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Abstract

In this paper, I examine the relationship between a professional
sports team’s salary distribution and its performance. I first develop a
simple model of a team’s salary distribution and then using data from
the period covered by the recent Collective Bargaining Agreement be-
tween players and owners in the National Hockey League, I examine
the relationship between a team’s salary distribution and its winning
percentage. Using a variety of estimators and a variety of measures to
describe the distribution of player salaries on a team, I find that teams
with higher relative payrolls and lower salary inequality have higher
winning percentages. I also find evidence of a superstar effect, in that
teams with a higher maximum player salary have higher winning per-
centages. The results are sensitive; however, to the particular measure
of salary inequality used and the endogeneity of the salary distribution.

∗Professor, Department of Economics, Faculty of Business and Economics, the University
of Winnipeg, Winnipeg, Manitoba, Canada. I would like to thank Paul Kornelsen, an
MBA graduate in Sport Management from Gonzaga University, for his excellent research
assistance. I would also like to thank Thomas Peeters for introducing me to the salary
dispersion literature. The usual caveat applies.

1



1 Introduction

The relationship between a team’s salary distribution and its performance has
been a growing area of research in academic studies of professional sports. A
number of researchers have examined whether the salary structure of a team
has an effect on its on field success. These studies have examined a number
of major professional sports, including basketball, football, baseball and ice
hockey.1 This research builds on the more general issue of the relationship
between salary inequality and productivity that has been examined in the
general labour economics literature.

There are essentially two competing hypotheses regarding the relationship
between a team’s salary distribution and its performance that currently exist in
the literature. One view is that a wide variation in salaries may enhance team
performance. Two arguments are put forth in support of this proposition. The
first is based on the idea that a wide variation in team salaries may provide
incentives for employees or players to put out greater effort to obtain these
higher salaries. This idea was first put forth by Lazear and Rosen (1981) and
is referred to as the tournament literature. The second argument is that a
wider range of salaries may be a feature of a ”superstar” effect as outlined by
Rosen (1981). In this case, the nature of the sport may be such that a wide
variation in salaries, as a result of one or more highly paid superstars, can
have an extraordinary impact on a team’s success.2

The second view is that greater salary inequality may lead to lower produc-
tivity, especially if cooperation between players (or workers) is an important
feature of the production function. This view has been out forth by Levine
(1991). That a narrower range in salaries might enhance productivity has also
been argued by Akerlof and Yellen (1988).

There is perhaps a third view regarding the relationship between a team’s
salary distribution and team performance that can be considered, which is
related to the superstar explanation. This view might be called the optimal
”constrained salary distribution” and reflects the fact that most professional
sports teams must operate within a team payroll constraint, either set by
the owners of the team, or a league enforced payroll cap. Given this budget
constraint, the management of the team must decide on the allocation of the

1For good overviews of this research see Simmons and Berri (2011) and Katayama and
Nuch(2011).

2Examples include Lebron James in basketball, Sidney Crosby in hockey, Peyton Man-
ning in North American football, Lionel Messi in soccer, and Miguel Cabrerra in baseball,
to name a few. In a number of professional sports, highly paid superstars can be used
intensively, as measured by minutes played per game.
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salary budget between player types. One possibility is that the team employs
players of the same ability and hence would have little or no salary dispersion
on the team. Another possibility is that the team hires one or more superstars
and fills out the roster with a set of average ability types, and a few lower
ability types. This would result in a significant salary dispersion on the team.

It is clear that the nature of the professional sport might dictate which type
of salary distribution is more conducive to winning. Some sports might have a
weakest link feature, in that teams with substantial variation in abilities might
have a more difficult time winning. Other sports may allow for a substantial
variation in abilities and salaries on a team, with even the more successful
teams having a considerable salary dispersion.3

This paper examines the relationship between a team’s salary distribution
and team performance in the context of a professional sports league. This
paper differs in a number of ways from the existing sports league literature
examining this issue. First, I develop a simple model of a team’s salary distri-
bution based on the relationship between salary inequality and team perfor-
mance. Here I focus on the technical relationship between player types, team
performance and winning percentage. Second, I use a number of alternative
measures of salary inequality, in addition to the standard measures of inequal-
ity used in other papers. For example, I consider the variance (variance), the
coefficient of variation (cv), the Gini coefficient (gini) and the Theil inequality
(theil) measures to describe the salary distribution on a team. Third, I test
for the possible endogeneity of a team’s salary distribution by using a num-
ber of instrumental variable estimators, which has not been examined in the
previous literature. The reason for examining the possible endogeneity of a
team’s salary distribution, is that while a team’s management might face a
fixed salary budget, it has the ability to allocate the given team payroll be-
tween different player types. The endogeneity of a team’s salary distribution
is based on the idea that the general manager of the team would be expected
to have control over the salary structure in putting together their respective
teams. While the general manager might be operating within a payroll con-
straint, the allocation of the available payroll between player types is a key
role for managers.

The results of the paper may be summarized as follows. Using a number
of estimators, I find that teams in the National Hockey League with higher
relative team payrolls and higher maximum player salaries, have higher win-

3This view has been put forth by Frick et al. (2003) who suggest that the difference
in results regarding the relationship between a team’s salary variation and winning might
reflect the differences in the degree of cooperation that is required between players in the
various sports.
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ning percentages. I also find that a number of standard measures of inequality
often used in the literature, the Gini coefficient and the Theil inequality mea-
sure provide some support for the proposition that teams with more equal
salary distributions have higher winning percentages. The results are sensi-
tive; however, to the particular measure of salary inequality considered and
the endogeneity of the salary distribution. These results suggest that at least
for professional hockey, successful teams might employ one or two highly paid
superstars, with the remainder of the roster filled out with players of average
ability and perhaps a few fringe players.

This paper is organized as follows. Section 2 summarizes some recent
work that examines the relationship between a professional sport team’s salary
distribution and its on field performance. Section 3 outlines a simple model of
a team’s salary distribution. In Section 4, I describe the data set which is from
a period covered by 2005 Collective Bargaining Agreement between the NHL
owners and the NHLPA (The National Hockey League Players’ Association).
In section 5, I outline the empirical model that addresses the issue of a team’s
salary dispersion its winning percentage. It also includes a brief discussion of
the results. Section 6 summarizes the key contributions of the paper.

2 Salary Distribution and Team Success

The principal hypotheses regarding the relationship between a team’s salary
distribution and its success as measured by its winning percentage have been
examined in a number of recent papers. Simmons and Berri (2011) test a num-
ber of alternative theories regarding the relationship between wage or salary
dispersion and performance using data from the National Basketball Associ-
ation. They compare the theory of Levine (1991) that a more compressed
salary structure can enhance performance, with that of the tournament lit-
erature of Lazear and Rosen (1981) and Rosen (1986) that a pay structure
that is hierarchical can increase incentives for performance.4 Using a model to
predict salary inequality by performance to distinguish between justified and
conditional pay inequality, they find no evidence that conditional pay inequal-
ity affects team performance, but justified pay inequality has a positive effect
on player performance in the NBA. They conclude that this provides support

4Related to these papers is Rosen (1981) who outlined the superstar effect, and Akerlof
and Yellen (1985) who emphasized the fairness issue regarding salaries.
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for the tournament theory literature.5

Katayama and Nuch (2011) use game-level panel data from the National
Basketball Association (NBA) to examine the causal effect of within-team
salary dispersion on team performance. Using a variety of measures of salary
dispersion, they examine whether the outcome of the game is influenced by
salary dispersion among active players, regular and occasional players as well
as the entire player population. They find that regardless of the measures used
that salary dispersion does not influence team performance.6

There are also a few studies that examine the relationship between a team’s
salary distribution and team performance using data from the National Hockey
League (NHL). Sommers (2001), using data from the 1996-97 season for the
26 teams in the NHL, finds that a higher average team salary and a lower
value of a team’s Gini coefficient leads to higher points earned by a team in
the NHL.7

Frick et al. (2003) estimate a win percentage model for the four major
professional sports leagues in North America, the NBA, the MLB, the NHL
and the NFL. Using as regressors, the number of players on a team, the log of
the team’s payroll, the team’s Gini coefficient, as well as a vector of team and
time dummies, they find the relationship btween a team’s winning percentage
and its salary inequality vary by sport. Higher inequality, as measured by the
team’s Gini coefficient, increases a team’s winning winning percentage in the
NBA, but lowers a team’s winning percentage in MLB. While the impact on
wage inequality on winning percentage is positive for the NHL, and negative for
the NBA, the coefficients are not significant at the standard levels of statistical
significance.8 Frick et al. (2003) suggest that the variation in results reflects
the differences in the degree of cooperation that is required between players in
the various sports.

5The distinction between conditional pay inequality and justified pay inequality, is clearly
related to competitive nature of the market for players. One possibility is that the player
market is competitive (absent a collective agreement), suggesting a player is paid his or her
marginal revenue product. The other possibility is that teams have some monopsony power
either due to their location or as a result of a Collective Agreement. In that case, there may
be a difference between a player’s marginal revenue product and salary, which is reflected
in a salary saving for a particular team. Alternatively, there may be variations in a player’s
performance, so depending on when a player’s productivity and salary are measured, there
may be a discrepancy between actual productivity and salary.

6They also provide a nice summary of studies examining the effect of salary dispersion on
team performance for a number of US professional sports, Katayama and Nuch (2011:1194).

7However, the p-value associated with the Gini coefficient is .09 on the borderline of the
10% minimum value often used for statistically significance.

8The coefficients are not statistically significant at the weakest p value of .1.
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Marchand et al. (2006) examine the relationship between salary distri-
bution and performance for the National Hockey League (NHL) using data
from 2000-01 season to the 2003-04 season. They consider both the effect of
salary inequality on team performance using end-of-season team outcomes and
the relationship between salary inequality and the distribution of individual
performance and teamwork by players on a given team. They find a positive
relationship between salary inequality and performance, which they attribute
to a star effect in the upper-half of the salary distribution, rather than by a
journeyman effect in the lower-half. They conclude that buying a key player
(superstar) at a high salary produces good results according to the measures
of performance they consider.

Finally, Kahane (2012) also examines the issue of salary dispersion and
team performance using data from the National Hockey League.9 Using a
variety of measures of team performance, Kahane estimates the relationship
between the standard deviation of salary residuals for players on teams, and
the performance of the respective team. He finds some evidence that the
lower the standard deviation of salary residuals, or the lower the interquartile
salary residuals, the higher is a team’s winning percentage or points. Kahane
(2012) suggests that using conditional measures of salary dispersion strongly
supports the fairness model that lower salary dispersion leads to higher team
performance. Kahane (2012) does not consider the possibility that a team’s
salary distribution is endogenous.

3 A Model of a Team’s Salary Distribution

This section outlines a simple model of a team’s salary distribution which can
provide some context to the empirical model outlined in Section 4. This allows
one to see the factors that influence a team’s salary distribution.

In developing the model, I assume that each team has a fixed number of
players on its roster, defined as L. I also assume the team has a salary budget
constraint defined as S = wiLi + wjLj, where wi(wj) are the wage rates or
salaries of player type i(j). I assume that the team’s salary budget, S, is
either set by the team owners, or can be a team salary cap as set out by a
collective bargaining agreement.10 It is helpful to divide the salary constraint
S by the total roster constraint L, which yields the constraint s = wili + wjlj

9Kahane (2012) uses six years of data which include the 2001-2002 through the 2007-2008
NHL seasons for all 30 teams, excluding the 2004-2005 lockout season.

10In either case, I assume the constraint is binding.
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where s = S/L is the team’s budget constraint in terms of average salary (s)
and li = Li/L and lj = Lj/L are the respective fractions of the two ability
types employed by the team. I can then define si = wili and sj = wjlj as
the respective shares of the team’s salary budget allocated to the two player
types.11 As is expected li + lj = 1, or the total shares of player types sum to
1.

Given the above, I assume the problem of the team i’s general manager,
is to choose the share of player types li and lj to maximize revenues where
Ri = pWi(li, lj) and pi is the revenue per win Wi, subject to a average salary
constraint, s = wili + wjlj.

12 The shares of the player types chosen will
influence the number of wins the team can achieve and results in the respective
average salary budgets for the two types of players, si = wili and sj = wjlj.

I assume the win function can be characterized asWi = f(li)+g(lj)+h(lilj).
Furthermore, I assume that f

′

> 0, f
′′

< 0 and g
′

> 0, g
′′

< 0, that is win
percentages are increasing in the respective shares of player types i(j) but
at a decreasing rate. If h(li, lj) > 0 this indicates that the player types are
cooperative in nature.

Given the above problem the first order conditions governing the optimal
share of player types li and lj chosen are,

li : p[f
′

+ h
′

lj]− λwi = 0 (1)

lj : p[g
′

+ h
′

li]− λwj = 0 (2)

λ : s− wili − wjlj = 0 (3)

If is helpful to define the relative wage rate for type i, as w = wi/wj and
normalize the wage rate of player type j, wj = 1. I assume that w > 0 or that
player type i commands a higher wage rate based on higher ability. Equating
the two first order conditions we get [f i + h

′

lj]/w = [gi + h
′

li], if we solve for
the variation is salary shares of the two player types we get

(si − sj) = (f
′ − wg

′

)/h
′

(4)

where si = wli and sj = lj.
13 As can be seen the differences in salary shares

11As an example, suppose the team’s average salary is s = $2 million, it is possible that
li = 1/2 or that 1/2 the players are paid wi = $3 million and lj = 1/2 are paid wj = $1
million.

12The output can be wins or quality of play. For a quality of play model of a professional
sports league, see Cyrenne (2001). The output commands a price per unit of p dollars. In
a Win Model p would be the team’s revenue per win.

13Given knowledge of the specific functions, we can use (3) to solve for the specific salary
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(si−sj) spent on the respective player types depends on the respective marginal
win productivities (f

′

and g
′

), the relative wage rate w for the two player types
and the sign and size of the derivative h

′

. It is important to note that as h
′

> 0
is larger, this indicates an increase in the importance of the cooperative effect
h(li, lj) and results in a lower dispersion of team salaries by player type.

Suppose rather than the above win function, we specify the function Wi =
f(li) + g(lj) − h(lilj), with h(li, lj) < 0 and h

′

> 0. If we again equate the
two first order conditions we get [f i − h

′

lj]/w = [gi − h
′

li]. Solving for the
differences in salary levels yields

(si − sj) = (wg
′ − f

′

)/h
′

(5)

In this case, the higher the value of the derivative h
′

, the greater is difference
in salary shares devoted to the type ability types, which is now increasing in
the differences between the respective marginal productivities. This might be
seen as a diseconomies effect, similar to the result of the ”tournament” model
in which efficiency dictates increased differences in salary levels between player
types.14

To summarize, the complementary case corresponds to the cooperative
case outlined by Levine (1991), while the competitive case is similar to the
tournament case Lazear and Rosen (1981) and Rosen (1981).

3.1 Monopsony Case

Suppose instead that the wage rate facing the individual firm is a function of
the fraction of players it hires of each type, that is suppose wi = wi(li) and
wj = wj(lj) with w

′

i > 0 and w
′

j > 0.
For the cooperative case, h(li, lj) > 0 the respective salary shares are

(si − sj) = [(wjf
′

+ ljw
′

j(f
′

+ h
′

lj))− (wig
′

+ liw
′

i(g
′

+ h
′

li))]/h
′

(6)

As can be seen, team monopsony power affects the relative expenditure
shares on the two types of players. Depending on the degree of monopsony
power held by the team over the respective player types, the differences in
relative expenditure shares of the two player can be reduced or enhanced. For
example the larger is w

′

i the lower will be the quantity demanded of higher

shares, si∗ and sj∗.
14It is interesting to note that the model developed here is similar in structure to the tour-

nament model of Lazear (1995). In the tournament model, the fractions are the probability
of winning the tournament, W , while in the case examined here rather than probability, I
use fraction of player types.
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quality type players i (since increased demand for this player type on the
part of the team results in significantly higher salaries), the lower will be
the difference in salary shares between the two types of players. Increases in
monopsony power over the lower ability types, w

′

j, have the opposite effect.
For the diseconomies case, h(li, lj) < 0 the respective differences in the

salary shares are

(si − sj) = [(wig
′

+ liw
′

i(g
′

+ h
′

li))− (wjf
′

+ ljw
′

j(f
′

+ h
′

lj))]/h
′

(7)

As might be expected increases in monopsony power over player types have
the opposite effects as under the cooperative case.

4 The Data Set

The data for this paper comes from the period which was governed by the
2005 Collective Bargaining Agreement between the National Hockey League
(NHL) and the National Hockey League Players’ Association (NHLPA).15 The
Agreement emerged after the 2004-2005 season was canceled due to a lockout
on the part of the NHL owners. According to Staudohar (2005:25) there were
numerous issues that arose during bargaining including “higher player fines
for misbehavior, reducing the schedule of games, minimum salaries, playoff
bonuses for players, free agency, operation of the salary arbitration process,
and revenue sharing.” However the dominant issue according to Staudohar
was the league’s desire for cost certainty. The key issue sought by the league
was a salary cap while the Player’s Association was strongly opposed to a cap
on payrolls. The position of the Players Association was that salaries should
be determined by market conditions. Given the firmly entrenched positions
taken by the NHL and NHLPA, the result was the league announcing a lockout
on September 15, 2004, the day the previous Collective Bargaining agreement
expired.16

In total, the data set is a balanced panel of 180 observations on 30 NHL
teams over the 2005-2010 period. In order to get a sense of the magnitudes

15For an overview of the main features of 2005 Collective Bargaining Agreement, see
Cyrenne (2013).

16Staudohar (2005:25) reports that “in the early stages of negotiations, for example, the
league wanted a salary cap of $35 million per team, with the players guaranteed about 50
percent of league revenues. The union offered a rollback of 5 percent on player salaries, a
luxury tax on payrolls of more than $50 million (with money going into a revenue-sharing
pool), and a rollback on the rookie salary cap to 1995 levels.”
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of the relevant variables, Table 1 reports the summary statistics for the 2010
season.

Table 1: Summary Statistics - 2010

Variable Obs Mean Std. Dev. Min Max

winpercent 30 .5 .0846116 .3048781 .6585366
twinpercent 30 .5602667 .0808587 .378 .713
twins 30 41 6.93815 25 54
avgsalary (millions) 30 2.186564 .4049893 1.026183 2.984211
avgsalarynet (millions) 30 1.968811 .3803242 .9372303 2.727778
payroll (millions) 30 48.99186 8.326582 26.68075 61.375
payrollnet (millions) 30 42.15519 7.528831 23.43075 53.625
avgpayrollnet (millions) 30 42.15519 0 42.15519 42.15519
relpayrollnet 30 1 .178598 .5558212 1.272085
max (millions) 30 6.836667 1.503785 3.25 10
leaguemax (millions) 30 10 0 10 10
relmax 30 .6836667 .1503784 .325 1
coachwinpercent 30 .5129 .1839487 0 .701
dcoachrookie 30 .1 .3051286 0 1
draftround1 30 7.633333 1.991072 4 11
variance 30 3.765243 1.692949 .4828981 7.705003
skewness 30 1.132739 .4553301 .117555 1.869602
kurtosis 30 3.434684 1.372942 1.707733 5.891345
cv 30 .8602172 .1193909 .5763047 1.132937
gini 30 .4322933 .0488871 .30432 .52266
theil 30 .319867 .0743597 .17205 .479
meangames 30 322.3074 85.72192 186.2308 535.6364
meanage (years) 30 27.28692 1.172248 25.52174 30.45455
agecv 30 .1659754 .025057 .1119953 .2141951
teamrev (millions) 30 97.63333 29.05106 63 187

Source: Rodney Fort’s sports database(http://www.rodneyfort.com/SportsData/BizFrame.htm); NHL
Web Site (http://nhl.com); Hockey Database Website (http://www.hockeydb.com/ihdb/draft/index.html.)

As can be seen there is a significant difference in the number of wins per
season (twins) for the 30 teams in the National Hockey League.17 Regarding
the winning percentage of a team, there are two measures often used in the
sports league literature. The variable team winning percentage (winpercent)

17For reference purposes, each NHL team played a total of 82 league games over the
sample period.
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simply calculates the percentage of wins to total games. As can be seen the
mean value for winpercent is .5 as would be expected. An alternative measure,
twinpercent, is often used to take into account the number of ties, in calcu-
lating the win percentage. For example, suppose a team plays an 82 game
schedule and has 35 wins and 35 losses and 12 ties. Using the definition given
by winpercent, this would yield a team winning percentage of 42.6%=35/82.
Using the definition that adjusts for ties, where a tie is credited as 1/2 a win
yields, a twinpercent of 51.2%=42/82. In order to simplify the issue, I use the
natural log of the number of team wins (lntwins) as the dependent variable,
which yields similar results as either of these other measures.

The average player salary (avgsal) was equal to $2.186 million in 2010.
There was a significant difference in the average salary paid by teams in 2010.
The lowest average salary was $1.026 million, while the highest average salary
was $2.984 million. The average player salary net of the team’s maximum
salary (avgsalnet) was $1.968, with a range of $.937 million to $2.727.

There is also a significant difference in total team salaries (payroll) which
was $26 million for the team with the lowest payroll, and $61.3 million for
the highest, with an average payroll of $48.9 million for teams in 2010.18 The
average payroll net of the team’s maximum salary (avgpayrollnet) for teams in
2010 was $42.1 million. I also calculated the relative team payrolls net of the
maximum player salary (relpayrollnet) which ranges from .55 to 1.27. There
is also a significant difference in the maximum player salary on a team (max),
with the highest maximum salary $10 million and the lowest maximum salary
$3.25 million with an average maximum of $6.836 million.19 In addition, I
collected the career winning percentage of the coach of each team (coachwin-
percent), as well as an indicator variable if the coach was a rookie coach or
not (dcoachrookie).

Table 1 also reports the summary statistics for the measures of salary
inequality used in this paper for the year 2010. For reference purposes, Table
2 outlines the definitions and the maximum value for the measures of salary
inequality used in this paper. With respect to the variance of team salaries
in 2010, the mean value for the variance was 3.765, with the mean value for
skewness 1.1327, and the mean value for kurtosis 3.434.20 A test of normality,

18For reference purposes, the respective team salary caps for the respective years of the
CBA are the following: 05-06 $39 million; 06-07 $44 million; 07-08 $50.3 million; 08-09 $56.7
million; 09-10 $56.8 million; 10-11 $59.4 million. In general, the salary floor is fixed at $16
million below the cap. See NHL.com for details.

19The relative team maximum (relmax) is easily determined which ranges from .325 to 1,
with a mean value of .683.

20For a normal distribution, skewness is equal to 0, and kurtosis is 3.0.
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of average team salaries (avgsal) for 2010, yielded a p-value of 0.1615, which
means we cannot reject that the average salary distribution is normal.21 I also
use the coefficient of variation (cv) as a measure of inequality which is useful
as a comparison measure to the variance.

Table 2: Inequality Measures

Name Definition Maximum

Variance var= 1/n · Σi[yi − y]2 y2[n− 1]

Coefficient of Variation cv=
√
V /y

√
n− 1

Gini gini= 1/(2n2y)ΣiΣj |yi − yj | (n− 1)/n
Theil theil= 1/nΣi(yi/y)log(yi/y) log(n)

Source: Cowell (2011:155).

Regarding the Gini coefficient, the mean value is .4322 which is similar to
the value for the Gini coefficient for US incomes as a whole for 2010. (.469),
calculated by the Census Bureau.22 The final measure is the Theil index,
with the mean value for 2010 is .319. The higher the value of the coefficient
of variation (cv) and the Gini and Theil indices, the greater is the degree of
salary inequality.23

Prior to outlining the estimators used in this paper, it is useful to examine
the correlation matrix between a number of variables the regressors which is
presented in Table 3.

21The test uses is the Stata 12, sktest, which tests the joint hypothesis that the skewness
and kurtosis of the distribution are normal.

22To recall, the lower the value of the Gini coefficient the more equal are incomes (in the
distribution), with 0 corresponding to complete equality, with 1 corresponding to complete
inequality.

23For a nice introduction to the issue of measuring inequality see Cowell (1995). For a
good overview of the Theil index, see Conceição and Ferreira (2000). Both the Gini and
Theil measures were calculated using the INEQDECO Stata module developed by Stephen
Jenkins (1999) to calculate inequality indices with decomposition by subgroup. I used the
February 24, 2010 revision of this module by Jenkins.
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Table 3: Correlation Matrix

lntwins variance cv gini theil L1.lnmeanage L1.lnmeangames L1.lnteamrev L1.lnagecv
lntwins 1
variance 0.3352 1

cv 0.1349 0.6386 1
gini 0.2647 0.8095 0.9013 1
theil 0.2053 0.7859 0.9538 0.974 1

L1.lnmeanage -0.0158 0.0716 0.0555 0.1302 0.0937 1
L1.lnmeangames 0.0198 0.1615 0.1159 0.228 0.174 0.8941 1

L1.lnteamrev 0.0916 0.5457 0.2138 0.403 0.3488 0.153 0.2246 1
L1.lnagecv 0.0034 0.1513 0.154 0.1469 0.1564 0.1133 0.1461 0.0616 1
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Table 3 reports a number of key correlations. Apart from a number of
other regressors described in the following section, three types of variables are
of interest. The first is the natural log of the team’s wins (lntwins) which is
the dependent variable in the subsequent regressions. The second type are the
measures of salary dispersion, the variance, cv, gini, and theil. The third type
is the set of instrumental variables used in the instrumental variable regres-
sions. I use a number of variables as instruments, for example the coefficient
of variation of player ages on the team (agecv), the team’s revenue (teamrev),
the mean age of players on the team (meanage), and mean number of career
games played by players on the respective team (meangames).24 I take the
natural log of each of the instrumental variables and lag one period. In terms
of correlation with lntwins, it is clear from Table 3 that the instrumental vari-
ables (L1.lnmeangames), (L1.meanage), and (L1.agecv). and (L1.teamrev),
are in general uncorrelated with lntwins, but are correlated with the measures
of salary distribution, variance, cv, gini and theil.25 Thus at least in terms of
the correlation measures the set of instrumental variables seem to possess the
two characteristics required for a set of variables to be effective as instrumental
variables. Also of note, is that the measures of salary distribution are highly
correlated. For example the correlation between the Theil measure and vari-
ance measure is .78, the correlation between the Theil and CV is .95, while the
correlation of the Theil and Gini is .97.26 The CV, Gini, and Theil measures
for the 30 NHL teams for the sample period covered are illustrated in Figure
1. As can be seen, the Gini and Theil measures are highly correlated, with the
CV measure less correlated with these other measures.27.

24It is important to note that the salary component of team revenues has already been
accounted for in explaining a team’s winning percentage.

25Other inequality measures have also been used to examine the relationship between
salary distribution and performance. Kahane (2012) uses two measures, the interquartile
salary residual, and the standard deviation of team salary residuals to examine the issue.
These residuals were obtained following a regression of player salaries on a large set of
explanatory variables. The argument here is that players may respond more to perceived
salary differentials rather than actual salary differentials. These measures of residuals are
designed to capture the effect of errors in salaries received by players. The argument is
that the lower the unexplained salary residuals on a team, the greater will be the effort put
out by players, if the efforts of players is positively related to ”fairness”. See the discussion
in Kahane (2012:157) regarding the issue of conditional and unconditional relative wage
comparisons.

26Similar strong correlations exist between the other respective measures.
27The value of the cv measure is much higher than the values of the gini and theil measures,

as illustrated in Figure 1.
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Figure 1. Salary Distribution by Team
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5 Salary Distribution and Winning Percent-

age

There are a number of alternatives that can be considered in developing an
empirical model to link a team’s salary distribution and its winning percentage.
As outlined by Kahane (2012), there are two broad approaches, the first uses
measures of team skills as inputs, while the second, examines team salary data
as a proxy for team talent.28 Given the availability of comprehensive salary
data from the NHL, and the ease in interpreting the results, I adopt the second
approach which Kahane (2005) calls the market based approach.

Within the market based approach, there are a number of alternative mea-
sures that can be used as a proxy for a team’s relative skill. The first is the
relative team payroll approach as used by Kahane (2012). A second is the rel-
ative average player salary approach, that is the team’s average player salary

relative to the league average salary. A third is the difference between a team’s
average salary and the league’s average salary.29 Each of these measures have
their strength and weaknesses, but in this paper I use a variation of the first
measure used by Kahane (2012). I use the relative payroll net of the team’s
maximum salary (relpayrollnet) as a measure of the team’s relative skill. I
also include the relative maximum salary of the team (relmax) to capture the
possible role of a superstar effect on a team’s winning percentage.30

The model that is estimated is the following

ln(twins) = X
′

β + µ (8)

where the twins is the team’s total number of wins during the season X
′

contains the set of regressors which are described as follows. Similar to Ka-
hane (2012) I include the number of players drafted in the first round of the
NHL entry draft (draftround1), as an additional measure of team skill. I also
consider whether a team’s winning percentage is influenced by the historic
winning percentage of the coach (coachwinpercent). I also control for whether
the coach is in his first year as an NHL coach (dcoachrookie). Presumably
more experienced coaches may be able to get more out of a set of players with
a given average ability than say a less experienced coach or a rookie coach. I
use a number of measures of the distribution of player salaries, including the
Variance (variance), the Coefficient of variation (cv), the Gini coefficient (gini)

28Kahane (2005:51-53) discusses the relative merits of the two approaches.
29It is also possible to consider a fourth measure, the difference in team payrolls as an

variable explaining a team’s winning percentage.
30In general, there is a little qualitative difference between the three approaches.
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and the Theil coefficient (theil).31

5.1 Panel Data Estimates

The appropriate estimator for the panel data set we have depends on the
statistical properties assumed for the intercept and error term. Table 4 sum-
marizes the results for both the Fixed Effects and Random Effects estimators
for the four measures of salary inequality considered in this paper.32 Columns
(1) and (2) report the panel data estimates with the variance of team salaries
as the measure of salary inequality (variance), while columns (3) and (4) use
the coefficient of variation as a regressor (cv) with the remaining columns the
respective results for the gini and theil measures of salary inequality.

The results are similar for the Fixed and Random Effects estimators. For
all measures of salary inequality, teams with higher relative net payrolls (rel-
payrollnet) have a higher winning percentage.33 For two inequality measures,
the cv and theil, teams with a higher relative maximum player salary (relmax)
and a lower measure of salary inequality have higher winning percentages.34

The remaining regressors, for example the number of players drafted in the
first round (dround1), the coach’s lifetime winning percentage (coachwinper-
cent), or whether the team had a rookie coach (dcoachrookie) have p-values
greater than .05, suggesting they were not statistically significant according to
the standard measure.

31I also include for reference purposes additional measures of dispersion, for example, the
skewness (skew) and kurtosis (kurtosis). Each of the measures of dispersion have particular
features which are outlined in great detail by Cowell (2011).

32In all cases, the standard estimates are adjusted for the possible correlation of errors at
the team level, using the cluster option in STATA 12.

33The results of the Hausman test whose null hypothesis (Ho) is that the difference in
coefficients between the Fixed and Random Effects estimates are not systematic, are avail-
able on request. In general, the respective calculated test statistic results in a rejection of
the null hypothesis, which supports the use of the fixed effects estimates for the various
inequality measures.

34I also used as measures of salary inequality, the interquartile salary residual and the
standard deviation of team salary residuals as regressors. These residuals were obtained
following a regression of player salaries on a large set of explanatory variables. For both
measures, the coefficients were not statistically significant for the sample period examined
in this paper.
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Table 4: Wins and Salary Distribution - Panel Data Estimates

(1) (2) (3) (4) (5) (6) (7) (8)
varfe02 varre02 cvfe02 cvre02 ginife02 ginire02 theilfe02 theilre02

lnrelpayrollnet 0.3749*** 0.3626*** 0.2770** 0.2689** 0.3765** 0.3654*** 0.3524** 0.3409***
(0.001) (0.000) (0.009) (0.002) (0.001) (0.000) (0.002) (0.000)

lndraftround1 -0.0263 -0.0296 -0.0162 -0.0276 -0.0260 -0.0314 -0.0247 -0.0329
(0.561) (0.434) (0.713) (0.452) (0.581) (0.420) (0.586) (0.376)

lnrelmax 0.1041 0.0899 0.2961* 0.2799* 0.1414 0.1318 0.2129* 0.1996*
(0.203) (0.245) (0.017) (0.013) (0.167) (0.176) (0.031) (0.029)

dcoachrookie -0.0488 -0.0187 -0.0279 -0.0028 -0.0407 -0.0138 -0.0381 -0.0122
(0.327) (0.671) (0.665) (0.961) (0.449) (0.774) (0.503) (0.810)

coachwinpercent -0.0310 0.0271 0.0169 0.0602 -0.0134 0.0386 0.0038 0.0489
(0.763) (0.777) (0.872) (0.543) (0.899) (0.696) (0.970) (0.605)

variance -0.0045 -0.0026
(0.782) (0.857)

cv -0.4535* -0.4162*
(0.039) (0.031)

gini -0.3522 -0.3303
(0.427) (0.406)

theil -0.5476* -0.4948*
(0.049) (0.040)

cons 3.8350*** 3.7973*** 4.2629*** 4.2207*** 3.9794*** 3.9476*** 4.0250*** 3.9928***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

N 180 180 180 180 180 180 180 180
r2(overall) 0.2070 0.2108 0.2308 0.2352 0.2103 0.2133 0.2189 0.2226
r2(between) 0.2119 0.2232 0.2047 0.2169 0.2153 0.2243 0.2060 0.2166
r2(within) 0.2051 0.2040 0.2493 0.2481 0.2084 0.2076 0.2284 0.2274
sigma(u) 0.1052 0.0900 0.1061 0.0948 0.1050 0.0935 0.1058 0.0942
sigma(e) 0.1521 0.1521 0.1478 0.1478 0.1517 0.1517 0.1498 0.1498
theta 0.4323 0.4630 0.4477 0.4553

p-values in parentheses: * indicates p value less than .05; ** p value less than .01; *** p value less than .001

18



As a check of robustness, a couple of alternative specifications were consid-
ered. One specification adds both the average payroll of the league (lnavgpay-
rollnet) and the league salary maximum (lnleaguemax) to the set of regressors
used in Table 4. This is designed to control for the trend in average payroll
and league player maximums over the sample period. The second, uses the
average net payroll of teams (lnpayrollnet) and the league’s average net pay-
roll (lnavgpayrollnet) rather than lnrelpayrollnet as a regressor and the team’s
max salary (lnmax) and the league maximum salary (lnleaguemax) are used
in place of the lnrelmax regressor.35 The results for these alternative speci-
fications are identical which is not surprising given the respective functional
forms. The results for these alternative specifications mirror those underlying
Table 4, with very similar R-squared measures.36

5.2 Instrumental Variable Estimates

The above estimators assume that the salary distribution as captured by the
various inequality measures is exogenously determined. It is possible that
the measure of salary distribution, say xj in the vector of regressors Xi for
the model (13) is endogenous, that is Cov[xj, u] 6= 0, which means the OLS
estimator will be inconsistent.

In this section, I test the assumption that the salary distribution measures
are exogenous, by taking an instrumental variable approach, to first derive IV
estimates, and then perform standard statistical tests to determine whether
the regressors that describe the salary distribution are exogenous. I also test
whether the overidentification restrictions, which results from having more
instrumental variables than endogenous regressors, are valid.

In terms of instrumental variables, I looked for variables which were highly
correlated with the salary distribution measures xj, but uncorrelated with the
error term in the structural equation u. While in principle most variables
determining the salary distribution could conceivably effect a team’s success, I
concentrate on a number of variables, for example the coefficient of variation of
player ages on the team (agecv), the team’s revenue (teamrev), the mean age
of players on the team (meanage), the ln of number of career games played
by players on the respective team (meangames). I take the natural log of
each variables and lag one period, to ensure they are not contemporaneously
correlated with the error term in equation (8), the equation of interest. Table

35I also considered using the average maximum player salary in the league (lnavgmax),
but the results were very similar the results reported in Table 4 as to be expected.

36The results for both the Fixed Effects and Random Effects estimators for these alter-
native specifications are available on request.
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3 reports that these variables are correlated with the respective measures of
salary inequality, but are not correlated with the dependent variable (twins)
and hence the error term of the equation of interest.37

In terms of instrumental variable estimators, I focus on two types, Two
stage Least Squares (2SLS)and Generalized Method of Moments (GMM).38

The IV results using a Two Stage Least Squares (2SLS) and a Generalized
Method of Models (GMM) estimators are reported in Table 5. For the 2SLS
estimates for the various measures of salary inequality, I report the first stage
estimates. As can be seen, the adjusted R2 for the first stage estimates are
reasonably high, ranging from .62 to .68. Regarding the estimates for the
second stage, for the variance, gini and theil measures, the higher the relative
net payroll, the higher is a team’s winning percentage.39 This also holds
for the GMM estimator. For the both the 2SLS and GMM estimators and
for all measures of salary inequality, teams that have coaches with higher
lifetime winning percentages have higher winning percentages. Similarly for
both estimators, teams with a relatively higher maximum player salary have
higher winning percentages. Regarding the effect of salary inequality, lower
salary inequality as measured by the cv, gini and theil measures, results in
higher win percentages.40

It is important to test whether the suspected regressors, in this case, the
measures of salary inequality are endogenous. If the measures are in fact ex-
ogenous, then the OLS estimator is more efficient. To test for the endogeneity
of the salary inequality measures, I report a number of test statistics based
on Stata’s estat endogenous command, which are listed on Table 5. For 2SLS
vce(robust) estimation , the relevant test statistics are Wooldridge’s Robust
Score test and the Robust Regression F-Test. The null hypothesis for both
tests is that the variable under consideration can be treated as exogenous. As
can be seen, the p-values suggest the test statistics are highly significant, sug-
gesting a rejection of the null hypothesis, that the measures of salary inequality

37As a check of robustness, I used the lagged value of the respective inequality measure
as an instrumental variable, but found that it was highly correlated with the team’s win
percentage, and hence with the error term in the equation of interest. See Angrist and
Krueger (2001:77) for a discussion of using lagged variables as instruments. See also Angrist
and Pischke (2009) for a nice overview of the issue of identification strategies when searching
for instrumental variables.

38The 2SLS estimator used employs the vce(robust) option.
39The IV results for the other specifications discussed earlier are similar to the results in

Table 5 and are available on request.
40For the variance coefficient in column (1) Table 5, the p-value associated with the 2SLS

estimator is .069, which is slightly higher than the critical p-value of .05 .
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are exogenous.41 For the GMM estimator, the appropriate test statistic is the
C-Statistic. The p-values for the C-Statistic in Table 5 are slighlty higher
than .05, suggesting the possibility that the regressors may be exogenous for
the GMM estimator.

Apart from the tests of endogeneity, it is also important to check whether
the instruments are uncorrelated with the structural error term. When the
model is overidentified, that is has more instruments than the number of en-
dogenous regressors, it is possible to test whether the instruments are uncor-
related with the error term. When the 2SLS vce(robust) estimator is used, the
estat overid command from Stata reports Woooldridge’s robust score of overi-
dentifying restrictions. When the GMM estimator is used, Hansen’s J Statistic
is reported. In both cases, a significant test statistic can represent either an
invalid instrument or an incorrectly specified structural equation.42 As can be
seen from Table 5, for both estimators the p-values do not yield significant test
statistics, suggesting that the instruments are valid or the structural equation
is corrected specified.

41For a discussion of these tests and examples, see Stata Base Reference Manual Release
12, (2011-826-842) IV regress postestimation.

42See STATA Base Reference Manual (2011:11-12) for a discussion of the estat overid
command.
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Table 5: Wins and Salary Distribution - IV Estimates

First Stage (1) (2) (3) (4) (5) (6) (7) (8)
var32sls var3gmm cv32sls cv3gmm gini32sls gini3gmm theil32sls theil3gmm

lnrelpayrollnet 1.3300** -0.2546*** -0.0126 -0.0126
(0.004) (0.000) (0.468) (0.468)

lndraftround1 -0.0736 -0.0081 -0.0068 -0.0068
(0.764) (0.738) (0.465) (0.465)

dcoachrookie -0.2588 0.0611 0.0168 0.0168
(0.539) (0.145) (0.295) (0.295)

coachwinpercent -0.3215 0.0753 0.0288 0.0288
(0.675) (0.324) (0.327) (0.327)

lnrelmax 3.6194*** 0.5033*** 0.1606*** 0.1606***
(0.000) (0.000) (0.000) (0.000)

L.lnteamrev 1.9650*** 0.0583 0.0405** 0.0405**
(0.000) (0.095) (0.003) (0.003)

L.lnagecv 1.1626* 0.0394 0.0228 0.0228
(0.034) (0.465) (0.273) (0.273)

L.lnmeanage -1.3288 -0.2603 -0.1592 -0.1592
(0.715) (0.471) (0.252) (0.252)

L.lnmeangames -0.1746 0.0703 0.0394 0.0394
(0.781) (0.261) (0.103) (0.103)

cons 3.8085 1.3426 0.6623 0.6623
(0.686) (0.152) (0.067) (0.067)

Second Stage

lnrelpayrollnet 0.3717*** 0.3440** -0.0995 -0.0977 0.3045*** 0.2974** 0.2076* 0.2158*
(0.000) (0.001) (0.667) (0.629) (0.001) (0.002) (0.033) (0.015)

lndraftround1 -0.0387 -0.0441 -0.0525 -0.0600 -0.0567 -0.0570 -0.0575 -0.0557
(0.369) (0.289) (0.344) (0.212) (0.224) (0.202) (0.245) (0.210)

dcoachrookie 0.0266 0.0441 0.1314 0.1197 0.0735 0.0730 0.0740 0.0771
(0.607) (0.365) (0.136) (0.173) (0.170) (0.183) (0.203) (0.195)

coachwinpercent 0.2344* 0.2013* 0.3650* 0.3456* 0.3159** 0.3034** 0.2996* 0.2818**
(0.019) (0.014) (0.041) (0.020) (0.008) (0.002) (0.018) (0.006)

lnrelmax 0.3104** 0.2604 1.0060* 0.9945* 0.5813** 0.5727** 0.6245** 0.5720*
(0.009) (0.072) (0.029) (0.024) (0.005) (0.003) (0.007) (0.010)

variance -0.0485 -0.0347
(0.069) (0.305)

cv -1.7190 -1.7626*
(0.056) (0.049)

gini -2.7399* -2.7372*
(0.023) (0.028)

theil -1.8779* -1.7580*
(0.025) (0.048)

cons 3.9429*** 3.8953*** 5.5617*** 5.6152*** 5.0860*** 5.0857*** 4.5370*** 4.4752***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

N 150 150 150 150 150 150 150 150
First Stage (r2a) 0.6850 0.6290 0.6357 0.6357
Second stage (aic) . -110.1143 . -33.4809 . -80.5180 . -80.3803
Tests of Endogeneity
Wooldridge (score) - (p value) (0.0542) (0.0364) (0.0253) (0.0320)
Robust regression - (p value) (0.0332) (0.0299) (0.0197) (0.0246)
C-statistic - (p value) (0.2628) (0.1074) (0.0911) (0.1271)
Tests of Overidentification
Wooldridge Robust score - (p value) (0.2219) (0.7191) (0.6293) (0.5833)
Hansen J - (p value) (0.3505) (0.7579) (0.6793) (0.6220)

p-values in parentheses: * indicates p value less than .05; ** p value less than .01; *** p value less than .001
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6 Conclusion

This paper has outlined a model of salary distribution and team performance
for teams in the NHL over the six year period, 2005-2010. Rather than rely
solely on one measure of salary inequality, I use a number of alternative mea-
sures in order to check the robustness of the relationship between salary in-
equality and team performance.

The results can be summarized as follows. I find some evidence that the
distribution of player salaries has an effect on a team’s winning percentage.
Specifically, higher relative team payrolls and a higher team maximum salary
have a positive effect on a team’s winning percentage. The effect of the salary
distribution on a team, as reflected by its salary inequality, is mixed and
depends on the inequality measure and estimator used. In examining the
relationship between a team’s salary distribution and winning, I find some
evidence in that the salary distribution is endogenous and should be modeled
as a choice variable of a team.

Given these results, a number of additional research issues are raised. First,
evidence for the existence of a superstar effect as well as reduced salary inequal-
ity contributing to higher winning percentages for teams, should be placed in
context. This particular salary distribution may be the optimal salary distri-
bution given a team payroll constraint for some professional sports. That is,
it may be preferable for a team in the National Hockey League to allocate a
significant share of a team’s payroll to one player (superstar), and a relative
small variation in the salaries of other team members. It may be the case that
this is the most efficient allocation of salaries from a technical point of view.
This decision is undoubtedly related to the rules of the particular sport, in
some professional sports, a superstar may have an extraordinary impact on
the outcome of a game. For example, given a binding team payroll, a mean
preserving spread in salary between players may lead to more success. How-
ever, distinguishing between the effects of salary distribution from a technical
point of view, and the effects of salary distribution as an incentive device is
difficult. One possible approach would be to compare the salary distribution
between two different leagues in the same professional sport. This would allow
one to keep the rules of the game constant and compare the effects of salary
distribution given these rules. This is left to future work.
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