Black or Other from 0 to 1 

Standard errors appear in parentheses 
*** p<0.01, ** p<0.05, * p<0.1	

 

As anticipated, Year and Age both have positive effects on the probability of being fined. 

Intuitively, both are time values that capture an increasing rate of penalty and associated fine 

incidence. Though Median HH Income was included to capture adverse, early effects that may 

hinder the progress of some and not others (Carneiro et al. 2003), the coefficient on this variable 

is not significant. The same is the case for SATMT25 and Private HS, which do not seem to 

explain much if any of the racial disparity in the probability of being fined. Testing the null 

hypothesis that these coefficients are jointly equal to zero produces a large and positive Chi-

square value, as well as an exceedingly small p-value, allowing me to reject this hypothesis at 

better than the 0.01 confidence level. While including Year and Age does add to the explanatory 

power of the regression, these variables have no effect on the coefficients of Black and Other, 

which remain significant at less than the 0.01 significance level. 

Regression (3) in Table 1 not only includes pre-market control variables but also market-

based explanatory variables and positional dummy variables. Interestingly, adding this set of 

control variables not only decreases the effect of race on being fined, but also changes the effect 
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of pre-market control variables that were previously insignificant.  A similar joint significance 

test shows that adding market-based control variables contributes further to the explanatory 

power of the regressions, allowing me to reject the hypothesis that they are all equal to zero. 

Now, year, experience, and games started all have positive and significant coefficients. Coach 

same race has a significant negative effect on the probability of being fined, and adding 

experience changes the effect of age, making it negative. With market-based control variables, 

coefficients on college rating and high school type become significant such that athletes from 

schools with higher 25th percentile SAT mathematics scores are less likely to be fined while 

athletes who hail from private high schools are more likely to be fined. Finally, the dummy 

variable for wide-receiver, in addition to all defensive dummy variables, is positive and 

significant. Thus, while including pre-market and market variables reduces the size of the 

coefficients on Black and Other markedly, the coefficient on Black remains highly significant. 

Adding year fixed effects in regression (4) neither decreases the size nor significance 

level of the coefficient on Black. Full results, included in Appendix A, show that the most 

significant jump in fine incidence occurs between the 2011 and 2012 seasons. Additionally, an 

interaction term between Black and Year shows that while probabilities for Blacks and Whites 

may have been diverging early on, this is no longer the case. Insignificant coefficients on this 

interaction term imply that probabilities of being fined, though increasing over all between the 

2012 and 2014 seasons, are not diverging differentially for White and Black athletes. Taken 

together, results imply that while pre-market and market-based variables explain a great deal of 

the racial disparity in the probability of being fined, the coefficient of 0.0013 on Black in 

regression (4) implies that 25 percent of this disparity remains unexplained. This result exposes a 

process of market discrimination that differentially penalizes Whites and Blacks, as Black 
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athletes are fined with far greater impunity. Thus, analysis of the specific responses to differing 

acts of aggression and unsportsmanlike or arrogant play follows. 

Effect of Race on Fine Probability – Aggressive Infractions 

The analysis now follows the same procedure with an added focus on infractions of the 

aggressive type. Of the 1,006 total player-week observations that drew fines between the 2010 

and 2014 seasons, 700 received fines for aggressive infractions while 306 received fines for 

unsportsmanlike infractions. Results of the effect of race on the probability of being fined for an 

aggressive or violent infraction are presented below.  

TABLE 2: Results – Aggressive Infractions 

Effect of Race on Probability of Being Fined 
 (1) (2) (3) (4) 
VARIABLES Aggressive Aggressive Aggressive Aggressive 
     
Black 0.0022*** 0.0023*** 0.00007 .00005 
 (0.0003) (0.0003) (0.0003) (0.0003) 
Other 0.0032** 0.0035*** -0.0003 -0.0003 
 (0.0013) (0.0013) (0.0005) (0.0009) 
Controls None Pre-Market Pre-Market 

Market 
Pre-Market 

Market 
Year FE 

Observations 191,860 191,860 191,860 191,860 
Figures give change in the probability of being fined for a change in Black or Other from 0 to 1 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1	

 

Results in Table 2 show that while adding pre-market control variables does not decrease the 

effect of race on the probability of being fined, adding market-based explanatory variables and 

positional dummy variables decreases this effect to the point of being insignificant. A marked 

change occurs with the addition of league-based control variables and positional dummy 

variables that seem to fully explain the racial disparity in the probability of being fined for 
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aggressive infractions. All defensive positional dummy variables have significant positive 

coefficients, and Chi-squared tests show that their addition adds to the explanatory power of 

previous regressions. The final regression that includes year fixed effects presents similar results 

and shows that including the full vector of control variables explains away the significant portion 

of the racial disparity in the probability of being fined. Results derived from focusing specifically 

on aggressive fines imply that responses to Black shows of aggressive play are not significantly 

different from responses to similar shows by White athletes. And though this specific result 

seems to convey that bias is non existent, in this context, feedback effects of past positional 

discrimination may be pushing Blacks into positions where aggressive penalties are more likely. 

Effect of Race on Fine Probability – Unsportsmanlike Infractions 

The final set of regressions that estimate the effect of race on the probability of being fined 

now estimates effects based solely on unsportsmanlike infractions. 

TABLE 3: Results – Unsportsmanlike Infractions  

Effect of Race on Probability of Being Fined 
 (1) (2) (3) (4) 
VARIABLES Unsports Unsports Unsports Unsports 
     
Black 0.0012*** 0.0013*** 0.0012*** 0.0012*** 
 (0.0002) (0.0002) (0.0003) (0.0002) 
Other 0.0017* 0.0016* 0.0015 0.0015** 
 (0.0009) (0.0009) (0.0009) (0.0006) 
Controls None Pre-Market Pre-Market 

Market 
Pre-Market 

Market 
Year FE 

Observations 191,860 191,860 191,860 191,860 
Figures give change in the probability of being fined for a change in Black or Other from 0 to 1 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1	
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Unlike previous sets of regressions, coefficients on Black in Table 3 not only remain 

relatively constant but also maintain their statistical significance throughout. Additionally, all 

control and explanatory variables included previously are included here and also maintain their 

same effect. These results show that being Black increases an athlete’s chances of being fined for 

an unsportsmanlike offense by 0.11 percentage points. Given that the mean is 0.14 percent, this 

increase represents more than 78 percent of the mean. Taken with the previous result that seemed 

to provide evidence for the absence of racial discrimination, this result implies that while Black 

shows of violence are not punished more than similar shows by Whites, Black shows of 

arrogance, alternatively perceived as expertise, are punished more than those by Whites. This 

interpretation reflects the findings of Hall (2012). 

Effect of Race on Fine Magnitude – All Infractions 

  After exposing this significant indicator of market-based discrimination, analysis now turns 

to the effect of race on fine magnitudes, initially estimated over all infractions. 

TABLE 4: Results – All Infractions 

Effect of Race on Fine Magnitude 
 (1) (2) (3) (4) (5) 
VARIABLES Ln(Fine) Ln(Fine) Ln(Fine) Ln(Fine) Ln(Fine) 
      
Black 0.226** 0.239** 0.266* 0.260 0.232 
 (0.109) (0.112) (0.144) (0.189) (0.167) 
Other -0.210 -0.216 0.0276 0.0384 0.0008 
 (0.220) (0.221) (0.236) (0.340) (0.226) 
Controls None Pre-Market Pre-Market 

Market 
Pre-Market 

Market 
Year FE 

Heckman 

Observations 1,006 1,006 1,006 1,006 191,860 
R-squared 0.008 0.012 0.130 0.133  

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

 



Nashashibi 31 
	

While every penalty in the NFL that draws a fine is given a base-line value, fine amounts 

may be increased above this level depending on the perceived level of severity of the infraction. 

Thus, the process of attributing dollar amounts to physical infractions takes on a significant 

degree of subjectivity. As Table 4 shows, successively adding all aforementioned control and 

explanatory variables increases the effect of race on fine magnitude but decreases its statistical 

significance.  Results also make clear that pre-market variables add little if any explanatory 

power to regressions. 1 Alternatively, the addition of market-based explanatory variables and 

positional dummy variables increases the size of the coefficient on Black and only marginally 

decreases its significance level. Unlike previous sets of regressions in which games started had a 

positive effect on the probability of being fined, this variable now inversely affects the dependent 

variable of interest. Interestingly, positional dummy variables only become significant in 

regression (4) with the addition of year fixed effects, ultimately resulting in an insignificant 

coefficient on Black. Thus, while coefficients on year variables themselves are insignificant, 

games started and positional dummy variables seem to explain away this racial disparity.  

Similarly, the Heckman selection model presented in regression (5) also finds no significant 

effect of race on fine magnitude when focusing solely on those who have been fined.  

Interestingly, the only positional dummy variable with a significant coefficient is that for special 

teams, which has a negative effect on fine magnitude. Taken with the negative effect of 

experience and positive effect of games started, coefficients on these variables seem to explain 

any racial disparities in the sample of those who have been fined. The coefficient on the mills 

ratio is not significant, however, due to the lack of a more precise instrument that would 

																																																													
1	F-tests show that while we cannot reject the null hypothesis that coefficients on pre-market control variables are 
jointly equal to zero; the same hypothesis to do with market-based explanatory variables and positional dummy 
variables may be rejected at better than the 0.01 significance level.  
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effectively isolate the sample of interest. Additionally, there are more than 60 times as many 

White placekickers as there are Black placekickers (special teams), which begs the question of 

why Blacks are not selecting into significantly lower cost positions. Though the answer to this 

question falls outside the scope of this study, feedback effects of market discrimination are a 

likely explanation for why any position would be so unevenly represented. Taken together, 

results present a degree of bias in the fine process that largely disappears with the addition of 

market-based control variables and positional dummy variables.  

Effect of Race on Fine Magnitude – Aggressive Infractions 

Unlike the previous set of results, adding pre-market and market-based control variables does 

not fully explain the racial disparity in fine magnitudes for aggressive infractions.2  

TABLE 5: Results – Aggressive Infractions 

Effect of Race on Fine Magnitude 
 (1) (2) (3) (4) (5) 
VARIABLES Ln(Fine) Ln(Fine) Ln(Fine) Ln(Fine) Ln(Fine) 
      
Black 0.208*** 0.207*** 0.149* 0.151* 0.144* 
 (0.0620) (0.0641) (0.0868) (0.0699) (0.0820) 
Other -0.0860 -0.0657 -0.0446 -0.0251 -0.0775 
 (0.126) (0.126) (0.142) (0.0905) (0.135) 
Controls None Pre-Market Pre-Market 

Market 
Pre-Market 

Market 
Year FE 

Heckman 

Observations 700 700 700 700 191,860 
R-squared 0.023 0.039 0.105 0.120  

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1	

  

																																																													
2	An F-statistic of 2.64 implies that coefficients on pre-market control variables are not jointly equal to zero but 
close to being so. Similarly, separate tests for market-based explanatory variables and positional dummy variables 
show that coefficients on market-based variables may be jointly equal to zero, while those on positional dummy 
variables are not.	
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Even after including the full vector of explanatory and control variables, as well as year 

fixed effects, the effect of race on fines given to aggressive offenders remains positive and 

significant. Though there is a decrease in effect, regression (4) results imply that Blacks who are 

penalized for aggressive infractions receive 15 percent higher fines than their White 

counterparts. Column (5), which presents results of the Heckman selection, also shows that 

conditional on having been fined, Black athletes are indeed more likely to receive significantly 

higher fines than their white counterparts. In the second-stage regression of the Heckman model, 

all coefficients on defensive positional dummy variables are positive and highly significant, 

explaining most of the racial disparity in fine magnitudes awarded for aggressive infractions. 

However, similar to results of the previous Heckman model, the coefficient on the mills ratio is 

not significant, implying that the selection does not effectively isolate the sample of interest. 

Nevertheless, a specific focus on those who have been fined does present a significant racial 

disparity in fine magnitudes of approximately 15 percent, a result consistent with that presented 

in the preceding year fixed-effects model. 

Effect of Race on Fine Magnitude – Unsportsmanlike Infractions 

Perhaps the most interesting result so far, is the difference in significance levels of 

coefficients on race when analyzing aggressive and unsportsmanlike infractions. Whereas the 

previous set of results presented coefficients on Black that maintained their significance in all 

models, including the Heckman selection, not a single coefficient presented below is significant.  

Though this may be interpreted as controversial evidence of bias in the process of attributing fine 

values to specific infractions, this result is entirely reasonable. While the opportunity to judge a 

violent infraction allows significant room for subjectivity and conscious bias, this is not likely to 

be the case with unsportsmanlike infractions. 
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TABLE 6: Results – Unsportsmanlike Infractions 

Effect of Race on Fine Magnitude 
 (1) (2) (3) (4) (5) 
VARIABLES Ln(Fine) Ln(Fine) Ln(Fine) Ln(Fine) Ln(Fine) 
      
Black 0.0328 -0.0192 -0.436 -0.453 -0.433 
 (0.287) (0.294) (0.348) (0.298) (0.392) 
Other -0.654 -0.750 -0.687 -0.697 -0.569 
 (0.564) (0.569) (0.561) (0.570) (0.533) 
Controls None Pre-Market Pre-Market 

Market 
Pre-Market 

Market 
Year FE 

Heckman 

Observations 306 306 306 306 191,860 
R-squared 0.006 0.018 0.277 0.279  

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

 

In other words, there is no varying level of severity associated with the majority of 

unsportsmanlike conduct infractions. Specifically, those infractions with the greatest frequencies 

like violating the substance abuse policy are mere violations that only increase in severity with 

repeated offenses. And while it is certainly the case that celebration and taunting or obscene 

gestures might be viewed with subjective levels of severity, the infractions themselves are not 

severe. Thus, there seems to be clear direction in fine values attributed to unsportsmanlike 

infractions that do not present the opportunity for bias. As previous results show, when the 

opportunity to determine severity does exist, bias abounds.   

Effect of Race on Probability of Second Offense – All Infractions 

After observing indicators of racial discrimination in the probability of being fined and in 

fine magnitudes, specifically for aggressive infractions, we now estimate the effect of race on the 

probability of committing a second offense. Regressions are run in the same order as preceding 

regression sets and ultimately conclude with a Heckman selection. 
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Results in Table 7 imply that while Blacks may be more likely to be fined for a second 

offense overall, a strict focus on those who have been fined before does not support this result. 

Thus, it seems unlikely that the NFL is actively grooming one group of athletes at the expense of 

others, in this case, non-Whites. 

TABLE 7: Results – All Infractions 

Effect of Race on Probability of Second Offense 
 (1) (2) (3) (4) (5) 
VARIABLES Fined2 Fined2 Fined2 Fined2 Fined2 
      
Black 0.0068** 0.0073*** 0.0031 0.0025 0.0032 
 (0.0029) (0.0028) (0.0038) (0.0055) (0.0049) 
Other 0.0164 0.0187 0.0115 0.0103 0.0078 
 (0.0120) (0.0128) (0.0117) (0.0144) (0.0072) 
Controls None Pre-Market Pre-Market 

Market 
Pre-Market 

Market 
Year FE 

Heckman 

Observations 8,132 8,132 7,862 7,862 191,860 
Figures give change in probability of being fined a second time for a change in race from 0 to 1 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1	

 

  With positive and significant coefficients on games started and safety in the selection 

model presented in column (5), it seems that the probability of committing a second offense is 

explained by the number of games played and the position being played.3 While pre-market and 

market control variables have similar effects to those presented in the analysis of the probability 

of receiving a fine for aggressive infractions, it is important to notice the decrease in number of 

observations that results from adding positional dummy variables in the third regression. Not 

surprisingly, observations for those who play the tight-end and special-teams (exclusively 

																																																													
3	Chi-square tests show that the null hypothesis that coefficients on pre-market variables are jointly equal to zero 
may be rejected at better than the 10 percent significance level. The same hypothesis to do with market-based 
variables may be rejected at better than the one percent significance level.		
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kicking) positions perfectly predict not being fined a second time, and are therefore omitted.4 

Again, in an instance where bias seems to be absent, descriptive statistics highlight a trend of 

positional segregation that clearly affects the probability of being fined. Therefore, while the 

NFL does not seem to differentially counsel athletes away from aggressive infractions, there is a 

clear relationship between the probability of being fined and specifically those positions that are 

overtly dominated by a particular race.  

Effect of Race on Probability of Second Offense – Aggressive Infractions 

Expanding further to limited samples of aggressive and unsportsmanlike infractions shows 

that being Black does not significantly increase one’s chances of being fined a second time, 

though the effect on being fined for a second unsportsmanlike offense is much stronger. Results 

in Table 8 show that all coefficients on Black are insignificant, implying that Black athletes are 

not more likely to receive a second fine for an aggressive type infraction. 

TABLE 8: Results – Aggressive Infractions

Effect of Race on Probability of Second Infraction that is Aggressive  
 (1) (2) (3) (4) (5) 
VARIABLES Agg2 Agg2 Agg2 Agg2 Agg2 
      
Black 0.0030 0.0031 -0.0001 -0.0004 0.0016 
 (0.0025) (0.0025) (0.0032) (0.0044) (0.0041) 
Other 0.0015 0.0023 0.0006 0.0007 0.00005 
 (0.0066) (0.0068) (0.0056) (0.0079) (0.0060) 
Controls None Pre-Market Pre-Market 

Market 
Pre-Market 

Market 
Year FE 

Heckman 

Observations 8,132 8,132 7,624 7,624 191,860 
Figures give change in probability of being fined a second time for a change in race from 0 to 1 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1	

 
																																																													
4	There are 10 times as many White kickers (ST) as there are Black kickers and approximately 30 percent more 
White tight-ends, even though Blacks make up more than 50 percent of the offense. 
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While games started and safety have positive and significant coefficients in the Heckman 

model, the magnitude of a first fine does not seem to have a significant effect on the probability 

of committing a second offense. This result is consistent throughout all Heckman models 

presented in the final three tables and implies that fines are an unlikely deterrent to committing 

infractions that draw fines and thus an ineffective tool for combating the increasing trend. 

Effect of Race on Probability of Second Offense – Unsportsmanlike Infractions 

In contrast to the previous set of regressions, the following table shows that coefficients on 

Black are positive and significant in all models but the Heckman selection. We also find that pre-

market and market-based variables add little to no explanatory power to regressions (2) and (3).5 

The only positional dummy variables with significant coefficients in the Heckman model are 

those for wide-receiver and running-back. 

TABLE 9: Results – Unsportsmanlike Infractions 

Effect of Race on Probability of Second Infraction that is Unsportsmanlike 
 (1) (2) (3) (4) (5) 
VARIABLES Un2 Un2 Un2 Un2 Un2 
      
Black 0.00391*** 0.00415*** 0.00314** 0.00252* 0.00161 
 (0.00134) (0.00119) (0.00143) (0.00136) (0.00272) 
Other 0.0271 0.0347 0.0252 0.0248 0.00779* 
 (0.0208) (0.0263) (0.0240) (0.0256) (0.00398) 
Controls None Pre-Market Pre-Market 

Market 
Pre-Market 

Market 
Year FE 

Heckman 

Observations 8,132 8,132 7,862 7,862 191,860 
Figures give change in probability of being fined for a change in race from 0 to 1 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1	

 

																																																													
5	It is not possible to reject the hypothesis that coefficients on pre-market, market-based, and positional dummy 
variables are jointly equal to zero. 
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This result reflects findings on the probability of being fined for an unsportsmanlike 

infraction presented in Table 3 and shows that those who play defensive positions are less likely 

to be fined for committing a second infraction that is unsportsmanlike. The positional dummy 

variable with the strongest and largest effect is that for running back, a position played almost 

exclusively by Black athletes. Given that little else helps explain this racial disparity, results 

again imply that positions have the largest effect on committing infractions that draw fines.  

This again is a fascinating result that by no means discounts discrimination in the probability 

of being fined for committing a second aggressive or unsportsmanlike infraction. While this 

point will be clarified in the final discussion and concluding remarks, results in Table 7 show 

that being Black only increases one’s probability of being fined a second time if explanatory, 

league-based variables are not included. As stated previously, this observation is not devoid of 

indicators of discrimination, but instead may describe an entirely institutionalized process by 

which Blacks self select into the most damaging positions.  

VI. Concluding Remarks 

After thoughtful consideration of pre-market and market-based processes that differentially 

affect the treatment and opportunities of Black and White athletes, initial results show that being 

Black significantly affects both the probability of being fined and the magnitude of the fine one 

eventually receives. Though variables like experience, college rating, and coach same race help 

to explain certain differences, significant portions of these racial disparities are left unexplained. 

Further results show that not only is there discrimination in the probability of being fined in the 

NFL, but this discrimination specifically pertains to shows of arrogance and unsportsmanlike 

play. Thus, while Blacks and Whites are permitted to play equally aggressively, results imply 
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that Blacks are more likely to be fined than Whites for celebratory shows of arrogance, or in 

certain instances, for reliance on coping mechanisms like performance enhancing drugs. As the 

Preface table shows, infractions that involve substance abuse or performance enhancing drugs 

are included in the unsportsmanlike category. In reality, because use of these prohibited 

substances is likely motivated by the mental and physical strains of high-level competition and 

persistent physical trauma, they could be included in either category. Regardless of how they are 

interpreted, using these substances ultimately represents some form of response to either bodily 

damage or the need to maintain a physically competitive edge in an increasingly physical sport. 

 This claim finds additional support in results on fine magnitude that present a statistically 

significant effect of race on fines given for aggressive penalties but not for unsportsmanlike 

penalties. As stated previously, aggressive infractions like a late hit or fighting provide a much 

wider spectrum for opinions on severity. Results on the effect of race on fine magnitude when 

focusing on aggressive penalties show that fines given to Black athletes are 15 percent higher 

than those given to Whites. Additionally, significant results of the Heckman model provide 

further evidence that Blacks are being disproportionately punished with higher fines for 

aggressive play. Coefficients on positions played predominantly by Black athletes in the 

selection model are the coefficients with the strongest effect on fine magnitude. The offensive-

line position, for example, that is far more evenly represented by both races, is omitted from the 

analysis for comparison and implies through the coefficient on defensive-lineman that the 

defensive variation of the position receives significantly higher fines. While these positions are 

similar, the defensive-line position, played overwhelmingly by Black athletes, requires attacking, 

while the offensive variation requires defending. 
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Finally, while coefficients on Black were not significant in any of the final three Heckman 

selection models, there is some evidence to support the conclusion that Black athletes are more 

likely to be fined for a second offense than Whites. Results on infractions of both types show that 

disparities in this probability are largely explained by market processes such as experience, 

games started, and the position being played. However, the potential for feedback from market 

discrimination that affects the position choices of young athletes certainly exists and is reflected 

in the stark overrepresentation of Black athletes in the most damaging positions. Yet, even after 

controlling for the position being played and the season of play, Black athletes are still more 

likely to receive a second fine for an infraction that is unsportsmanlike. This result appears in the 

fourth model of Table 9 that estimates the effect of race, using year and positional fixed effects. 

While this seemingly robust result is not reflected in the Heckman model, it is important to 

recognize the limitation of basic instruments that do not effectively isolate the sample of interest. 

Nevertheless, results from preceding regressions that do not include the selection are consistent 

with the fact that Black athletes are overrepresented in the most physically trying positions, 

which potentially motivate greater arrogance and a reliance on banned substances. 

It is worth noting that in almost all cases where indicators of discrimination are insignificant, 

positional dummy variables explain much of the difference. A clear pattern emerges in which 

Black athletes are allowed to damage their bodies through overrepresentation in specific 

positions such that reliance on banned substances itself becomes disproportionate. The result is a 

racial disparity in the number of unsportsmanlike conduct fines given to athletes that parallels 

higher fine values for aggressive play. Thus, Blacks are not only being fined for superior athletic 

ability in defensive positions that sometimes translates to overtly aggressive play, they are also 
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being disproportionately punished with higher fine values for unsportsmanlike infractions that 

likely stem from attempts to maintain this level of superiority. 

Taken together, results seem to convey a startling reality that permits equal shows of 

violence and aggressive play among all athletes but differentially punishes shows of excellence 

and success. Additionally, opportunities that exist to differentially fine athletes for similar 

infractions are taken full advantage of. And though results from the effect of race on the 

probability of committing a second offense are inconclusive, evidence presented above could 

serve as a benchmark for future studies that include effective selections. Regardless, results 

conclusively show that the process of fining athletes for playing an inherently violent sport is an 

ineffective deterrent and empirically shown to disproportionately punish Blacks. And though this 

study lacks evidence to support aspects of calculated and racially motivated processes in the 

NFL, future studies may choose to take on the endeavor. This author believes that a study 

focused on racial disparities in the calculated abuse of banned substances is absolutely necessary 

for a complete understanding of structural differences in the NFL that may be racially motivated. 
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Appendix A 

Effect of Race on Probability of Being Fined 
Year and Positional Fixed Effects Models 

 (1) (2) (3) 
VARIABLES Fined Aggressive Unsports 
Black 0.00132*** 5.65e-05 0.00117*** 
 (0.000457) (0.000342) (0.000164) 
Other 0.000682 -0.000289 0.00156** 
 (0.00144) (0.000865) (0.000677) 
Year1==2 -0.000419* -0.000337* -1.22e-05 
 (0.000251) (0.000188) (0.000277) 
Year1==3 0.00276*** 0.00180*** 0.000671* 
 (0.000507) (0.000225) (0.000367) 
Year1==4 0.00270*** 0.00184*** 0.000611** 
 (0.000371) (0.000215) (0.000242) 
Year1==5 0.00259*** 0.00115*** 0.00130*** 
 (0.000553) (0.000406) (0.000288) 
AGE -0.000317 -1.13e-05 -0.000321*** 
 (0.000200) (0.000122) (0.000116) 
Private 0.000768* 0.000327 0.000342 
 (0.000445) (0.000421) (0.000368) 
Log_Median 0.000115 -7.48e-06 0.000190 
 (0.000427) (0.000413) (0.000149) 
Math Score -7.01e-06** -3.77e-06* -2.44e-06** 
 (2.98e-06) (2.20e-06) (1.20e-06) 
Experience 0.000424* 4.32e-05 0.000385*** 
 (0.000227) (0.000125) (0.000121) 
Same Race -0.000557 -0.000741*** 0.000296 
 (0.000396) (0.000230) (0.000234) 
Games Started 0.000345*** 0.000276*** 1.56e-05 
 (2.96e-05) (1.37e-05) (1.83e-05) 
QB 0.000518*** -0.000632*** 0.00114*** 
 (0.000122) (6.29e-05) (0.000121) 
TE -0.000154 -0.000638*** 0.000405*** 
 (0.000130) (7.56e-05) (6.30e-05) 
RB 5.92e-05 -0.000177 2.08e-05 
 (0.000224) (0.000146) (8.37e-05) 
LB 0.00332*** 0.00319*** -8.17e-05 
 (0.000213) (0.000204) (5.33e-05) 
DL 0.00383*** 0.00367*** -0.000121** 
 (0.000243) (0.000230) (6.16e-05) 
CB 0.000724*** 0.00119*** -0.000417*** 
 (0.000267) (0.000243) (5.61e-05) 
S 0.00517*** 0.00498*** -4.24e-05 
 (0.000339) (0.000327) (4.88e-05) 
ST -0.000471 2.03e-05 -0.000378* 
 (0.000439) (0.000265) (0.000198) 
WR 0.00189*** 0.000170 0.00106*** 
 (0.000291) (0.000146) (0.000101) 
Observations 191,860 191,860 191,860 

Figures give the change in probability of being fined for a change in race from 0 to 1 
Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 
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Appendix B 

Effect of Race on Fine Magnitude 
Heckman Selection Models 

 (1) (4) (7) 
VARIABLES 
 

Ln(Fine) 
All 

Ln(Fine) 
Aggressive 

Ln(Fine) 
Unsports 

    
Black 0.232 0.144* -0.433 
 (0.167) (0.0820) (0.392) 
Other 0.000786 -0.0775 -0.569 
 (0.226) (0.135) (0.533) 
AGE    
    
Year1 0.0290 0.0815*** -0.0547 
 (0.0511) (0.0301) (0.0850) 
Math Score    
    
Experience 0.0405*** 0.0190** 0.0373 
 (0.0137) (0.00799) (0.0327) 
Same Race    
    
Games Started -0.0622*** 0.0255 -0.106*** 
 (0.0226) (0.0181) (0.0145) 
QB -0.327 0.0870 -1.256** 
 (0.263) (0.212) (0.506) 
TE 0.169 -0.00430 -0.176 
 (0.239) (0.185) (0.442) 
RB -0.0194 0.257* -0.344 
 (0.204) (0.149) (0.385) 
LB 0.0865 0.521*** 0.350 
 (0.218) (0.165) (0.351) 
DL 0.118 0.527*** 0.830** 
 (0.235) (0.179) (0.353) 
CB 0.0307 0.319** 0.379 
 (0.184) (0.129) (0.428) 
S 0.208 0.707*** 0.283 
 (0.268) (0.202) (0.384) 
ST -0.670* -0.103 -1.148 
 (0.387) (0.262) (0.758) 
WR -0.202 -0.117 -0.987** 
 (0.199) (0.122) (0.390) 
Constant 9.395*** 6.440*** 15.43*** 
 (2.787) (1.746) (3.816) 
    
Observations 191,860 191,860 191,860 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1	  
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Appendix C 

Effect of Race on Probability of Second Offense 
Year and Positional Fixed Effects Models 

 (1) (2) (3) 
VARIABLES Fined2 Agg2 Un2 
    
Black 0.00252 -0.000777 0.00252* 
 (0.00552) (0.00464) (0.00136) 
Other 0.0103 -0.000411 0.0244 
 (0.0144) (0.00684) (0.0247) 
Year1==2 -0.00692** -0.00525*** -0.000190 
 (0.00271) (0.00189) (0.00166) 
Year1==3 0.00264 0.00310 -0.000843 
 (0.00536) (0.00399) (0.00130) 
Year1==4 0.000577 0.000603 -7.48e-05 
 (0.00392) (0.00211) (0.00130) 
Year1==5 0.00582 0.00326 0.00164 
 (0.00422) (0.00328) (0.00136) 
AGE 0.00142* 0.000683* 0.000334 
 (0.000852) (0.000367) (0.000562) 
Private 0.00251 -0.000377 0.00198 
 (0.00456) (0.00310) (0.00204) 
Log_Median 0.00258 5.79e-06 0.00180 
 (0.00191) (0.00166) (0.00118) 
Math Score -4.77e-06 1.88e-06 -4.29e-06 
 (3.20e-05) (1.96e-05) (8.82e-06) 
Week 0.000188 -0.000178 0.000359*** 
 (0.000172) (0.000158) (0.000132) 
FineWeek -0.000557*** -0.000423** -6.63e-05 
 (0.000194) (0.000166) (8.89e-05) 
Experience -0.000738 -0.000109 -0.000261 
 (0.000933) (0.000405) (0.000638) 
Same Race 0.00116 0.000169 0.000722 
 (0.00251) (0.00214) (0.00152) 
Games Started 0.000953*** 0.000701*** 9.47e-05*** 
 (8.95e-05) (8.44e-05) (3.55e-05) 
QB 6.41e-05  0.00593** 
 (0.00195)  (0.00242) 
RB 0.0419*** 0.00930* 0.0178** 
 (0.0127) (0.00547) (0.00708) 
LB 0.0239*** 0.0143*** 0.00470** 
 (0.00620) (0.00475) (0.00208) 
DL 0.0272*** 0.0192*** 0.00342* 
 (0.00728) (0.00615) (0.00183) 
CB 0.0208*** 0.0160** 0.00303 
 (0.00765) (0.00642) (0.00227) 
S 0.0299*** 0.0213*** 0.00344 
 (0.00888) (0.00749) (0.00211) 
WR 0.0200** 3.46e-05 0.0123** 
 (0.00840) (0.00288) (0.00479) 
    
Observations 7,862 7,624 7,862 

Figures give change in probability of being fined for a change in race from 0 to 1 
Robust standard errors in parentheses 

*** p<0.01, ** p<0.05, * p<0.1	  


