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Abstract
Evidence suggests that Major League Soccer’s designated player (DP) rule increased

match-day attendance in its inaugural season leading to expansion of this policy.

However, there is a need to examine whether these findings are robust.

Therefore, this paper uses the DP rule as a natural experiment to identify its effect

on match-day attendance using a difference-in-difference estimation strategy. In con-

trast to existing research, when using a difference-in-difference estimator, the stat-

istically significant effect of DPs on attendance vanishes but may be recovered when

omitting domestic DPs from the set of DPs.

Keywords
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Introduction

In 2007, Major League Soccer (MLS) introduced the designated player (DP) rule to
attract star talent to the league1. The policy permitted MLS clubs to top-up the salaries
of DPs from their own funds, on top of the salary cap (paid byMLS), in order to pay the
market wage rate for talent that was otherwise unaffordable.
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The MLS salary cap was put in place to avoid the financial problems that plagued
the North American Soccer League (NASL), which arose due to the acquisitions of
high-profile players on excessive salaries (Watanabe, 2019). Therefore, in order for
the DP rule to be successful, MLS would desire that these DPs would increase league
revenues. As 80% of MLS revenue occurs on the match-day (Bradbury, 2020),
increasing match-day attendance would be a key channel in which to raise income.
This would ensure that MLS remained financially sustainable.

The current evidence finds this policy successfully increased attendance
(DeSchriver, 2007; Jewell, 2017; Lawson et al., 2008; Shapiro et al., 2017).
However, the robustness of these claims requires further study. Therefore, this
paper examines whether DPs increased match-day attendance, using a
difference-in-difference estimation strategy. In doing so, it accounts for the fact
that DPs may be selected in games that are expected to have higher attendances,
thus it should avoid biased estimates.

In contrast to the prior findings, using a traditional difference-in-difference estima-
tor, the statistically significant effect of DPs on attendance vanishes. Demonstrating
the importance of our estimation strategy, we find that when using traditional mod-
elling techniques, the DP policy increased match-day attendance by 17% overall and
23.5% away from home. This work is important for policymakers as it shows that the
empirical strategy used to estimate this relationship is critical to avoid misleading and
over-optimistic policy advice.

In addition, we find that the positive and significant relationship between DPs and
attendance is recovered when we focus only on the subset of international DPs.
Recent evidence by Rewilak and Watanabe (2022) shows that there is a saturation
point for DPs, where signing additional DPs no longer increases attendance. With
MLS considering reducing its number of DPs per club from three to two, the evidence
from this paper, suggests MLS should carefully consider who to assign DP status too,
if its main goal is to maximize attendance.

That being said, some franchises may care about winning and signing DPs may
assist in accomplishing this goal. The evidence does refute this claim, as DP renum-
eration is found to be based upon their popularity rather than their historical perfor-
mances (Scarfe et al., 2021). Signing DPs on high salaries to win is a risky strategy,
and with only one winner every season, if multiple clubs engage in signing DPs, all
trying to outperform one another, it could lead to financial fragility. In this case, MLS
would be wise to correct this problem and avoid repeating the failings of the NASL.

Literature Review

Superstars exist in small numbers, yet are compensated with large salaries (Rosen,
1981). Thus, to attract the best talent to MLS, the DP rule permitted US clubs to
compete financially for a player’s services.2 Unlike movies or songs, live soccer
matches cannot be replayed (Lucifora & Simmons, 2003) and each game is different.
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Therefore, as consumers enjoy choice and variety, it implies that fans may watch a
DP perform numerous times over a season, rather than in a one-off game.

The theory that consumers like choice further suggests that fans would like to
watch a number of different DPs over the course of a season. Whilst consumers in
Los Angeles may be happy to watch their own DP every week, they may be even
happier to watch other DPs when they visit with their respective sides. Therefore,
DPs should also increase attendance when they play away from home.

Superstar effects are just one of many factors that may influence attendance.
Borland and Macdonald (2003), propose that five factors may determine demand,
including consumer preferences, economic factors, viewing quality, the sporting
contest and supply constraints.

DPs may impact the sporting contest via the quality channel. As fans are
attracted to high quality displays, and as a DP’s talent typically exceeds the
average, it should increase on-field quality and attendance. This is empirically
proven by Franck and Nuesch (2012) who show that superstars may increase a
team’s winning probability.

However, there is an equity trade-off to consider. Whilst a DP may improve team
quality, if this results in a one-sided contest, it may detract fan interest and actually
reduce attendance (Ferguson & Lakhani, 2021; Schreyer & Torgler, 2018).

There is a further issue to consider that could indirectly lead to a deterioration of
on-field performance that could impact attendance demand. As DPs command high
wages, it may result in increasing wage inequality at a club. Given that Coates et al.
(2016) find a negative relationship between salary inequality and team success, this is
a further way DPs may reduce attendance demand.

Apart from increasing on-field quality, there are also commercial incentives to
sign a DP. A player’s popularity or their novelty effect may be a further method to
increase gate numbers, (Adler, 1985; Love et al., 2013).3 Therefore, even if a DP
is performing poorly, attendance may still increase as fans will want to watch
them play.

Noll (1974) finds that superstars increase home match-day attendance in several
US sports. Confirming this finding in basketball, Hausman and Leonard (1997) dis-
covered that both Larry Bird and Michael Jordan increased match day attendance
when they played. Home attendance was 50% higher during the Larry Bird period
for the Boston Celtics and Michael Jordan doubled home attendance at the
Chicago Bulls.4 Extending the literature, the authors find that both players also
managed to increase attendance when playing away from home.

In Major League Baseball (MLB) the superstar effect on attendance has mixed
findings. Mullin and Dunn (2002) suggest that a 10% increase in team quality may
increase attendance demand by 0.7%. Therefore, if superstars increase team
quality, they may increase attendance. However, when classifying superstars by
the number of votes they received in either the Cy Young Awards or the Most
Valuable Player Awards in MLB, Rivers and DeSchriver (2002) find that they had
no effect on attendance.
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DPs may increase attendance either through the productivity or popularity chan-
nels (Berri & Schmidt, 2006). In their study, the authors find that the productivity
channel was stronger in increasing attendance in comparison to the popularity
channel. An additional all-star vote increased attendance by 0.0005 fans, compared
with an additional team win that attracted a further 1,011 spectators. This suggests
that a strategy of signing DPs due to their popularity alone may not have the intended
outcomes on attendance that team owners may anticipate. A better strategy would be
to sign DPs who are in their prime and contribute to on-field success, regardless if
they are the most prominent name.

Nevertheless, the popularity channel may still attract fans into stadiums. In com-
parison to Berri and Schmidt (2006), Jane (2016) finds that all-star players can
increase attendance. Furthermore, Ormiston (2014) examines a pitcher’s star
power in MLB, finding that legends – those who have the highest star power –
increase attendance by 8–9%, where superstars, the echelon below legends, increase
attendance by 3–4%. Recent studies further confirm this superstar effect, and show
that star players may increase attendance beyond their performance ratings
(Chmait et al., 2020; Humphreys & Johnson, 2020). Recently Scarfe et al. (2021)
found that in US soccer, the compensation superstars receive are not based upon
their previous performance, but their popularity. Therefore, this suggests that if com-
pensation is linked to marginal revenue product, the popularity channel may matter
more in MLS.

The superstar effect in US soccer is under-researched compared to other sports.
This is understandable as MLS is young in comparison to other major sports
leagues in America. A key study on superstars and match-day attendance in US
soccer focuses on Freddy Adu (DeSchriver, 2007). Adu, a teenage superstar and
the youngest player to play in the MLS was found to increase match-day attendance
by an additional 10,958 spectators when he played, showcasing a large superstar
effect in US soccer.

It has also been shown that when David Beckham played, the very first DP in
MLS, match-day attendance increased by 24.3 percentage points of total stadium
capacity (Lawson et al., 2008). Extending this research, Jewell (2017) finds that
whilst David Beckham increased attendance by 20% during his MLS career, his
attendance effect was 10 times stronger in his first season compared to his penulti-
mate season. This finding transcends to other DPs and the attendance effect for all
players was greater in magnitude away from home (Jewell, 2017).

The evidence as to whether DPs increase attendance more at home or on the road
is mixed. Alongside investigating the impact of expansion teams in MLS, DeSchriver
et al. (2016) found that home team DPs increased match-day attendance by 2,500
spectators, whilst each additional away team DP attracted only an additional 600
fans. Therefore, what appears to boost attendance is just the presence of a DP,
although the magnitude may differ whether they play for the home or visiting team.

Recently, Rewilak and Watanabe (2022) have shown that DPs exhibit saturation
effects. An explanation for their findings is that the typical DP in MLS is different to
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when the rule was first established. MLS was said to have been a retirement home,
where many older stars went to finish their careers (Blumberg & Markovits,
2021), but now is a league that develops and sells young players to European
teams. Nevertheless, the presence of DPs still can increase matchday attendance.

The Australian A-League is another closed soccer competition similar to MLS,
which also operates with a DP rule (Glascott et al., 2018). When examining the
DP effect on attendance, Glascott et al. (2018) find that DPs increased overall atten-
dance by 4% and home attendance by 5.6%. In comparison to other studies, the
authors find no away team DP effect. The study also finds that when classifying
DP as international or local, the former increased attendance by a greater magnitude
than the latter, and that superstars (popular players) increase attendance, but perfor-
mance players don’t, complementing Jane (2016).

Methodology

The Model
Equation (1) shows that attendance demand (Y ) is a function of several variables,
labelled (X ), and the DP term (M ).

Y ∼ f (X , M ) (1)

To model this relationship three estimators are used. The first is least squares shown
in Equation (2). The equation shows that attendance demand (Y ) depends on several
variables in matrix (X ), the DP term (M ), a time-fixed effect (δ), plus an error com-
ponent (ε). In Matrix (X ), team fixed effects are included that equal one for each MLS
franchise.

Yit = α+ β1Xit + β2Mit + δt + εit (2)

The second variant of the specification shown in Equation (3), omits the time and
team fixed effects, replacing the latter with fixture specific fixed effects (αi).
Fixture fixed effects are unique for a set fixture, for example any game where
Los Angeles Galaxy was the home team to DC United would be a unique fixed
effect, where the reverse fixture, DC United at home to Los Angeles Galaxy
would be a separate fixture fixed effect. Subscript (i) represents each individual
fixture and if teams play multiple times a year it is matched by month, where
(t) indexes each season.

Yit = αi + β1Xit + β2Mit + εit (3)

The coefficient of interest is (β2) in both Equations (2) and (3) and the DP variable
equals one if the player participates in a game and zero otherwise. This differs to
pre-existing studies who sum up the number of DPs participating in a match
(Glascott et al., 2018). The change in measurement is not overly concerning.
Whereas, Shapiro et al. (2017) propose that whilst DPs may raise attendance,
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their total number is not strongly correlated with attendance, Rewilak and
Watanabe (2022) find that there is a certain threshold where additional DPs
playing in a game enhance attendance. However, this threshold was approxi-
mately four players, much higher than the hypothetical maximum of two
players in this paper. Furthermore, Rewilak and Watanabe (2022) outline that
the typical DP has changed in profile. Initially, DPs were marquee signings
with high degrees of star power, whereas now they are far more ordinary in
their appearance. This coincides with the view that the MLS business model
has potentially shifted to sign promising players and export them for profit,
rather than acquire expensive individuals.

Yit = αi + δt + β1Xit + β2Mit + εit (4)

Equation (4) shows the preferred difference-in-difference estimation strategy to
identify the effect of a DP on attendance demand, re-introducing the time trend
from Equation (2) and keeping the fixture fixed effects from Equation (3). In
Equation (4), (αi) represents inherent differences between fixtures that contain
a DP or not. The second parameter (δt) controls for the attendance time trend to
ensure that we are capturing the role of marquee players on attendance, rather
than some other effect, such as the increasing popularity of soccer in the
United States. This is important because neglecting the trend effect may result
in overly-optimistic estimates of the DP effect, which may have significant impli-
cations on MLS finances. Ensuring accurate estimates of match-day attendance is
vital, given the importance of match-day revenue in league revenue. The treat-
ment effect (M ) shows the difference in the trend that is attributable to the DP
effect and is a binary variable indicating that you are in a treated group in the post-
treatment period, or in this case, treated in the second period.

The methodology uses repeated cross-sections, and using traditional standard
errors may underestimate the standard deviation of our (β2) coefficient, which may
arise due to serial correlation, (Bertrand et al., 2004). Therefore, we cluster our stan-
dard errors by fixture to ensure robust inference when estimating Equations (3) and
(4). We can cluster the standard errors by fixture because we stack games played in
2006 with the same game in 2007. Therefore, we have “N” games or observations
and “N/2” fixtures.

By stacking games to create fixtures, it permits us to easily identify a treatment and
control group. The treated group contains fixtures where a DP participated in. As DPs
played in games in 2007, this means that the corresponding game in 2006 is also in
the treated group. Therefore, the control group includes all other games where a DP
did not play. As we rely in differences between fixtures, singleton observations are
dropped from the sample, thus the control group only contains games where a DP
did not participate in both 2006 and 2007.

A Tobit estimator was considered to overcome censoring bias, as a sell-out crowd
has attendance constrained at stadium capacity, where real match-day attendance
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would be higher, if the constraint was not binding. In the sample, over 90% of our
games are far from capacity.5 As a result, the censoring problem is not a concern.

The difference-in-difference estimator requires that the parallel paths assumption
is met. This posits that the average change in the control group represents the coun-
terfactual change in the treatment group in the absence of treatment. As in Card and
Kruger (1994), we implicitly assume parallel trends. We believe that the parallel
trends assumption will hold as Bradbury (2020) states, during the first decade of
operation, MLS attendance was relatively stagnant. Graphing the trends over time
is problematic given the number of clubs that entered, relocated and exited the
league. However, the trends were graphed from 2005–2007 and provide evidence
the assumption holds. In addition, we test whether the pre-treatment group trended
at a different rate to the control group, of which the results suggest that they
trended at the same rate. Table E and Figure 1 presents this evidence in the online
Appendix.

Recently, the two-way fixed effects (TWFE), difference-in-differences literature
has highlighted potential problems with the estimation technique, in particular
when some weights attached to the treatment are negative (de Chaisemartin &
D’Haultfoeuille, 2020). These problems are most common when treatment is stag-
gered and heterogenous according to Baker et al. (2022). However, with a single
treatment period, even with dynamic effects, or a staggered treatment with homoge-
nous effects, difference-in-difference estimates can be unbiased. This suggests that in
correct applications, the TWFE-DID can be a powerful tool to establish a causal
interpretation. This is why we proceed with the two-group and two-period set-up.

The Data
The summary statistics are presented in Table 1.6 The data spans two periods, 2006
and 2007, and we drop all singleton observations. This means that in total there are
330 observations (games) with 165 fixtures (N/2). Therefore, the difference-in-difference
set up is the basic type. Updating the sample after 2007would lead tomodelling problems.

First, the DP rule has been altered multiple times since 2007 and the introduction
of targeted and general allocation money makes it difficult to identify which players
were signed as DPs. Second, as fan interest in MLS increased over time, so did tele-
vised broadcasts of matches. Extending the sample would confound the results via
substitution effects from television demand, harming the study. Finally, with
certain DP roster spots filled in 2007, there would be potential selectivity bias
when using a longer time series. This is because the policy only allowed one DP
per club, unless a DP roster spot was traded, to allow a maximum of two DPs per
club. Therefore, players entering MLS after the 2007 season could only join teams
with a vacant DP slot. In other words, they would self-select into the pool of clubs
that had space for DPs.

Furthermore, by extending the data it may violate the estimator assumptions that
the treatment may influence the control variables. It may be likely that in subsequent
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seasons, given the success of the policy, that games featuring DPs are scheduled on
specific dates and times to maximise attendance.7 In addition, as de Chaisemartin and
D’Haultfoeuille (2020) show, the TWFE-DID estimation method may be biased
under heterogenous treatment timings, which would be the case if the data was
extended.

Given that using the difference-in-difference estimation strategy is a key contribu-
tion of this paper, a longer time series is inappropriate in this context. However, as
Jewell (2017) finds that the DP effect is strongest in its first year, we may view
our results as upper bound estimates, and we anticipate that the impact in our
study would also dissipate over time.

The dependent variable is the natural logarithm of the regular season match-day
attendance because it is more normally distributed than its level term.8,9 There are
five occasions attendance is greater than four standard deviations from the mean.
These games include two doubleheaders in 2006 featuring FC Barcelona, a game

Table 1. Summary Statistics in MLS for the 2006 and 2007 Seasons.

Variable Mean Std. Dev. Minimum Maximum

Attendance 9.61 (9.61) 0.41 (0.41) 8.24 (8.24) 11.44 (11.44)

DP Plays 0.12 (0.11) 0.32 (0.31) 0 (0) 1 (1)

DP Plays Home 0.06 (0.05) 0.24 (0.23) 0 (0) 1 (1)

DP Plays Away 0.07 (0.06) 0.26 (0.25) 0 (0) 1 (1)

Outcome Uncertainty 0.40 (0.40) 0.31 (0.31) 0 (0) 1.57 (1.57)

Home Form 6.65 (6.65) 2.89 (2.89) 0 (0) 15 (15)

Away Form 7.18 (7.17) 2.94 (2.93) 0 (0) 15 (15)

Income Per Capita 11.03 (11.03) 0.10 (0.11) 10.86 (10.86) 11.22 (11.22)

Market Size 13.80 (13.82) 1.09 (1.09) 11.87 (11.87) 15.90 (15.90)

Home Points Per Game 1.38 (1.38) 0.35 (0.36) 0.20 (0.20) 2.40 (2.40)

Away Points Per Game 1.39 (1.39) 0.37 (0.36) 0.17 (0.17) 2.50 (2.50)

Derby 0.10 (0.09) 0.30 (0.29) 0 (0) 1 (0)

Doubleheader 0.01 (0.01) 0.10 (0.09) 0 (0) 1 (1)

Weekend 0.78 (0.79) 0.41 (0.41) 0 (0) 1 (1)

Evening Kick Off 0.82 (0.80) 0.39 (0.40) 0 (0) 1 (1)

Temperature 26.91 (26.55) 6.60 (6.66) −0.60 (− 0.60) 38.90 (38.90)

Rainfall Dummy 0.22 (0.22) 0.41 (0.42) 0 (0) 1 (1)

Notes: The sample data for each variable is shown which is for the 330 observations used in the

regressions. This drops all singleton observations. In parentheses the values are presented for the whole

dataset. The variables attendance, income per capita and market size (population) are entered as logarithms

in the empirical specifications. (*) is a valued accounted for being a doubleheader match-up between Chivas

USA v New England and Chivas de Guadalajara v FC Barcelona on the 8th August 2006, which is to data the

largest ever MLS crowd. (**) denotes the market size of New York City. Omitting this city results in the

variable mean falling to 1,194,568 with a standard deviation of 850,298 and a maximum value of 2,720,181.

The DP variables include only Reyna, Blanco, Beckham and Denilson. Out of the 50 instances where a DP

plays, there are 11 occasions where two DPs played in the same game, for example one for the home side

and one for the visiting side.
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prior to New York Red Bull’s exhibition fixture versus Bayern Munich in May 2006,
a game between New York and New England played at a neutral venue in September
2006 and David Beckham’s debut in 2007.

The sample contains four DPs: David Beckham, Cuauhtemoc Blanco,
Denilson and Claudio Reyna, all identified via the MLS website. In robustness
testing, Guillermo Barros Schelotto is further allocated as a DP, and the total
number of games DPs played at home, on the road, and overall, in 2007 is
shown in Table 2. When examining the correlations between the DPs and the
team (fixture) fixed effects the correlations were typically low. The highest cor-
relation for the team (fixture) fixed effects and the treatment values were 0.31
(0.19).

Table 2 shows that summing up the appearances by Beckham, Blanco, Denilson
and Reyna, DPs made a total of 50 appearances and participate in 12% of matches as
shown in Table 1. This is because in total, there were only 39 different games that
contained a DP, as in 11 games, two DPs played, one for the home team and one
from the visiting team. Given the frequency of two DPs playing in the same game
is limited therefore, we do not consider these effects, but we examine home and
away effects. Glascott et al. (2018) differentiate between domestic and international
DPs in their study. In this paper, only one DP is domestic, therefore we first focus our
analysis on the overall effect and then examine the impact of each player individu-
ally. However, as opposed to examining each player in turn, which would be prob-
lematic given the small number of observations, we drop a player from the treated
sample, keeping the control sample unchanged. This enables us to see whether a
certain player is driving either the magnitude or statistical significance of the
overall DP effect.

The control variables in this study follow the existing literature. We use two sets of
controls, a concise set to estimate the DP effect more precisely and a full set. In the
concise set, the model includes a measure of outcome uncertainty, and a variable that
captures home form and then a further variable that captures away form. These var-
iables are seen to be the most relevant and related to the variable of interest, whether a

Table 2. List of Designated Players in 2007 and Their Total Number of Appearances Both at

Home and on the Road.

Player Club Total Games Home Games Away Games

Claudio Reyna New York RB 22 10 12

Cuauhtemoc Blanco Chicago Fire 14 6 8

David Beckham LA Galaxy 5 2 3

Denilson de Oliveria FC Dallas 9 6 3

Guillermo Barros Schelotto Columbus Crew 23 11 12

Total NA 73 35 38

Notes: The total figures include the appearances of Schelotto.
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DP plays in a game. This is because if a DP’s talent is greater than the average, we
would anticipate that they make the difference in close contests.

In the full specification, to further control for the sporting contest we include home
and away team quality. Further conditioning variables include, a dummy equal to one
if a game was a doubleheader and zero otherwise. These are omitted in our sensitivity
analysis. To control for fixture timing, dummy variables are used. These include:
whether a game is played at the weekend or not, and if the game has a late
kick-off. To control for seasonality, we use month dummies and in supplementary
regressions full day of the week dummies were included replacing the weekend
kick-off variable. To control for the weather, we include measures of precipitation
and temperature. Precipitation is a dummy variable equal to one if it rains the day
of a game and zero otherwise. Temperature is measured in degrees centigrade and
its squared term is included. Finally, we control for market demand using a city’s
population size and income per capita. However, as these variables may be highly
correlated with the fixed effects, we alter the specification in the sensitivity analysis
to remove either one or both of these variables, and/or the fixed effects.

Due to data availability, ticket prices are not included as a covariate and we
acknowledge that this may be a limitation of the research. Even when ticket price
data was disclosed, this was typically not at the fixture level and would require
certain assumptions to use this data in the model. For example, ticket prices had
high variability depending on stadium location and it would be assumed they
would be priced equally for every fixture. For further detailed information regarding
these variables and the justification for their inclusion is available in the online
Appendix alongside the data sources.

Threats to Identification
The empirical strategy relies on the assumption of conditional independence. This
assumes that a DP participating in a match is independent of that fixture’s attendance.
This assumption should hold as the analysis is at the match-day level, where numer-
ous factors may determine whether a DP will play in that game. These may be
random because of injury or suspension, or due to managerial decisions arising
because of player form or tactics.

It is possible that a DP may sign for a club and inform the management that they
will only play several games a season. The manager may then only select this player
in the larger games. However, the likelihood of this is minimal and the evidence pro-
poses that most DPs participated in most of the games they were available.

A threat to identification may be that marquee players may self-select into large
markets, and we would expect larger market clubs to have higher attendance
figures. To overcome this argument, a number of robustness tests are included to mit-
igate these concerns, such as the inclusion of Schelotto as a DP and the use of coars-
ened matching (Iacus et al., 2012), of which the results are available in the online
Appendix.
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Coarsened matching attempts to find observations that may act as good controls,
that can be used as a comparison to the treatment group, in order to estimate the DP
effect. In this context, it will look to find observations from large rich markets where a
DP does not play, and use those as controls to the treated observations.10

A further risk in identifying a true DP effect is that both Eddie Johnson and
Landon Donovan already played in MLS prior to the DP rule earning salaries
above the cap and were grandfathered into the league. However, both players were
regular starters and played in nearly every regular season game in 2006 and 2007.
Therefore, it is unlikely that these players will influence the findings.

Results

Primary Findings
Table 3 presents the benchmark findings. Columns 1–3 show the results using club
fixed effects and a time trend, whereas columns 4–6 show the results using fixture
fixed effects and the absence of a time trend. In four of the six specifications the
DP effect is statistically significant. This is the overall impact, and when a DP
plays on the road. In all four cases, DPs have a positive effect on match-day
attendance.

Interestingly, the point estimates of the coefficients in columns 1 and 4, and then 3
and 6 are similar, and you cannot reject the null hypothesis that they are equal. Thus,

Table 3. Baseline Regression Model Estimates for Attendance in MLS Over 2006 and 2007.

DP

Overall

DP

Home

DP

Away

DP

Overall

DP

Home

DP

Away

DP Effect 0.143** 0.033 0.218** 0.155* 0.029 0.247**

(2.16) (0.38) (2.53) (1.78) (0.26) (2.25)

Year 2007 Dummy 0.044 0.074* 0.047

(1.05) (1.81) (1.14)

Fixed Effects Club Club Club Fixture Fixture Fixture

Time Dummies Yes Yes Yes No No No

R-Squared 0.20 0.19 0.21 0.02 0.00 0.03

Unique Fixtures (N/2) 165 165 165 165 165 165

Observations / Games

(N)

330 330 330 330 330 330

Notes: The dependent variable is log attendance and each column represents a different regression.

Estimates in columns 1–3 are by least squares using club fixed effects and in columns 4–6 by fixture fixed

effects. In the latter columns the standard errors are clustered by fixture to control for serial correlation

and heteroskedasticity. T-statistics are reported in parentheses where (*), (**), and (***) denote statistical

significance levels at the (10), (5), and (1)% levels. The control variables outcome uncertainty, home team

form and visiting form as well as the constant are included in the specification but coefficients are not

reported for brevity.
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in Table 3, it appears that DPs may increase overall attendance by on average 16.7%
and when a DP plays on the road, attendance may increase by approximately 26%.
These preliminary findings conform with the previous literature and suggest that DPs
do increase match-day attendance.

However, the purpose of Table 3 is to show how the findings may differ
between the traditional and difference-in-difference estimators using a
like-for-like dataset. This highlights the importance of controlling for fixture
fixed-effects, absent in columns 1–3 and controlling for time fixed effects,
absent in columns 4–6 of Table 2. Including both is important, because DPs
may just play in fixtures that traditionally have larger attendances.
Alternatively, it is possible that the popularity of MLS increased from 2006 to
2007, coinciding with the introduction of the DP rule, convincing a number
of DPs to join the league. This is plausible given that the unconditional mean
attendance in 2006 was 15,871 and in 2007 it rose to 16,757. Therefore,
Table 4 uses a difference-in-difference estimation strategy to ensure we do
not have spurious findings.

Table 4 presents the difference-in-difference results where six regressions are
reported. The first three show the preferred findings. The subsequent three
columns add Barros Schelotto as a DP, to ensure the results are not driven by a
DP’s decision to play for clubs in large markets.

In comparison to Table 3 and previous empirical research, DPs are shown to have
no impact on attendance in any of the six columns. This is an important finding,

Table 4. Difference-in-Difference Regression Model Estimates for Attendance in MLS Over

2006 and 2007.

DP

Overall DP Home

DP

Away

DP

Overall

DP

Home

DP

Away

DP Effect 0.097 −0.055 0.192 0.105 0.014 0.148

(0.98) (−0.45) (1.62) (1.25) (0.15) (1.60)

Year 2007 Dummy 0.059 0.087** 0.055 0.046 0.079* 0.050

(1.32) (2.08) (1.30) (0.93) (1.79) (1.12)

Fixed Effects Fixture Fixture Fixture Fixture Fixture Fixture

Time Dummies Yes Yes Yes Yes Yes Yes

R-Squared 0.03 0.03 0.04 0.04 0.03 0.04

Unique Fixtures (N/2) 165 165 165 165 165 165

Observations / Games

(N)

330 330 330 330 330 330

Notes: The dependent variable is log attendance and each column represents a different regression.

Columns 4–6 include Schelotto as a DP. Estimates are by fixed effects and the standard errors are clustered

by fixture to control for serial correlation and heteroskedasticity. T-statistics are reported in parentheses

where (*), (**), and (***) denote statistical significance levels at the (10), (5), and (1)% levels. The control

variables outcome uncertainty, home team form and visiting form are included in the specification but

coefficients are not reported for brevity.
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because the DP rule was altered in 2010 and 2012 that permitted clubs to pur-
chase multiple DPs. If these players had no impact on matchday attendance, a
significant revenue generator for the league, then it appears that it may have
been a poor decision. This might be why MLS has had discussions recently to
reduce the number of DPs a club may sign from three to two. Nevertheless,
given the positive impact of DPs on attendance that Table 3 shows, and the
insignificant effect Table 4 produces, creates a dilemma about which results
to trust.

The recent literature on TWFE-DID models has shown that under staggered treat-
ments and when the treatment does not have a homogenous effect, these estimates
may be biased (Baker et al., 2022). However, Jakiela (2021) shows a method to
check if the weights on the treated units are positive or negative. When this procedure
was carried out, all treatment weights were positive which would be anticipated given
the two-group two-period design.

Given that the difference-in-difference model does not suffer from the negative
weighting bias it may be that this model is superior to those in Table 3 and DPs
had no impact on match-day attendance in aggregate. However, it is plausible that
the appeal of these DPs may not have been equal. Given the small sample size, sep-
arating their impact may not provide robust results, therefore to check for heteroge-
nous effects, we removed one of the DPs from the set-in turn to examine if the
positive coefficient on DPs from Table 3 may be recovered.

Supplementary Findings
Table 5 examines the heterogeneous impact of DPs. Four panels are reported each
omitting a different DP from the treatment group. In each panel the overall, home
and away effect are estimated.

In panel A, when excluding Blanco, the statistically insignificant result holds and
DPs have no impact on match-day attendance using a difference-in-difference design.
The same result holds in panel B, where the excluded DP is David Beckham. Panel C
then reports the findings when omitting Denilson from the list of DPs. Similar to the
previous findings, there is a statistically insignificant effect. However, in panel D,
when the omitted DP is Reyna, a positive and statistically significant finding is
recovered.

This is interesting as Reyna was the only domestic DP, whereas Blanco, Beckham
and Denilson were all non-US players. This may relate to a paper by Bryson et al.
(2014) who show it's the novelty factor of South American superstars that affects
attendance, as opposed to the local players who are superstars in their own but
different right. The impact in panel D suggests that DPs may increase match-day
attendance overall by approximately 22% and on the road by 33%. These are eco-
nomically large findings. In comparison to the existing literature, our estimates are
slightly more conservative. For example, when Lawson et al. (2008) examined the
Beckham effect, they found that he doubled attendance and Shapiro et al. (2017)
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find he increased attendance by approximately 300%. Likewise, Jewell (2017) finds
Beckham increased attendance in 2007 by 107% and Blanco increased attendance in
2007 by 21% overall, both at home and on the road. The findings are most similar to

Table 5. Difference-in-Difference Regression Model Estimates That Isolate the DP Effect for

Attendance in MLS in 2006 and 2007.

DP Overall DP Home DP Away

Panel A: Excluding Cuauhtemoc Blanco

DP Effect 0.048 −0.123 0.191

(0.37) (−0.74) (1.51)

Year 2007 Dummy 0.059 0.076* 0.049

(1.31) (1.75) (1.14)

Unique Fixtures (N/2) 152 152 152

Observations / Games (N) 304 304 304

Panel B: Excluding David Beckham

DP Effect 0.032 0.053 0.088

(0.35) (0.38) (0.91)

Year 2007 Dummy 0.059 0.071* 0.055

(1.32) (1.75) (1.27)

Unique Fixtures (N/2) 160 160 160

Observations / Games (N) 320 320 320

Panel C: Excluding Denilson de Oliveira

DP Effect 0.095 −0.036 0.197

(0.83) (0.25) (1.42)

Year 2007 Dummy 0.058 0.080* 0.052

(1.29) (1.86) (1.25)

Unique Fixtures (N/2) 157 157 157

Observations / Games (N) 314 314 314

Panel D: Excluding Claudio Reyna

DP Effect 0.202** 0.029 0.288***

(2.51) (0.30) (2.86)

Year 2007 Dummy 0.059 0.083* 0.062

(1.32) (1.94) (1.47)

Unique Fixtures (N/2) 145 145 145

Observations / Games (N) 290 290 290

Common Diagnostics & Observations

Fixed Effects Fixture Fixture Fixture

Time Dummies Yes Yes Yes

Notes: The dependent variable is log attendance and each column represents a different regression in each

panel. Panel A omits Blanco as a DP, Panel B omits Beckham, Panel C omits Denilson and Panel D omits

Reyna. Estimates are by fixed effects and the standard errors are clustered by fixture to control for serial

correlation and heteroskedasticity. T-statistics are reported in parentheses where (*), (**), and (***) denote

statistical significance levels at the (10), (5), and (1)% levels. The control variables outcome uncertainty,

home team form and visiting form are included in the specification but coefficients are not reported for

brevity.
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DeSchriver et al. (2016) yet still offer some subtle differences. For example, the DP
effect found focusing on these three international players exceeds 2,500 spectators,
and whereas DeSchriver et al. (2016) show the away impact to be smaller than the
overall impact, these findings offer the reverse conclusions.

Sensitivity Analysis
To ensure the accuracy of our findings, we implement a series of robustness tests. We
begin by altering the variables in our specification. First, we removed any fixtures
that were doubleheaders. The results remained consistent to the main findings.
Next, we inserted a non-contender dummy into the specification to capture the atten-
dance effect of a home team that no longer can achieve a play-off place. The results
show that being a non-contender reduces attendance by approximately 22%. A non-
competitive dummy was also inserted for home teams that had already achieved a
play-off place, but this variable was statistically insignificant. In further robustness
tests, we altered how certain variables were measured. Initially, we replaced the
dependent variable from its natural logarithm to its level term where the results
remained quantitatively similar and then we altered how outcome uncertainty was
measured using fixed betting odds. The outcome uncertainty variable remained stat-
istically insignificant.

The next series of robustness tests examined whether substitution effects con-
founded our results. A dummy variable equal to one if a game clashed with a tele-
vised European fixture was entered into the specification. It entered with a
negative and significant sign and was similar in magnitude to the non-contender
dummy. We also controlled for televised MLS fixtures and local MLB games.11

They had no impact on the findings and the variables were statistically insignificant.
As DPs may be attracted to large markets, in addition to our findings being con-

ditional on market size and its income, we introduced a lagged dependent variable
into the specification as a further robustness test. This is because market size
should be persistent over time and control for large market effects, not picked up
by the fixture fixed effects. The inclusion of this variable did not alter the main find-
ings. In addition, to control for large market effects, we confirmed the results using
coarsened matching, which are available in the online Appendix, and limited the
sample to contain observations only from large market teams.

In addition, spillover effects may exist where clubs that sign a DP may receive a
higher attendance even in games where a DP does not play. This might bias the mag-
nitude of the DP downwards. As a result, fixtures from the control group of franchises
that contained a DP, where they did not play, were dropped from the estimation
sample. However, there is a trade-off to consider. When dropping these control fix-
tures, it may introduce large-market effect bias into the dataset, if one believes DPs
selected into large markets, because large market counterfactuals are dropped from
the sample. Therefore, the findings need to be interpreted with caution. Only away
from home, was a statistically significant effect found, albeit at the 10% level,
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however, when omitting special events from the sample, this statistical significance
disappears, supporting the prior evidence.

As a further sensitivity test, given that both income and population exhibit very
limited within variation and would be highly correlated with the fixed effects, we
run further models where we replace the fixed effects with population and income.
The results remained largely unchanged to those previously reported.

In addition, to ensure that our difference-in-difference findings did not face any
biases attributing to the negative weighing problem, the weights on the treated obser-
vations were checked using the procedure suggested by Jakiela (2021). Whereas our
setup consisted of the basic difference-in-difference design and there was no stag-
gered treatment, we anticipated that this issue would not arise. This assumption
was supported and all treated observations had positive weights, outlining that in
certain settings, the TWFE-DID technique should not always be dismissed by
default and is still useful in the correct settings.

Finally, a placebo test was carried out to test the difference-in-difference assump-
tion of equal trends. To create the placebo, we allocated a number of random fixtures
to contain international DPs and re-ran the estimations. In comparison to panel D in
Table 5, the results became statistically insignificant and are available in the online
Appendix in Table H.

Discussion
The results show that when using traditional estimation techniques, if a game con-
tains a DP, attendance may increase by approximately 16%. If the DP plays on the
road attendance may increase by 26%. This would support the view that the DP
policy was successful in increasing match-day attendance in MLS. However, when
using a difference-in-difference estimator, this result vanishes and a DP playing in
a game has no impact on match-day attendance.

This has significant implications because it may suggest that previous studies may
have captured something else that was driving increases in attendance and not the DP
effect. For example, MLS popularity may have increased, which attracted DPs to the
league, and simultaneously increased match-day attendance. Placing this study
among the literature, Bradbury (2020) is only one of the few studies that also find
that DPs had no impact on both home or away attendance.

Jewell (2017) proposes that individual DPs have a heterogeneous impact on
match-day attendance. When we disaggregate their impact, we find that only when
Claudio Reyna is omitted from the set of DPs, is there a positive and significant
effect on attendance. Interestingly, Claudio Reyna was the only US DP, which
may highlight the appetite for the novelty or curiosity aspect of DPs which may pos-
sibly be manifesting itself via nationality.

The findings propose DPs had a smaller impact on attendance than what has been
previously found in the literature (DeSchriver, 2007; Jewell, 2017; Lawson et al.,
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2008). In addition, DeSchriver et al. (2016) who find that DPs (excluding Beckham)
increased attendance by 15% at home and 3.5% away. We challenge these findings as
when we omit David Beckham from the set of DPs we find no impact on attendance.

As Jewell (2017) further shows that the effect dissipates over time, it is plausible
that had this study been over a longer time-frame, we would have found a similar
impact.12 Therefore, it questions whether or not the introduction of DPs made finan-
cial sense for MLS.

Policy Implications
The introduction of the DP rule distorted a labour market. If the main objective of this
policy was to attract more fans into stadiums, then its success may be questioned. In
2016, 80% of total MLS revenue came from the match-day (Bradbury, 2020).
Therefore, in terms of league profitability and sustainability, it is particularly impor-
tant for MLS to recoup the costs of these DPs, as the acquisitions of high-profile
players on excessive salaries contributed to the financial difficulties of the NASL.

Whilst we cannot be certain if this policy was profitable, as financial information
from MLS is publicly unavailable – including ticket price data by fixture, and the
additional match-day and commercial income that these players contributed – we
can estimate how much each additional spectator was required to have spent for
this policy to have been cost neutral. However, without this detailed information
we do acknowledge that these calculations are estimates and a limitation of this
research.

During the study period, average attendance in MLS was approximately 16,000.
In total, the compensation that was paid to Blanco, Beckham, and Denilson was
$10.1 m, and this subset of players increased attendance by approximately 4,500
fans. Assuming these DPs brought in no commercial income, each of these additional
fans would have been required to spend over $2,000 each for the policy to break
even.13 Examining, the cost of season tickets in 2007, Chivas USA and DC
United charged under $1,000 for the most prestigious seats, which suggests that
this policy may have been loss making.

Contrary to the above, recent actions by MLS and other leagues have carried on
promoting DPs. This is because MLS has increased the number of permitted DPs and
the Australian A-League has replicated the MLS model.

In terms of policy implications for individual team owners, the results show that
the DP effect is strongest away from home. This implies that clubs have an incentive
to free-ride from their rivals. Clubs who do not sign a DP, save on salary costs, whilst
reap the benefits via higher attendance when playing against teams who sign a DP.
Therefore, teams pursing profit maximization as opposed to win maximization,
have no incentive to sign DPs.

That being said, it is possible that marquee signings may increase on-field perfor-
mance. MLS teams that pursue a strategy of hiring DPs incur the higher wage costs
associated with them, but may generate higher revenues by winning. However, it is
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interesting that during this sample period, the majority of the clubs that signed a DP
had relatively unchanged win percentages. Furthermore, Scarfe et al. (2021) show
that it was the popularity channel rather than the productivity channel of superstars
that influenced their compensation, which seems to support the fact that performance
of DP clubs did not increase. A further interesting result is when the impact of DPs is
separated, only the international players showcased an impact on attendance. For
robust conclusions a vigorous study in this topic would be required, but it may
lead to interesting conclusions about the types of DPs, in addition to perhaps offen-
sive or defensive, that generate the greatest gains in attendance.

AsMLS operates as a single entity, has a revenue sharing policy, and all the franchise
owners are partners of the league, it is unsurprising that most MLS clubs now have DPs
on their rosters. However, MLS is considering reducing the total number of DPs a club
may sign. Given this research, only international DPs had any impact on attendance.
Therefore, if MLS do reduce the number of DPs permitted in the league, they need
to think about which ones to retain, if maximizing attendance is an MLS priority.

Conclusion

This paper examines if the DP rule increased MLS attendance the year it was initi-
ated, using a difference-in-difference estimation strategy. It further tests whether
DPs had a differential impact on attendance when playing at home or away.

Using traditional estimation strategies, the policy shows that DPs increased
matchday attendance with the greatest impact away from home. However, using a
difference-in-difference strategy this effect vanishes, and is only recovered when
focusing on the subset of international players. This demonstrates that DPs generate
a positive externality in MLS, as clubs who cannot afford DPs may still benefit from
their presence. This is consistent with the sports economics theory that output
(revenue) is jointly determined by both individual and rival inputs.

In total, international DPs increased attendance by approximately 28% but this
came at a high cost of $10.1 m. This is an economically significant finding and focus-
ing on it is important, to ensure the policy was successful. This is because the acqui-
sition of star players on excessive salaries is why the NASL dissolved. As in MLS,
80% of total revenue occurs on the match-day (Bradbury, 2020), it is important that
these players increased match-day attendance, to maximise league revenues and
ensure that MLS remained financially sustainable.

Since the DP rule was introduced, the number of DPs in MLS have increased and
this policy has resulted in other leagues pursing similar strategies, notably the
Australian A-League. Recently, MLS is looking to further revise its policy and
reduce the number of DPs permitted on a club’s roster. Therefore, this research
offers a platform to further study what types of DPs maximize match-day attendance
given the findings that only the subset of international DPs had a positive and signifi-
cant effect on attendance.
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Notes

1. A popular misconception of the DP rule – also known as the David Beckham rule – is that
it was created purely for Beckham. However, prior to his signing for MLS, the league had
already decided to pass a set of new salary cap regulations that included a DP clause (MLS
Comms, 2006). It was hoped this new clause would assist in grandfathering both Landon
Donavon and Eddie Johnson into the league, whose salaries were above the cap.

2. In MLS, contrary to securing the world’s very best talent, the DP rule permitted clubs to
attract talent of much higher quality than the average level in the league.

3. In addition to using a DP’s popularity to increase attendance, signing popular players may
allow clubs to sell more merchandise, or even use the player’s image rights for marketing
purposes.

4. Between them, Bird and Jordan received the NBA’s (National Basketball Association)
most valuable player award eight times, demonstrating their superstar status.

5. Even in stadiums that limited capacity for soccer matches, there were still opportunities to
increase capacity if required. The Gillette stadium, home to the New England Revolution,
fixed capacity for soccer games at 20,000 spectators, but if needed there was potential to
increase this capacity to over 60,000.

6. A correlation matrix is available in the online Appendix.
7. For the study period we tested whether there was a relationship between the treatment and

the covariates. The results showcased statistical insignificance in all the regressions, jus-
tifying the use of the difference-in-difference strategy.

8. We do not include play-off games in our analysis as their characteristics are fundamentally
different from regular season games.

9. The attendance data from worldfootball.net is reported to be scanned tickets as opposed to
sold tickets. This is an important distinction as no-shows could lead to measurement error
in the data. Please see Schreyer et al. (2019) who provide detailed information on this
subject.

10. When coarsened matching was used, income, population, kick-off times and fixture day
were used to create a control group of observations. These were then compared to
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treated observations left in the data to identify the DP effect. In addition, the set of vari-
ables used to match were altered in additional sensitivity analysis.

11. A detailed discussion about MLS televised broadcasts is available in the online Appendix.
12. The trade-off using this methodology to estimate a causal impact is that the time-frame has

to be cut short to avoid violating the method’s key assumptions.
13. This is calculated assuming the total cost of DPs is $10.1m and therefore a corresponding

increase of $10.1m in revenue is required from the additional 4,500 fans for the 2007 season.
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