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Abstract
Mixed-strategy Nash equilibrium (MSNE) is a commpeunked solution concept in game-
theoretic models in various fields in economics,nagement, and other disciplines, but the
experimental results whether the MSNE predicts aetlal play in games is mixed. Consequently,
evidence for naturally-occurring games in which 8NE predicts the outcome well is of great
importance, as it can justify the vast use of MSNEnodels. The game between the kicker and
goalkeeper in soccer penalty kicks is a real-wgdthe that can be used to examine the application
of the MSNE concept or its accuracy because payw#fisa common knowledge, the players have
huge incentives to play correctly, the game is géngmough to analyze, its Nash equilibrium is in
mixed strategies, and players' actions can be wbdeiVe collected and analyzed data on the
direction of kicks and jumps in penalty kicks irrieais top leagues and tournaments. Our analysis
suggests that the MSNE predictions are the cldseiie actual sample data, even though some
other prediction methods use information on thegmat distribution of kicks or jumps whereas

the MSNE does not.
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1. Introduction

Mixed-strategy Nash equilibrium (MSNE) is a commsmiution concept employed in many
theoretical and applied-theory articles in econ@minanagement, and other disciplines. In a pure-
strategy Nash equilibrium, each player choosesctioraand the actions constitute an equilibrium
if given the equilibrium actions of the other plegjeno player finds it beneficial to deviate from h
equilibrium action and choose another action inktéaa mixed-strategy Nash equilibrium, on the
other hand, players adopt mixed strategies, whieans that they randomize (not necessarily with
equal probabilities) between several actions (theggy randomize between all their possible
actions, or only between a subset of them). In &NH, each player's mixed strategy is optimal
given the equilibrium mixed strategies of the otlpdayers. In other words, no player has an
incentive to deviate from his mixed strategy totheo pure or mixed strategy, conditional on the
other players choosing their equilibrium strategies

One reason for the popularity and importance of M@NE concept is that every finite
strategic-form game has a mixed-strategy equilibyiwhile it does not necessarily have a pure-
strategy equilibrium (Nash, 1950). However, it & nlear why players should play the strategies
dictated by the MSNE. It is hence important to eixemwhether in actual games players play
according to the MSNE or not. This question hastsidressed by several experimental studies,
with mixed results. Results that support MSNE play in experiments wartained by O'Neill
(1987), in an experiment involving a repeated twospn constant-sum game, but later it was
argued that O'Neill's data support the conclusiodSNE play less than argued by O'Neill (Brown
and Rosenthal, 1990). Additional support of MSNRyplvas obtained by McCabe, Mukherji and
Runkle (2000) in a three-person matching-penniesneg@layed with perfect monitoring and

complete payoff information.

Y In order to be able to use a mixed strategy effelgt, the player should be able to randomize kioas,

and therefore the psychology literature that exasiwhether people can produce random series is also
related to the question whether people play the EISNhe interested reader is referred to Rapopadt an
Budescu (1992) and Budescu and Rapoport (1994)hanckferences they cite.
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Somewhat more ambiguous results (regarding whetlagrers play the MSNE or not) were
obtained by Rapoport and Boebel (1992), who comldivo studies designed to investigate
interactive behavior in two-person zero-sum gamed assess the descriptive power of the
minimax hypothesis. Additional ambiguous results @ported by Rapoport and Amaldoss (2000,
2004): in both articles, they find mixed-strategesgiilibrium play on the aggregate but not the
individual level.

Mookherjee and Sopher (1994) found support forlgmiwim play in a matching-pennies game
when subjects had only two possible actions andewmovided with complete information
regarding opponent's choices and payoffs. In a lkatécle, however (Mookherjee and Sopher,
1997), they discovered that in constant-sum gami#s at least four choices available to each
player, observed behavior departed significantiyrfithe equilibrium predictions. Ochs (1995) also
obtained results that deviated from the Nash dayuilin predictions, in an experiment studying the
choices of subjects playing mixed extensions oédhvariants of simple 2X2 non-constant sum
matching-pennies games. Erev and Roth (1998) examiearning in games with a unique
equilibrium in mixed strategies, analyzing both teante and ex-post descriptive power of
learning models, and found that even a one-parameteforcement learning model robustly
outperforms the equilibrium predictions. Shacha®0@) introduces a new methodology for
eliciting mixed strategies and finds evidence thatjects do not play according to their minimax
strategies.

The mixed results obtained in lab experiments,itimgortance of learning (see for example
Ochs, 1995; Roth and Erev, 1995; Erev and Roth8Y19%nd the inherent problem of external
validity of lab experiments (i.e. to what extenhage learn from play in artificial games in the lab
about behavior in naturally-occurring games in & world) have led in recent years to several
attempts to examine whether players play the MSNEatural contexts. By looking at how experts
play games, we can bypass the complexities of ilegr(because those experts have already
learned and practiced the games they play). Thexergly have significant incentives to play
correctly, and because we examine directly playaitural contexts, there is no question of external

validity.



It is not hard to think about contexts in whichyges may randomize among several actions in
real contexts; for example, as Osborne and Ruliméi®94, p. 37-38) point out, tax authorities
may randomize regarding which taxpayer to audd, axpayers may randomize whether to report
their income truthfully. The fact that we obsenaople randomizing, however, does not guarantee
that the probabilities with which they randomize atose to the probabilities predicted by the
MSNE. To examine whether people play the MSNE iturz contexts, we should find a natural
game in which payoffs are common knowledge, thgguka have significant incentives to play
correctly, the game is simple enough to analyzeN#sh equilibrium is in mixed strategies, and
players' actions can be observed. It is hard td $§uch games because natural games tend to be
complex, but one interesting game satisfying thevalzriteria quite well is the game between the
goalkeeper and the kicker during penalty kicksdocer?

Penalty kicks in soccer occur either after certdfanses, or at the end of the game, to untie a
game or a match, in certain tournaments (includiregWorld Cup, the European Cup, and many
other top tournaments). A kick is shot from theggnmark which is located 11 meters from the
goal, the goalkeeper is not allowed to move forwzetbre the ball is kicked, and no player other
than the goalkeeper is allowed to stand betweergtia¢ and the penalty mark, thus giving the

kicker a very high probability of scoring a goakdause of the short distance between the ball and

2 Another sports context that allows to analyze Waeprofessional players play the MSNE is tenmidekd,
the first to examine MSNE play in sports are Walkad Wooders (2001), who looked at win rates in the
serve and return play of top professional tennisy@is at Wimbledon. In addition, soccer provides
opportunities to examine MSNE play not only in pgn&icks. Moschini (2004), for example, examined
whether soccer players, during the regular gameifnpenalty kicks), choose to kick to the nearlgost or

the far one, concluding that their behavior is ¢stest with the MSNE. Finally, soccer has also edras a
case study for additional economic studies, suchstaslies about the relationship between pay and
performance (Torgler and Schmidt, 2007), the eftd#csoccer results on the stock market (Scholtens a
Peenstra, forthcoming; Klein, Zwergel and FockiHooming), the effect of hosting the soccer Worlgp@n
unemployment (Hagn and Maennig, forthcoming), ahd efficiency of betting markets (Forrest and
Simmons, 2008).



the goal, and because of the high speed of thedhdlg penalty kicks the goalkeeper generally
cannot afford to wait until he sees clearly to vihdirection the ball is kicked; rather, he has to
make a decision whether to jump to one of the sitlde stay in the center at about the same time
that the kicker chooses where to direct the kidkisTcreates a simple but interesting real-life
example of a game in which the Nash equilibriurmigiixed strategies. The reason that no pure-
strategy equilibrium exists for this game is tHabre of the players adopts a pure strategy, the
other player can take advantage of this, and thefirst player no longer finds it optimal to cheos
that pure strategy. For example, if the goalkeegf@roses the pure strategy of jumping left,
meaning that he always jumps left, then the kiekiiralways kick to the other direction. But then
the goalkeeper should deviate and not jump left, #rerefore no equilibrium exists with pure
strategies. When the players randomize betweenaeaions we can find an equilibrium for this
game (as is analyzed in more detail in sectiora®), therefore an MSNE does exist in this game.
In practice, the players do not completely randemikhe goalkeeper uses his knowledge of the
directional distribution of penalty kicks in genkrthe past behavior of the kicker, and cues he
might obtain from the kicker's behavior in the set®before the kick, to try to decide correctly to
which side to jump, if at all. Similarly, the kickehooses where to direct the ball according to his
conjecture about where the goalkeeper is likelyutop, where stopping the ball is harder, etc.
Even though the players’ choices are not completaigom, we can treat these choices as coming
from a mixed strategy of each player.

Because a goal achieved in a penalty kick coungwgother goal, and because the number of
goals scored in an average soccer game is very*sithal importance of the goalkeeper's (as well
as the kicker's) performance during the penalti Isaremendous. World Cup and European Cup
games have been won many times by the penalty Higkgollowed a tied game, for example. Not

only the outcome of the game depends on the ggadkiseperformance during a penalty kick, but

% The time it takes the ball to reach the goal ftten penalty mark is about 0.2-0.3 seconds (seepfbia
Levitt and Groseclose, 2002; Palacios-Huerta, 2003)
* For example, in the Korea/Japan 2002 World Cupawerage of 2.52 goals per match were scored (see

http://www.fifa.com/images/pdf/IP-301_12A_ compavatpdf).
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also huge amounts of money are involved. Playemsive bonuses for winning games, teams can
make large amounts of money by winning and climldomthe next stage of a tournament, and the
goalkeeper's reputation and thus future earnings @kpend on his performance, to give a few
examples. Since players in top leagues earn husdrethousands and often millions of dollars

annually, it is clear that the goalkeeper's perforoe and reputation have a very significant
monetary effect, and the goalkeeper has huge iresnto do his best in general and in the few
seconds of a penalty kick in particular.

We examine whether the decisions made by kickedsgaalkeepers during penalty kicks are
close to the predictions of the MSNE. We collectleda on penalty kicks in top leagues and
championships worldwide (the data are describethane detail in the next section). While the
players in the various penalty kicks are not alw@igssame players, the reasons that lead players to
use mixed strategies in many games (such as mgtpkimies) are still relevant, and therefore it is
still appropriate to examine whether the playeraypthe MSNE. For example, if a certain
goalkeeper adopts a strategy of always jumping tleis strategy will soon be noticed and learned
by kickers of other teams, who will direct penditgks to the other side when playing against this
goalkeeper. Similarly, if one of the kickers inemam always kicks to the right, this strategy will
soon be observed by others, and goalkeepers whdtieckicker during penalty kicks will jump to
the direction of the kick. Indeed, teams keep r@e@f past behavior of players in other teams
during penalty kicks. Consequently, the incentivegandomize exists for both the kickers and the
goalkeepers.

When we started the project and collected the detagther study of mixed-strategy play in
penalty kicks was published, but recently two int@t contributions were added to the literature:
Chiappori, Levitt and Groseclose (2002) (CLS), &alacios-Huerta (2003) (PH). CLS built a

theoretical model that describes the penalty-kiakng as a simultaneous 3X3 game between the



kicker and the goalkeeper, where each can chodsectnter, and right. They make certain
assumptions about the payoffs in the game (e.giftbath players choose "center," the goalkeeper
always stops the ball), and these assumptions yedtlictions about which strategies or
combinations of strategies should be more comman tthers if players play the MSNE (e.g., the
kicker chooses left more often than right). Theydfithat these predictions hold in data they
collected on penalty kicks in the French and Itafiest leagues.

PH examines whether penalty kicks satisfy the apsionms of minimax play using a dataset of
penalty kicks from various countries (mostly ItaBpain and England). He performs most of the
analysis on a simplified 2X2 game (the goalkeeper the kicker can each choose only right or
left) rather than a 3X3 game. He finds that thenivig probabilities of each strategy of each player
are similar, and that players' choices are seriatlgpendent.

While we also explore penalty kicks in soccer, ¢hare significant differences between our
article and those of CLS and PH. First, our analgdibws the goalkeeper and the kicker to choose
also center in addition to left and right (as omgebto PH). The addition of the center makes a big
difference, for two reasons. First, the payoffschmosing center are substantially different from
those to choosing right and left, whereas the iiffees between right and left are not that large.
Second, in our analysis there are nine possibdesly combinations in each kick (3X3), whereas
in the analysis of PH there are only four. Bothiaf above differences imply that from the players'
perspective a 3X3 game is much more complex amdlktes it more difficult for them to figure out
how to play the MSNE. Finding that the MSNE stilegdicts reasonably well the outcomes in this
more complex game therefore provides much moreiogoimg evidence for the claim that players
play the MSNE, and therefore is an important coaotron over the existing literature.

Second, as opposed to CLS, we look at the preditiof the MSNE about the exact

probabilities of the joint distribution of kicks dnumps. Finding that the actual probabilities of

® The reader who compares our results to theirsldhmatice that they define “right" as a kick to ttight
from the kicker's perspective, while we define Htlgas the right from the goalkeeper's perspediiee our

directions are the opposite of theirs; PH usegtatkeeper's perspective as we do).
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different actions in the empirical data match dipgbe probabilities predicted by the MSNE
provides strong support for the MSNE concept arttlasefore an important addition to the current
literature.

Finally, we explore various alternatives to the MSpredictions, and show that the MSNE
yields the best predictions. This approach sigaifity adds to the results in the former two studies
where the MSNE was not confronted with other alidues to see whether it predicts better or not.
One of the alternatives we consider is that thggukplay according to probability matching -
playing each action with a probability that is itleal to the probability that this action is optinfia
The rationale for examining this idea is that mawperimental studies (for a literature review see
Vulkan, 2000) show that probability matching is aryy common behavior in situations that
resemble the one of penalty kicks. To examine tlegliptions implied by probability matching
without consulting the actual marginal distributiminkicks, we surveyed 21 of the best goalkeepers
in Israel, and obtained their perception aboutdistribution of penalty kicks, in two different
methods.

Given the vast use of the MSNE concept in theaskticodels and the ambiguous results in
experimental studies that test whether players thl@eyMSNE, it becomes especially interesting and
important to examine play of experienced players Wave high incentives to perform optimally,
in a natural context. We do so in the context afceo penalty kicks and find that the MSNE
predicts the behavior of soccer players better #aaious alternatives. This is an important support
for the vast use of the MSNE concept to analyzeegaamd to predict their outcomes.

The rest of the article is organized as followsctea 2 describes the data collection process
and presents the data. Section 3 analyzes thetaatermine whether the observed behavior of
kickers and goalkeepers is reasonably close tonilxed-strategy Nash equilibrium. The last

section concludes.

® Notice that this is not optimal play; we elaboratethis later on.
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2. TheData

In order to collect data on penalty kicks duringlrgames, we searched in the archives of
various television channels, found different soag@mes in various leagues and championships
worldwide, and watched the games to see whethgritlvelved penalty kicks. For those penalty
kicks that we found, we asked three independemgsido determine to which part of the goal the
ball was kicked, to which direction the goalkeejpenped (if at all), and whether he stopped the
ball, using a diagram of the goal's af&is process yielded a dataset of 286 penaltysKick

We can think about each penalty kick as a gamehigiwthe goalkeeper chooses one of three
actions (staying at the center, jumping to thetrigh jumping to the left) and the kicker chooses
one of three actions (kicking to the center, right,left). There is a potential confusion about
directions in this context. If the goalkeeper juntpsis left, and the kicker kicks towards his |eft
these are two opposite directions even though bhoth"left.” To avoid this confusion, in what
follows, every time we mention right or left, it fsom the goalkeeper's perspective. Table 1
presents the outcomes in the 286 observationsjedivaccording to the direction of jumps and

kicks.

" To get a feeling for the task the goalkeeper perép we note that the size of a soccer goal isr8syf7.32
meters) wide and 8 feet (2.44 meters) high.

8 Some additional details about the data collegtimtess are reported in Bar-Eli et al. (2007), wbmbine
these data with a survey of goalkeepers (not tieereported later in this article) in order to exaenwhether
goalkeepers exhibit an action bias — having a peafee to jump rather than to stay in the centemwéier,
Bar-Eli et al. do not consider the implicationstloé data with respect to the Nash equilibrium aslwéere.
Instead, they take the kickers' actions as givehay ask whether goalkeepers seem to behave alptim
Interestingly, while they claim that goalkeepersrego be biased in favor of jumping, we find hdrattthe
MSNE predicts the outcome very well. Notice, howeuwbat Bar-Eli et al. examine the optimality of
goalkeepers' behavior given the actual kickersatieh, whereas the predicted behavior of goalkeejmethe
MSNE implicitly assumes that the kickers play th&NE as well (and kickers' actual play is not ideadtio
kickers' MSNE play). A possible interpretation bétresults is that the action bias is small intiatato the
strength of the MSNE concept, and thus, despitgtssible bias in goalkeepers' behavior, the MSNE s

yields better predictions than other alternatives.



Table 1: Joint Distribution of Jumps and Kicks

Kicker

The next step is to determine the utility of ealdyer from each outcome. In any specific kick
either a goal is scored or not. When a goal isestothe most natural payoffs to assign to the
players are 1 to the kicker and -1 to the goalke@pe, the payoff represents the impact of the

penalty kick on the score in the game). When a goabt scored, the payoffs are 0 to both the

Goalkeeper
Left Center | Right Total
54 1 37 92
Left (18.9%)| (0.3%) | (12.9%)| (32.2%)
41 10 31 82
Center | (14.3%)]| (3.5%) | (10.8%)| (28.7%)
46 7 59 112
Right | (16.1%)| (2.4%) | (20.6%)| (39.2%)
141 18 127 286
Total | (49.3%)]| (6.3%) | (44.4%)| (100%)

goalkeeper and the kicker. This is illustrated @bl 2.

Table 2: Payoff Matrix

Goal is scored

Goal is not scored

Kicker’'s payoff

1

0

Goalkeeper's payoff

-1

0

The game can have 9 different realizations of eriatchoice by both players (3X3), and the
payoffs that the players should consider when eimlg the game (and when we compute the
MSNE) are the expected payoffs from each pair dioas by the two players. These can be

obtained by looking at the percentage of goalsest@wr each pair of actions chosen by the players.

Table 3 presents information about the kicks thettevstopped by the goalkeepers.



Table 3: Stopped Kicks

Goalkeeper
Left Center | Right | Total
Left 16 0 0 16
Kicker Center 4 6 1 11
Right 0 0 15 15
Total 20 6 16 42

Not surprisingly, most of the kicks stopped occumew the goalkeeper chooses the same
direction in which the ball was kicked. We can demyever, that in a few cases a goalkeeper who
jumped to one of the sides was still able to stdyaladirected towards the center. It is clear why
this is possible if we remember that a kick thatlessified as "Center" need not be at the exact
center, but rather at any point in cells 4, 5, ps® jumping to the left allows the goalkeeper to
potentially stop a ball directed a little to thé& lef the center.

Based on the data in Tables 1 and 3 we can contipei@verage percentage of kicks in which a
goal was scored for each of the 9 cells in theeghjiving us the expected payoffs of the players
from each outcome of the game. Table 4 presense thepected payoffs, computed as the number

of goals scored divided by the number of kicks @ach combination of kick direction and jump

direction).
Table 4: Expected Payoffs
Goalkeeper
Left Center Right
Left 0.704, -0.704 1, -1 1, -1
Kicker Center 0.902, -0.902 0.4,-04 0.968, -0.968
Right 1, -1 1,-1 0.746, -0.746

3. Do Goalkeepersand KickersPlay the Mixed-Strategy Nash Equilibrium?

Based on the payoffs presented in Table 4, we gkami@e whether the observed distribution

of kicks and jumps is close to the distributiontthesults from the MSNE. In a mixed-strategy

equilibrium in which each player plays every pokes#iction with positive probability, each player
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must be indifferent between his possible actioret.Us denote the probability that the goalkeeper
jumps to the left by p, and the probability thatdtays in the center by q. Let us also denote the
probability that the kicker kicks towards the Ibft o and the probability he kicks to the center by

B. The expected utility from the three actions palssfor each player, given the mixed-strategy
adopted by the other player, is denoted as U (Mf(center), and U (right).

The kicker is indifferent between choosing leftnteg or right if and only if the following two
equations hold:

U (left) =0.704p + g+ (1 - p-q) = 0.902p + 04@.968(1 - p - q) = U (center), and
U (center) =0.902p + 0.4q + 0.968(1 -p -q) =@ +0.746(1 - p - q) = U (right).

Similarly, the goalkeeper is indifferent betweemas$ing left, center or right if and only if the

following two equations hold:
U (left) =-0.704. - 0.90B - (L -a-B) =-a - 0.4 - (1 - - B) = U (center), and
U (centern) =a-0.8-(1-a-p) =--0.968 - 0.746(1 o - B) = U (right).
Solving these two systems of equations yields elevfing values®
p=0.411,g9=0.11® = 0.344, ang = 0.203.

If each player plays his mixed strategy accordmghese probabilities, independently of what
the other does, it is simple to compute the expeftequency in each cell of the 3X3 table of
actions. For example, the probability that we wikerve an outcome in which both players choose
"left" is given byap = 0.344*0.411 = 0.141. If we multiply the resndfinine probabilities by the
number of kicks in the sample (286), we obtain edfmtion about the distribution of kicks and

jumps if kickers and players play simultaneouslhyd gilay according to the MSNE. Table 5

presents this predicted distribution:

® We present here the values rounded to the thimben after the decimal point, but carry on the

computations below with the accurate values.
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Table5: Predicted Distribution According to the MSNE

Goalkeeper
Left Center Right Total
Left 40.42 10.83 47.10 98.34
Kicker Center 23.83 6.38 27.77 57.99
Right 53.29 14.27 62.10 129.67
Total 117.54 31.48 136.98 286.00

Not surprisingly, this table is not exactly equalhe actual distribution (see Table 1). The real
question, however, is not whether the MSNE preaindtiare identical to the actual distribution. In a
large sample of 286 different penalty kicks, andainnatural context (as opposed to a lab
environment), where so many factors play a rolthéendecisions of the players, it will be naive to
expect that any method can be very accurate inigtiregl the actual distribution of kicks and
jumps.

A more meaningful question to ask is whether theNESredictions are closer to the actual
distribution than predictions obtained from othessonable conjectures about how the players may
play this game. The MSNE concept is a useful oné predicts behavior better than other
prediction methods that use the same informatimenef its predictions are not completely
accuraté? To compare the MSNE predictions to competing aéttives, we should do two things:
one is to define a measurement method that allesvsouquantify the difference between the
predictions and the actual distribution, and tllusdmpare between the predictions obtained from
different conjectures about how the players play dame. The second thing we should do is to

formulate other reasonable conjectures about tyept' strategies.

9 An analogous example is the use of expectedyuttieory. Suppose that we obtained the exact ytilit
function over all possible goods of hundreds ohiittials. We can then compute the bundle they shbuy
according to expected utility theory, and compéate the bundle they actually decide to purchaseelhave
enough data, probably we can reject the hypothbatspeople behave exactly according to expectdity ut
theory. But this does not mean we have to disnhisstheory; the important question is whether eiguc
utility theory predicts behavior better than conmpgttheories. If it does, it is a useful theoryemwf its

predictions are not completely accurate.
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To measure the difference between the predictedaatall distributions we employ two
natural criteria. To proceed, let us first code shategies left, center, and right as strategjel 1
and 3. Denote the actual number of penalty kickereshthe kicker chose strategy i and the
goalkeeper chose strategy j ag &here i,j = 1, 2, or 3 (soA= 46, for example). Similarly,
denote the respective predicted numbers;g$olPthe MSNE, for example,;P= 53.29). The first
measure of inaccuracy between the actual and peeddistributions is the sum of the absolute
values of the differences between the predictedaatahl raw frequencies in each of the nine cells,
which is denoted by AD (for "absolute difference$drmally, for each prediction method, the AD
value is equal to:

AD =%3 |A; - R

The AD value can range from 0 (predictions are txamual to actual distribution) to 57b.
The second criterion is similar, but takes the segiaifferences between the predicted and actual
distributions instead of the absolute value, thusighing for mistakes in prediction in a convex
fashion (the marginal punishment being higher figadr is the mistake). This measure, denoted by
SD (for "squared differences"), can range from 03@898, and is formally equal to:

SD =33 (A; — R)?
Employing these two criteria on the MSNE predigsiyields an AD value of 75.2, and an SD
value of 817.0.

The next step is to formulate some other conjestab®ut how the players may play this game.
One simple alternative is to examine the conjectioat the goalkeeper plays only after observing
the direction of the ball (i.e. to replace the asgtion that the game is simultaneous with an
assumption that the kicker plays first). In thiseathe payoff table (see Table 4) suggests tlkat th
goalkeeper should always jump to the directiorhefkick (because then his chances of stopping it

are the greatest, and therefore his expectedyuslinaximized). It is easy to see from Table I tha

» The most inaccurate prediction is to predict tihet kicker always kicks to the left and the goafier
always stays in the center; this prediction yigddsredicted value of 286 in the cell where actutiiigre is
only 1 kick, and predicts 0 for all the other celihich have together 285 actual kicks, resultimghe sum
of absolute differences being 285X2 = 570.
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this is not the case, but nevertheless the AD dhd/@ues give us benchmarks to which we can
compare the results obtained from other predictibbsemploy this conjecture, we assume that the
distribution of kicks is the actual one, and thalgeeper jumps to the direction of the kick. This

means that we predict that in 92 observations tbkek and goalkeeper both choose left, in 82
observations both choose center, and in 112 olsmmgaboth choose right. The cells off the

diagonal all have a predicted number of observatamual to zero. Notice that this method has an
advantage over the MSNE: when using the MSNE, wiendit use any data about the marginal
distributions of kicks or jumps to predict theirirjo distribution, while here we use the actual

marginal distribution of kicks to predict the joulistribution. Nevertheless, because the dataaare f

from matching the conjecture that the goalkeeper choose his action after observing the

direction of the kick, the AD and SD values arehhigihe AD value is 326, and the SD value is

15,614.

Another simple conjecture is that because the ibalery fast during penalty kicks and the
distance between the ball and the goal is only &lem, the goalkeeper has to choose to which
direction to jump even before the ball is kicked #ghe kicker can observe this before choosing the
direction of the kick (i.e. the goalkeeper playsti In this case, if the goalkeeper chooses right
the best for the kicker is to choose left, and vieesa. If the goalkeeper chooses center, the kicke
is indifferent between right and left, so we wilksame that he chooses each with equal
probability*? In a similar fashion to what we did when we cohjeed that kickers play first, we
now use the actual marginal distribution of the fpgnto predict the joint distribution of kicks and

jumps. Table 6 presents the predicted joint distiin.

12 Because the goalkeeper chooses center only i adges, other assumptions do not change much.
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Table 6: Predicted Distribution if Goalkeeper PlaysFirst

Goalkeeper
Left Center Right Total
Left 0 9 127 136
Kicker Center 0 0 0 0
Right 141 9 0 150
Total 141 18 127 286

Computing the AD gives a value of 390, and the $Bqual to 26,332. We can see that these
values are higher than those of the conjecture ttieatkicker plays first, suggesting that to the
extent that the game between the goalkeeper andither is not completely simultaneous,
goalkeepers might have better signals about kiokction than kickers have signals about jump
direction. We can also see that so far the MSNHiptiens are by far the closest to the actual data.
This might be, however, not because the MSNE i®adgrediction, but because the game is
simultaneous and therefore the results obtained &ssuming that one of the players plays first are
far from the data.

Can we come up with a reasonable conjecture abaowt the players might play
simultaneously, which will do better than the MSIgEedictions? A natural alternative to the
MSNE is to conjecture that the players randomizéhvequal probabilities among their three
actions. Assuming that they play simultaneouslg, tlndomization of the two players should be
independent of each other, and consequently eattte afine cells in the table should have 286/9 =
31.78 observations. The AD value for this predici®156.2, and the SD value is 3585.6.

Another interesting conjecture worth exploring latt the goalkeepers or the kickers play
according to probability matching, a well-known beior that has been observed in many
experiments (for a review of this literature, sadkdn, 2000). To give a brief explanation of what
probability matching means, assume that subject@ haption A, which is optimal with a
probability p > 0.5, and option B, which is optimailth a probability (1-p). Also assume, for
simplicity, that the difference in utility betwedahe two options is constant; for example, one
option wins a dollar and another wins nothing, Watch option wins can change in each round of

a repeated game or experiment, and the subjectotdbnow when making their choice in each
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round which option wins in that round. If subjectxeive feedback after each round, they
gradually learn the pattern of the game (i.e.,vlleie of p), and then their optimal behavior is to
always choose option A (because they have to choefeee knowing which option is better in that
round). It turns out, however, that people oftenage A with probability p and B with probability
(1-p). More generally, probability matching impligsat when people have various possible
actions, they choose each action with a probatitity is equal to the probability that this actisn
the best response.

We can employ the probability matching principlthei on the choices of the kickers or those
of the goalkeepers. For the kickers, the optim#baas to kick left when the goalkeeper jumps to
the right and vice versa, and to either kick leftright when the goalkeeper stays in the center
(therefore we will assume that in the latter cdse kicker chooses left and right with equal
probabilities). According to the probability matabiprinciple, the kickers should therefore kick
left 47.6% of the kicks (the goalkeeper jumps te tight in 44.4% of the kicks, plus half of the
6.3% in which the goalkeeper stays in the centand kick right 52.4% of the kicks. The
goalkeepers are assumed to play according to thalanarginal distribution of jumps in the data.
Because the game is simultaneous, the decisionm@ependent, and we can get the predicted
distribution by multiplying the probabilities of éhmixed strategies of the two players by each
other, and then by the number of kicks (286). Noticat while this gives the same marginal
distribution as when the goalkeepers play firse (3@able 6), here the two players are playing
simultaneously and therefore the joint distributismot the same as in the former case. Kickers do
not act optimally in each kick, as they did wheralgeepers played first. Table 7 presents the

predicted joint distribution obtained:
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Table 7: Predicted Distribution if Kickers Use Probability Matching

Goalkeeper
Left Center Right Total
Left 67.05 8.56 60.39 136
Kicker Center 0 0 0 0
Right 73.95 9.44 66.61 150
Total 141 18 127 286

The AD value in this case is 164.0 and the SD v 4861.7.

Alternatively, the goalkeepers might be the one® wke probability matching. In this case,
they will choose to jump left with the same proligbiwith which the kickers choose left, and
similarly for center and right. This means that tharginal predicted distribution of both kicks and
jumps will be equal to the actual marginal disttiba of kicks. The predicted values in each cell,
presented in Table 8, are obtained by multiplying probabilities of the mixed-strategies of the

two players by each other, and then by 286.

Table 8: Predicted Distribution if Goalkeepers Use Probability Matching (Using Actual

Marginal Distribution of Kicks)

Goalkeeper
Left Center Right Total
Left 29.59 26.38 36.03 92
Kicker Center 26.38 23.51 32.11 82
Right 36.03 32.11 43.86 112
Total 92 82 112 286

The AD value here is 130.2 and the SD value is 2697

An interesting mix of the last two predictions &t each of the two players might play
according to probability matching based on the @atwarginal distributions. That is, goalkeepers
choose directions with the same probabilities & sample marginal distribution of kicks, and
kickers choose the opposite direction of the magidistribution of jumps (choosing a side
randomly for the percentage of observations in tvtitee goalkeeper stays at the center). This

method results in the predicted distribution présein Table 9:
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Table 9: Predicted Distribution if Both Goalkeepersand Kickers Use Probability M atching

Goalkeeper
Left Center Right Total
Left 43.75 38.99 53.26 136
Kicker Center 0 0 0 0
Right 48.25 43.01 58.74 150
Total 92 82 112 286

The AD value obtained is 185.0 and the SD valli856.6.

We can see that so far the conjecture that goatkeagse probability matching performs the
best except for the MSNE. To try to improve it het, we wanted to see what happens if instead of
using the actual marginal distribution of kicks wse the perception of goalkeepers about the
distribution of kicks as the basis for the probigpiinatching. This has two advantages: first, ® th
extent that goalkeepers perceptions are diffemr@mn fthe actual distribution of kicks, if they use
probability matching, it might be based on theirgeéved distribution rather than on the actual
distribution.

Second, using the actual marginal distribution iok& for the purpose of predicting the joint
distribution of kicks and jumps in the probabilityatching case gives it an advantage over the
MSNE, where we do not use information on the magdistribution of kicks for prediction. By
using the perceived distribution of goalkeeperbamathan the actual distribution we alleviate this
advantage. While it is likely that goalkeepers'cegtion of kick distribution is close to the actual
distribution in general, which in turn is closeth® distribution in our sample, there is still some
difference between the perceived distribution dreldample distribution, and thus we do not use
the exact marginal distribution of kicks in the gdento predict the joint distribution of kicks and
jumps in the sample.

To elicit the perception of goalkeepers, we contpddist of 69 goalkeepers who played in the
three top leagues in Israel during the 2001-2 seddwen we chose four Israeli soccer experts, who
were elite goalkeepers in the past and have remamelved in professional soccer to this day (as

coaches etc.). We asked these four experts togactk of the 69 goalkeepers on a 1-5 scale. We
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then asked the goalkeepers ranked 1-24 (accordirthet average ranking by the experts) to
participate in a survey. 21 goalkeepers agreedwanghowed them a photograph of the goal area
as it looks from the penalty kick mark. The goapkess were asked "Imagine to yourself that you
are facing the best penalty-kicks kicker, and hksilO penalty kicks. You are asked to mark 10
marks on the goal that represent the location tizlwthe kicked ball arrives.” We later converted
their drawings to left, center, and right by divigithe goal area to three equal areas. As a
robustness check, we also showed the goalkeepkegjieam of the goal divided to different areas
and asked them "It is known that in one seasorethee on average 100 penalty kicks in the
National League. You are asked to write in numibers the kicks are distributed. Please check
yourself that the numbers are accurate and themw su100." Table 10 presents the results,

aggregated over the 21 goalkeepers:

Table 10: Perceived Distribution of Penalty Kicks Given by 21 Top Goalkeepers

Left Center Right Total
10 kicks of best player | 88 20 102 210

(41.9%) (9.5%) (48.6%) (100%)
100 season kicks 844 236 1020 2100

(40.2%) (11.2%) (48.6%) (100%)
Percentage average of | 41.0% 10.4% 48.6% 100%
the two methods

We took the average percentage in both methodsegserceived distribution. We can see that
the perceived distribution is similar under boticigtion methods. If we assume that kickers
indeed kick according to these probabilities, ahdt tgoalkeepers jump according to these
probabilities because they use probability matchimg obtain the predictions about the joint

distribution of kicks and jumps presented in Talle
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Table 11: Predicted Distribution if Goalkeepers Use Probability Matching (Using Per ceived

Distribution of Kicks)

Goalkeeper
Left Center Right Total
Left 48.19 12.19 57.02 117.40
Kicker Center 12.19 3.08 14.42 29.69
Right 57.02 14.42 67.47 138.91
Total 117.40 29.69 138.91 286.00

The AD value here is 116.2 and the SD value is 1861
To have a convenient summary of the results invda@ous methods employed, Table 12

presents a summary of the AD and SD values.

Table 12: AD and SD Valuesin the Various M ethods

Method AD value SD value
Maximal possible mistakes 570.0 93898.0
Kicker plays first 326.0 15614.0
Goalkeeper plays first 390.0 26332.0
Simultaneous-play methods:

MSNE 75.2 817.0
Both play each strategy with equal probability 156.2 3585.6
Kickers use probability matching (based on the damp 164.0 4361.7
marginal distribution of jumps)

Goalkeepers use probability matching (based osdhaple | 130.2 2597.4
marginal distribution of kicks)

Both goalkeepers and kickers use probability magphi 185.0 5856.6
Goalkeepers use probability matching (based on the 116.2 1961.0
perceived marginal distribution of kicks)

We can see that the MSNE yields the best predstieven though most of the other methods
use information about the sample marginal distidvubf kicks or jumps, which the MSNE does

not use, implying that the MSNE predicts bettepitesusing less information.

4, Concluson

Analyzing the dataset and using several methogsedict the joint distribution of kicks and

jumps suggest that the MSNE predictions are thsesloto the actual sample data, even though
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some other methods use information on the marglisatibution of kicks or jumps whereas the
MSNE does not. It should also be noted that the E$Nnot trivial, in the sense that payoffs are
such that the probabilities with which each playerys each strategy are not equal (as opposed to
some simple games such as matching pennies witd pgyoffs, for example). Because the MSNE
concept is so widely used, finding additional natwontexts in which the relevant conditions are
satisfied (payoffs are common knowledge, the pay@ve significant incentives to play correctly,
the game is simple enough to analyze, its Nashliequm is in mixed strategies, and players'
actions can be observeald examining whether actual outcomes are closeetpredictions of the

MSNE is a worthwhile and important direction fotute research.
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