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Abstract 
Professional athletes are a scalable occupation that potentially allows them to 
make money without an equivalent increase in labor and time because they 
become celebrity influencers. Earnings above medians of scalable occupations 
show considerable variation because the right tail of their distributions decays 
as a power law. This fact implies that professional athletes’ labor markets are 
of the winner-take-all type. We take data from Forbes magazine of the 
world’s top 100 highest-paid athletes from 2012 to 2020 and calculate Pareto 
exponents by ordinary least squares and maximum likelihood. We find we 
cannot dismiss their distribution of earnings following a power law. This re-
sult means we cannot explain the mega-earnings of the highest-paid athletes 
by merit in sports alone. 
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1. Introduction 

Some complain that college professors are underworked and overpaid, but few 
care about the earnings of professional footballers. However, thinking that the 
highest-paid soccer players live up to their effort on the pitch may be misleading. 
For example, Neymar was ranked fourth in the 2020 Forbes list of the world’s 
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100 highest-paid athletes despite taking part in only ten matches in 2019. So we 
have reason to suspect his earnings do not depend only on effort on the pitch. 
His earnings come from a “celebrity influencer” rather than a “professional ath-
lete.” We can say the same for other top athletes. For this reason, we consider a 
Forbes list of top athletes from different labor markets because their earnings come 
from occupations that have something in common—they are “scalable” [1]. 

Occupations where one is paid by the hour are not scalable, whereas scalable 
occupations allow one to make money without an equivalent increase in labor 
and time. Non-scalable occupations present low earnings variance, which is high 
for scalable ones [1]. For example, physicians all have a comparable good life, 
but not book authors. In this market, J.K. Rowling earned $92 million over 
2018-19, James Patterson made $70 million, and Michelle Obama earned $36 
million; the great majority of other authors earned almost nothing. According to 
Forbes magazine, Neymar’s net worth comes not only from his club salary. Var-
ious endorsements (61 percent of his pay) make him earn more money off the 
pitch than on it. He also has investments and is a marketing heavyweight in a 
country where he is an idol to 200 million. 

Professional athletes are a scalable occupation where earnings above medians 
show significant differences because the right tail of their distributions decays as 
a “power law” [1]. A quantity follows a power law when the probability of ob-
taining a particular value varies inversely as a power of that value. So a power 
law is a relation between two quantities where a relative change to one produces 
a relative proportional change to the other, regardless of the initial values. Power 
laws appear widely in physics, biology, and economics. For example, Vilfredo 
Pareto first found a power law when studying the distribution of wealth, where 
the number of people y with wealth x≥  is distributed as y x α−= , with the 
“Pareto exponent” 1.5α ≈ . Subsequently, power laws have been discovered, 
and Pareto exponents have been calculated for phenomena ranging from forest 
fires and earthquakes to mass extinctions of species and stock markets [2] [3]. 

A tournament effect is suggested to explain that someone who is slightly more 
talented than the second-place finisher wins it all. Book lovers prefer to read J.K. 
Rowling for $10.99 to some unknown author for $1.99 [4]. Executive pay varies 
in direct proportion to the growth of market capitalization of a firm. However, 
because a power law governs this growth, minimal dispersion in CEO talent can 
lead to significant pay differences. CEO compensation grew sixfold between 
1980 and 2003, following the power law in the market capitalization growth of 
their firms [5]. Differences in talent and effort explain that some earn more than 
others, but labor markets translate such differences into much more significant 
earnings differences. As a result, earnings distributions follow a power law. 

Moreover, right-skewed earnings distributions can be generated when there is 
no difference in talent at all, in the presence of network externalities created by 
being a “fan” [6], or by luck alone [7]. 

A winner-take-all market can also result from blind luck due to the “Matthew 
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effect.” Someone writes an academic paper quoting 50 authors of equal merit. 
Another researcher cites three of those 50. Because many cite references without 
reading the original work, a third researcher reading the second paper selects the 
three references for her citations. And so on. Those three authors will have a 
cumulative advantage through more and more citations, and thus their academic 
success ends up partly as a lottery. This circumstance refers to the Matthew ef-
fect: “the rich get richer, and the poor get poorer” [8]. 

Thus, the winner-take-all characteristic of professional athletes’ labor markets 
can be explained deterministically or stochastically. In both cases, the earnings 
distribution follows a power law. The existing literature weights the role of talent 
and luck in success and points to two formulas: 1) success = talent + luck, and 2) 
great success = a little bit more talent + a lot of luck. (See a discussion in Chapter 
17 of ref. [9].) However, disentangling talent from luck in winner-take-all mar-
kets is hard work. Despite this “fair reward problem” [10], one thing is sure: The 
winner-take-all characteristic of labor markets—as revealed by the fingerprints 
of a power law—means skill alone cannot explain the high pay of top athletes 
[6]. 

To assess whether the earnings distribution of professional athletes follows a 
power law, we take data from Forbes magazine of the world’s top 100 high-
est-paid athletes from 2012 to 2020 and calculate Pareto exponents using two al-
ternative methods: ordinary least squares (OLS) and maximum likelihood (ML). 
We find we cannot dismiss a power law. 

2. Data and Methods 

We take the data from The World’s Highest-Paid Athletes available at 
https://www.forbes.com/athletes/list/. We consider data from 2012 to 2020 be-
cause we wished to consider the top 100 athletes, and previous lists consider only 
the top 50. Kurt Badenhausen from Forbes magazine kindly sent us the data for 
2016 because the link was broken at the time of our study. Our dataset is availa-
ble at https://doi.org/10.6084/m9.figshare.14057948. 

We employ the two most popular methods to find the Pareto exponent 𝛼𝛼. 
The first estimates the power law by OLS [11]: 
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describes the heaviness of the right tail, with smaller values pointing to a heavier 
tail. 

3. Results 

Table 1 presents the OLS estimates. We can retrieve a power law for every year 
from the results, for example, ( ) 2.484.65ranki i me x x −≈  for 2020. Log-log plots 
of power laws give rise to straight lines, like those in Figure 1 for each year of 
the sample. The vertical axis represents log (rank – 1/2), and the horizontal axis 
measures log (earnings/lowest bound on earnings). The high R2 values in Table 
1 suggest that we cannot dismiss the power-law model. 

 
Table 1. OLS estimates (Equation (1)). 

 α  S.E. a S.E. R2 

2012 2.88 0.0337 4.71 0.0172 0.987 

2013 2.92 0.0391 4.79 0.0205 0.983 

2014 2.67 0.0374 4.63 0.0197 0.981 

2015 2.17 0.0405 4.44 0.0237 0.967 

2016 2.89 0.0461 4.63 0.0224 0.976 

2017 3.13 0.0349 4.60 0.0155 0.988 

2018 2.27 0.0293 4.47 0.0168 0.984 

2019 2.50 0.0449 4.56 0.0243 0.969 

2020 2.48 0.0438 4.65 0.0250 0.970 

Pooled data 2.57 0.0176 4.57 0.0093 0.960 

Note: all p-values in the testing of null coefficients are less than 0.0001. 
 

 
Figure 1. Power laws for the earnings distributions of the top 100 highest-paid athletes from OLS 
estimates. Vertical axis: log (rank – 1/2); horizontal axis: log (earnings/lowest bound on earnings). 
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Figure 2 depicts an overall fit by pooling the datasets from 2012 to 2020 with 
R2 = 0.960 (the bottom row in Table 1). The straight-line refers to a general OLS 
Pareto index of 2.57 (S.E. = 0.0176) and an intercept of 4.58 (S.E. = 0.0094). 
Therefore, we can interpret it as an average for the years 2012-2020. 

Table 2 shows the ML estimates, and Figure 3 displays the dispersion be-
tween the OLS and ML estimates. The overall ML estimate of the Pareto index is 
2.64 with S.E. = 0.0883. The estimated slope between the OLS and ML dispersion 
is 0.994 ± 0.035; thus, we can conclude that both estimates are generally equiva-
lent (Figure 3). 

 

 
Figure 2. Power law for the pooled rescaled earnings distributions of the top 
100 highest-paid athletes from OLS estimates. Vertical axis: log (rank – 1/2); 
horizontal axis: log (earnings/lowest bound on earnings). 

 
Table 2. ML estimates of the Pareto exponent (equation (2)). 

 
2012 2013 2014 2015 2016 2017 2018 2019 2020 Pooled 

data 

n 100 100 100 100 100 100 100 100 100 900 

α̂  2.62 2.47 2.62 2.62 2.83 3.16 2.63 2.63 2.39 2.64 

S.E. 0.2624 0.2471 0.2621 0.262 0.2833 0.3163 0.2632 0.2628 0.239 0.0883 

Note: ˆS.E. nα= . 

 

 
Figure 3. OLS estimate vs. ML estimate. The straight-line ML OLS0.994α α=  
with S.E. = 0.03 suggests that ML OLSα α= , as least statistically. 
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4. Conclusion 

Top professional athletes become celebrity influencers, and this is how their oc-
cupations reveal to be scalable. We take data from Forbes magazine for the top 
100 highest-paid athletes from 2012 to 2020 to study their earnings distributions. 
We find that the right tail of the distributions follows a power law. We calculate 
the Pareto exponents of the power laws using two alternative methods, ordinary 
least squares and maximum likelihood. We find that the estimates from both 
methods are generally equivalent. The overall OLS Pareto index = 2.57 (S.E. = 
0.0176) and the overall ML Pareto index = 2.64 (S.E. = 0.0883). This power law 
attests to winner-take-all labor markets and thus large differences in earnings. 
Most important, it also means we cannot explain the mega-earnings of the high-
est-paid athletes by merit in sports alone. That is because much of the money 
comes from endorsements, not just a playing contract. So future research should 
pay attention to the dynamics of such endorsements, which reveals the circums-
tances of an athlete becoming a celebrity influencer. 
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