Beating a Live Horse:
Effort’'s Marginal Cost Revealed in a Tournament

Bentley Coffey & M.T. Maloney

Abstract: There is ample evidence that incentive pay stirestsuch as tournaments result in
increased performance, but whether this is duelergon or increased individual effort is less
clear. We show that empirical specification is kieg. Misspecification masks individual effort

and interprets it as selection. Looking at datdarse racing, we compare a pure selection model
to the Lazear-Rosen tournament model. While bottetsoorganize the data, the tournament
model does a better job, and it says that neaidythirds of the increased performance associated
with higher prizes is due to increased individuébre. This estimate is very similar to estimates
found in industrial field studies where performapes is not structured as a tournament. We
corroborate the horse-racing results by lookindagt racing. Dogs are not expected to respond as
elastically as horses, and empirically they do not.

1. Introduction

Tournament theory is widely held to apply in almai$tabor/leisure settings.
The literature is robust with industrial and maraepplications. The model
has cachet.The one place that tournament theory is lesseedlived is in the
actual tournament setting. Many people argue atidl seme evidence that
competing athletes do not vary their effort levéihey claim that sporting
participants go all out all the time. The Lazeas&wotournament model, of
course, says exactly the opposite. The tournamedehsays that players adjust
their effort in order to maximize their expecteg@at net of cost. So individuals
should work harder when more is at stake.

These opposing views make a horse race. Whicheaitb models can better
organize the data? We propose to answer this gudsyi looking at data on horse
and dog racing. Horse racing is an interesting genwvhich to conduct our test.
First, the data are rich. We know the field forteaace, odds that rank the horses,
and the prizes for which they are competing. Howeere is an even more
compelling reason to look at horse racing. Horsesrly face a substantial loss

" John E. Walker Department of Economics, Clemsoivéisity. Email: bcoffey &/or
maloney @clemson.edu. Thanks go to Skip Sauehé&data, encouragement, and vast
institutional knowledge. Helpful comments were ieed from seminar participants at the
University of South Carolina and Clemson Universitgd from Todd Kendall, Marty Smith, and
Robert Tamura.

! See O’Keeffe, Viscusci, and Zeckhauser (1984) chtaison (1984), Main, O'Reilly, and
Wade (1993), Murphy (1999), Knoeber and Thurmar84).9Ferrall (1996), and Brickley, Linck,
and Coles (1999) to list a few.

2 One measure is the time line of citations to La&eRosen (1981). Cumulative citations
were around 10 over the first ten years; they reda@®0 by 2001; and are over 800 today. On the
other hand, Demsetz (1997) argues that the L-R hiwdemore cachet than it deserves.
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function associated with breaking down. Witness20@6 Kentucky Derby
winner, Barbaro, in his run at the Preakness. Hethege is every reason to
believe that their riders and handlers would begmnatly sensitive to the cost of
effort. On the other hand, horses are dumb anir&&ksn more than human
competitors, it may be impossible to marginallyywaffort in horses.

Dog racing complements our inquiry because dogsetréandled by humans
during the race. Thus, it is much less likely tthag)s adjust their behavior in
response to prizes. The dog racing data that we &gvnot as rich as the horse
racing data, but still they provide corroboratiwvédence.

This research is important because it shows thgtlyncareful theoretical
and empirical identification can the two competimgotheses be distinguished.
Yet, the policy implications of the two are dramsatly different. If there is no
scope for adjustment in individual behavior therfggenance pay schemes for
existing workers are wasteful. On the other hahiddividuals can vary their
effort then these schemes have important efficiaffacts. We find that the
tournament model, which accounts for both selectih individual-effort effects,
is the more powerful in organizing the data.

Section 2 discusses prior research. Section 3 sisstand analyses some
aspects of the horse racing data. Section 4 identifie structure of the models
and the estimation strategy. Section 5 shows ttima&es and the comparison of
the two models. Section 6 introduces the dog radatg and shows results using
these. Finally, section 7 gives some concludinganm

2. Theory & Prior Research

Everyone agrees that as pay goes up so does parfoemHowever, there are
two views of why this happens. The all-out modsfssihat individuals adjust
their behavior in terms of where and how often tgeyo work, but when they
are at work, effort is produced at a constantdisee. The tournament model has
the same feature in terms of selection. If the etqubnet payout is not high
enough, workers stay home. The additional feattitbeotournament model is
that workers respond marginally when they are akw®o the debate is whether
observed performance differences across venuestalaitable only to sorting or
to marginal effort responses in addition to sorting

The trick for our research is to model the behauimderlying the two
propositions especially as it applies to horsengdata and devise an estimation
strategy. The all-out model is based on sorting&®across races with horses
running as fast as they can in each race they.éfttertournament model also
recognizes the sorting of horses across racesjéntifies relative effort levels
based on the quality of the other horses withirrélte and the structure of prizes
paid across finishers. Ultimately the showdown leetwthe tournament model
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and the all-out model is about prediction. We exanfiow well each can predict
the observed speed of horses within and across.race

Almost all the existing research shows that toureatncompetition results in
increased performance. This evidence spans alnes edustrial and
commercial setting including sports. Nonetheldss,i$sue that we are addressing
is the extent to which tournament structures a&hthis result simply because
they provide a setting where self-selection ofipgrants ensures that as pay
increases, average ability also increases, or whétlere is an individual
incentive effect. That is, when the gaps get biggeéournament prizes,
individuals work harder.

Nearly all of the theoretical tournament literatsnaply assumes that
individuals can respond to incentives by varyingjttieffort> However, it might
not be so. It might be the case that tournameiicgzants once engaged in the
contest are unable to adjust marginally. Tournarpaaés may draw a selection
of participants into a contest, but it may be thaly go flat out once the gun
sounds. In this case the observed performanceteffetournament settings are
merely a result of sorting. The best participanigrate to the tournaments with
the highest payouts.

A number of intriguing questions are raised by carig these competing
assumptions on the behavior of tournament parttg®ne is, does the prize
structure itself tell us which model is better?Bisingly, at least to us, the
answer is no. It turns out that it is somewhatezasi rationalize an exponentially
declining prize pattern, such as the one that warsprofessional golf and horse
racing, in the context of the all-out model as cggzbto the tournament model.
So we have to turn elsewhere for an answer.

The empirical work on the tournament model has estlrd the issue, but it
has never staged a complete test of the compeyingfineses. Nearly all of the
evidence (cited in note 1 above) shows the proditffect of promotion in the
context of tournament theory can be rationalizetheall-out model. The
tournament setting selects people who will work enoours and more days, but
this research does not show that people work nmbeasively when they are on
the job.

For instance, there is some evidence disputingpipéication of the
tournament model in one of the prominent exampla® the commercial sector:

% In addition to Lazear and Rosen (1981), see GaeedrStokey (1983), Carmichael (1983),
and Nalebuff and Stiglitz (1983), and more recehthjlerton and McAfee (1999).

* Galton (1902) is credited with initiating the gties of the optimal shape of the prize
structure, which he did implicitly in the contexttbe all-out model. The tournament model is
ambiguous about the optimal prize schedule in fieldnaments and most research suggests that
effort is maximized by paying all or nearly allftcst place, a feature rarely observed in practice.
See Clark and Riis (1998a and b), Syzmanski anti#g2002), and Syzmanski (2003).
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up-or-out decisions at large law firms. While theatment of associates at big law
firms may appear to be a tournament where somkegteand others let go (see
Ferrall, 1996), Kordana (1995) argues that thisésely selection where
associates are monitored directly and the oneddha¢ after a given period of
time came with the anticipation of leavih@heir motivation was to acquire
human capital from on the job training.

An early test of the tournament model by Ehrenlagd) Bognanno (1990)
insightfully attempted to show that there was aremtive effect on top of the
selection effect. They did this by looking at the¥fprmance of golfers in the
fourth round of a tournament based on their pasiafter the third round. Their
finding is that the prize gaps affect performarMere recent work has been less
conclusive® Moreover, the selection effect is not explicitbcaunted for.

Knoeber and Thurman (1994) find that the levelaf polding constant the
incremental pay does not affect performance inmngishickens. They do find
that moving from a tournament-style pay structora telative performance pay
schedule does increase performance. They clainttisas evidence that workers
can and do marginally adjust their behavior. Howegtreeir data do not allow
them to control for the selection effect.

The more explicit tests point out the problem wite methodology applied in
the past. Maloney and McCormick (2000) report ressthlat show individual foot
racers have better times when the prizes are hitteadris, Emily Wood had a
faster time in a $500/$200/$100 race than in a 8&2@D/$50 event. Lynch and
Zax (2000) dispute this finding also looking attfoacers. We will show that both
of these studies are misspecified. Indeed, theme i®ason to necessarily expect a
positive correlation between effort and prizes arsp. The relation between
effort and prizes in the tournament model depemdseteris paribus conditions
which include the number of other contestants &aed abilities. So, for example,
when Emily Wood runs in a race with 3 glace prize of $500 where she is the
tenth best competitor, she may run slower than vehencompetes in a $200 race
where she is the best. Hence, the positive rel&@iween performance and prizes
found by Maloney and McCormick and the lack of latien found by Lynch and
Zax are both spurious.

Our paper is about the specific case of tournamamipensation and
performance, but the more general issue is thtteoincentive effects of
performance-based compensation. There has beardebgmf research on this.

® Ferrall (1996) attempts to compare a tournamentahof promotion (the firm keepsfrom
a cohort ofn) to promotion decisions based on a standard dbpeance. He models the behavior
of entry-level lawyers who have unknown talent,reteethemselves, so it is a model of symmetric
behavior. Moreover, on close inspection his esfimgaiorm does not differentiate behavior in the
two regimes, which makes the empirical results fammative.

® Bronnars and Oettinger (2001).
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Prendergast (1999) surveys many papéit find performance responses from
incentive based compensation. Of these, only & fexear 1996, Paarsch-
Shearer 1999, and Fernie-Metcalf 1999) have dateailow the selection effect
to be separated from individual responsivenessdentives. In particular, Lazear
finds that in the auto-glass industry about a tbirthe overall increase in
productivity of piece rate pay came from poorer keos being replaced by
superior ones.

As Prendergast says, "even in situations were fkereidence consistent with
agency theory, the literature has been plagued .wiidentification problems
where outcomes are often equally consistent whiergblausible theories” (p. 11).
Our results show that this is indeed true. Both ef®df pure selection and
individual response organize the horse racing ddtaetheless, the
interpretations are substantially different. In thsults that we present below, the
tournament model applied to horse racing showstéathirds of the
performance increase observed when prizes inciease to increased individual
performance and only one-third to selection. (Netitat this is very similar to
Lazear’s findings in the auto-glass industry). &lternative hypothesis
mistakenly attributes all of the increased perfarosato selection.

3. Horse Racing Data

The horse race data are from 712 races conduct@dweichill Downs in
19948 We used 566 that paid to four places, had no pleléntries by the same
owner, ties in the prize winning places, and odreymalies that caused the prize
purse and the odds to diverge substantially, adcalidnorses finish the race.
The 566 races were comprised of 27 stakes, 18&vatice, 2 starter allowance,

" See Lazear (1996), Paarsch and Shearer (199&¢Baree, and Potter (1996), Fernie and
Metcalf (1996), McMillan, Whalley, and Zhu (1989roves, Hong, McMillan, and Naughton
(1994), Kahn and Sherer (1990), and Foster andriReszg (1994). More recent papers include
Banker, Lee, Potter, and Srinivasan (2000), Brigldied Zimmerman (2001), and Lemmon,
Schallheim, and Zender (2000).

8 These data were made available to us by Raymouer 9éo obtained them when he was a
Professor of Equine Studies at the University dfiisuille in the 1980s.

° The biggest races, such as the Kentucky Derbyl, todfive places. However, to maintain
homogeneity in our sample for estimation purposesexcluded the few races paying 5 places.
When there are multiple horses by the same ownerezhin a race, they are bet as a group so
separate odds for each horse are not available hEippen and the prizes are shared. From our
data we only know the prizes paid, not offeredwsacare forced to delete races with ties. When
horses break down or pull up, their finishing tim&ot available. While these outcomes are
interesting, we omit these races for fear that thighbias the test between the two models. There
is no way to treat these missing observations witfevoring one model or the other.
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289 claiming, and 62 maiden rac8d.able 1 shows the summary statistics on the
races. Table 2 shows the summary statistics ohdtses in the races.

The most common distance is 6 furlongs (4290 féle¢) second most
common is /16 miles. The average field-size is ten horses. Tdktpurse paid
to the horses varied from $7,320 to $233,950. Qumage, first place paid 65
percent of the purse, second place 20 percend, 1Bipercent, and fourth 5
percent.

The pari-mutuel betting pool varied from $45,36%$19721,432 with a mean
of $155,004 and a median of $132,78The size of the betting pool is positively
related to the purse of the race because the ptiraets faster horses. The size of
the betting pool is also negative related to tispaliity of horses in a race.

There are several ways to characterize the digpafrihe field. One is to look
at the distribution of the odds of winning acrdss horses. We can construct an

entropy measure from the probability of winnipgd). It is —Z prob In(prob )

across the horses in each race. The entropy girtebilities of winning
increases as the odds become more equal acrossrides. Alternatively we can
use the variance of the log of the probability éfiming I place. Table 1 shows
how these measures vary across the sample.

Table 3 shows a regression of the log of the Igetiwol on the log of the
purse and the log of the entropy measure. Botlopytand the variance of the log
of the probability of winning % place are based on bettors' predictions about the
performance of each horse. Both specifications sthavdisparity of talent
reduces spectator interest. The final regressi@olimmn (c) includes the actual
race-outcome statistics in the regression. It shbvatsspectator interest
anticipates the outcome and spectators are mesested in races that are fast,
close, and have a lot of horses. By way of charaatg the magnitudes of these
coefficients, a one standard deviation move in @afgnges the betting pool by
slightly more than 20 percent, a one standard tiemianove in the variance of
speed changes the betting pool by 8 percent, ameé atandard deviation move in
the variance of the probabilities of each horsenimig changes the betting pool
by 5 percent.

4, Models of Performance & Estimation Strategy
Horsei beats horsgiff:

19 Maiden races are for horses who have never watlaiming races, horses entered in the
race are up for sale at a posted price. In allo@aiaces, the horses are handicapped by carrying
more or less weight based age, sex, and past penfme. A starter allowance race is an allowance
race for horses that have started for a given dagjmrice or less. In a stakes race the horse
owners pay a fee to be in the field.

1 pari-mutuel betting means that the odds on ear$etare determined by the amount of
money bet on each after the betting windows closteljefore the beginning of the race.
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InNm +&>Inm +¢g;

wherem is effort, unobserved by the econometrician bwivikm to the riders, and
& is luck, unobserved by the econometrician butakadeto the riders.

Table 1. Summary Statistics on Races

Variable Mean Sd Dev. Minimum Maximum
Distance 4882 749 2970 9240
Field-size 10 2 4 12
Purse 28748 26122 7320 233950
First Place Prize 18663 16974 4758 152068

Second 5757 5273 1464 46790
Third 2889 2635 732 23395
Fourth 1440 1317 366 11698
Percent of First Place Prize to Purse 64.9 2.1 57.4 70.8
Second 20.0 1.6 15.3 25.2
Third 10.1 0.9 7.5 14.2
Fourth 5.0 0.4 3.7 6.5
Betting Pool ($1000s) 153.41 110.14 45.36 1029.65
Variance log I' Place Probability 1.01 .38 .09 2.28
Entropy 1.88 .22 1.14 2.38

Notes: 566 races. Entropy is constructed from tbbability of each horse winning; as entropy inse=athe disparity of talent
in the race declines. Purse, prizes, and bettingipd 994 dollars.

Table 2. Summary Statistics on Hor ses acr oss Races

Variable Mean Sd. Dev. Minimum Maximum
Speed 54.35 2.44 48.89 60.69
Odds 20.45 24.91 0.30 260.50

Notes: 5504 Observations. Speed in feet per se@uidks are the pari-mutuel betting odds of winnifiglace.

Let luck be iid across the field according to atrexe value distribution.
This produces the familiar logit form for the pretéd probability of horse
winning the race:

Pr( places 151:)L (1)

z j=1N mi

We observe the probability of each horse winnimgulgh the gambling odds.
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Table 3. Predicting the Size of the Betting Pool

Independent Variables (a) (b) (c)
Purse 0.365 0.306 0.350
(0.042) (0.037) (0.041)
Entropy 0.356
(0.087)
Variance of log Probability of Winning*Place -0.123 -0.135
(0.043) (0.047)
Field Size 0.400
(0.089)
Average Speed 0.800
(0.345)
Variance of Speed (x 100) -12.239
(2.182)
Intercept 7.486 8.88 4.468
(0.517) (0.359) (1.402)
R 0.225 0.210 0.274

Notes: Size of the pari-mutuel betting pool, trackse, field size, and speed in logs. Robust stdretaors below
coefficient estimates. 566 observations.

To estimate total effort, we turn to the optimizinghavior of track owners. In
horse racing, the track owner's profits increadh e size of the betting pool.
The volume of bets are increasing in total effbogamblers prefer to bet on the
“more exciting” races and if excitement is creavgdhe effort of the horses in
the race as is revealed in Table 3. Hence, wehgseliserved pari-mutuel pool of
wagered funds as a proxy for total effort in eaater Taking logs and rewriting,
we have:

Inm =InPr( places1 y¢@ IB+u (2)

whereB is the betting pool of fundgis the inverse of the elasticity of the betting
pool with respect to effort, andis a white noise term that varies by race.
Equation (2) is a reduced form relation betweearefind betting pool. There are
other characteristics of the race that affect #téry pool and the track owner's
profit as shown in Table 3. Equation (2) simplyweg that the sum of effort in a
race can be monotonically proxied by the bettinglpo

Log effort can also be estimated from informatiatracted from a structural
model of behavior. The iid extreme value assumptiotuck allows us to
compute the probability of horsdinishing at any place in the money from the
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probability of each horseinning ™ place®? This allows us to work with the
problem faced by horgewhich is to find the level of effort that maxireg the
expected prize net of the cost of effort:

w, Pr( placesq ¥ .+w, Pir( plac&S -L m(a,,

wherew is the prize paid t&" place andy; is heterogeneous ability causing
different riders to select different levels of effo

4.1. Case 1: The Tournament Model (Costly Effort)
Assuming constant marginal cof,we can write:

C(m)=pm/a,
where agaim; is ability.
The first-order condition for the optimizing behawof the rider is:

dPr( placek™ B
2 Sinm En?lm“a_i ©

where the left-hand side is the sum of the margeffalkt of effort on the
probability of finishing in the money weighted bhetprize for that finishing
position and the right-hand side is the marginat ob effort. To simplify
notation, we define:

<« 0Pr( placek"
o Z dlnm hw

which can be calculated from the observed proliadsilgiven our distributional
assumption on luck.

By logging the first order condition, we obtain ahditional expression for
log effort:

2 The logit probabilities generate the well-knowdépendence of Irrelevant Alternatives in
the context of a random utility model of individuddoice. In the context of a race, the logit
probabilities generate an Independence of Irrele€@ampetitors. This allows us to compute the
probability of a horse winning second place giveme other horse won first place: the
probability of beating the remaining horses. Theaaimmder of the computation involves going
from the conditional probability to the joint prdikty and then onto the marginal probability.
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Inm =Ina, =InB+Inx
Adding and subtracting the within-race mean logreffwe obtain:
Inm =-InB+Inx +M+(In0(i —M)

In order to capture mean log ability within a rase, need to model how
horses are selected into ra&$he institutional detail of horse-racing suggests
that horses are sorted into races according to @bhdity and that this
stratification is mirrored by the purse paid to tieédd and horse characteristics
including age and sex. In this case, we can use@ereduced form model of
selection:

Inm=—InB+In>g+yQ+(Inai—ﬁ)+v (4)

whereQ are the selection criteria of purse, sex, andyagethe vector of
elasticities of mean log ability with respect te selection criteria, andis a
white noise term that varies at the race lé¥el.

Equations (4) and (2) represent a system of equstlmat identifies the
predicted level of effort by a horse based on thertament model of behavior
where effort is costly.

4.2. Case 2: The All-Out Model (Costless Effort)
Now let the horse’s cost function be:

0 m<ha,
00 rr\>bo(i

C(m,ai)={

13 If horses were randomly selected into races, Weemould expect that the within-race
mean log ability would equal the population meanability, which could be set to zero.

4 The data are comprised of 5504 observations awichehl horse performance in 566 races.
There 1349 horses that raced only once, and 1420dbed multiple times, a few as many as
eight times. One might argue that ability is consfar these horses across races, but it can &lso b
argued that ability varies based on the vagaridiseolWe estimate the model both ways. The
results are unaffected. See footnote 15, beloweblar, by estimating the model in an
unrestricted form, that is, treating each horsedch race as an independent observation, we then
use the estimates of ability across races in téstsodel fit.
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whereb is a scalar and, agaia,is the ability indicator. Given this function, the
optimal solution to the rider’s optimization profyies simply to exert maximum
effort:

m = ba; (5)

Note that this would also be the solution to tliers problem if the objective was
maximizing the probability of winning subject tecetmaximum effort constraint.
Substitution of equation (5) into equation (1) abgields:

ai

Zj:l,NGJ

Logging equation (5) and performing the analogaussstutions as case 1
yields:

Pr(i places4 ¥

Inm=|nb+yQ+(In0(i—m)+v (6)

That is, we add and subtract the average logabeNtel in each race. Subtracting
it from the log ability of each horse gives us aameero term of relative ability in
a race. We then proxy for average log ability i@ tace using the race purse, sex,
and age as the sorting mechanisms mirroring th@aooent organizer. Equations
(6) and (2) represent a system of equations tleatiites the predicted level of
effort by a horse based on the all-out model wieéicet is costless.

4.3. Completing the Models
We have constructed two equations for each casetédict log effort.

Unfortunately, log effort is not directly observabHowever, we do observe
speed and it is monotonic in performance, thdbgseffort plus iid luck:

Ing =3T +6D +A(Inm +¢,)

wheresis speedT is a set of dummies for track conditions wadthffects,D is a
set of race distance dummies witleffects allowing speed to slow with greater
distances holding effort constant, andonverts performance into speed.
Substituting our two effort equations into the spbequation yields estimable
forms for the two cases:
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Case 1:
Ing =8T +6D +AE+AInPr( places® ¥ A@ |||§5+)\[u+(gi —g)]
Ing =8T +08D +A[-Inp+%] @)

+Alnx +)\yQ+)\[(Ino(i —ﬁ)+v+(si —E)]

and Case 2:
Ing =3T +B6D +AE+AInPr( placesy ¥ Ao I'B+)\[U+(£i ‘f)}

_ 8
Ins =T +6D +>\[|nb+§]+)\yQ+)\[(|no(i —Ina;)+v+(g —E)} ®)

The left-hand side of equations (7) and (8) is oles# the last term on the
right-hand side of each equation is a mean-zerdigtlirbance term, and the
remainder of the right-hand side is observed regrssand their parameters. Note
that the only effective difference between the madels is the inclusion of b
(the log marginal benefit of effort relative to @ff) in the second equation of case
1, the tournament model. Its parameleralso identified in the first equation, is
restricted to be the same across the equations esienated.

Each structural parameter is fully recoverable. paemetel is identified
off of the log probability of winning in the firgquation in the all-out model and
also the log of the marginal benefit of effort tala to effort in the tournament
model; average luck is the intercept of the ficgiaion divided by; @is the
guotient ofA divided into the coefficient on the log of the tieg pool;u is
estimated as the race-specific mean residual (liviyA) of the first equation,
luck’s deviation from the mean is the residual (died byA) lessu; 3 (or b for
case 2) is identified from the intercept of theos®tequation (removing mean
luck as recovered from the first equatiopgre the quotient of divided into the
coefficients on the selection criteriais estimated as the race-specific mean
residual (divided by) of moment 2; and log ability’s deviation from theean is
the residual less demeaned luck ar(divided byA).

The estimation can be performed with GMM by stagkime moments. To
simplify notation of the stacked equations\eZ, and¢ be defined as follows:

_|Ins
y_{ms}
T D 1 0 InPri pl B
Z=[ n I’(I pacesil) T

T D11 {Inx ;0 0 Q
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3

0

AE

&= A[{-InB;Inb}]
A

AQ

Ay

where the bracketed expression are the alternspigeifications for case 1 and
case 2. The estimation can be performed with GMButhe appropriate
moment conditions on the disturbance terms:

' u+(g —¥) B
E(Z [(InO(i —ﬁ)+v+(si —§)ﬂ =0

E[z'(y-2zg)]=0

The first stage of GMM is equivalent to OLS and $leeond is a minimum
distance estimator where distance is weighted éyrtirerse of the covariance of
the moments. The estimator is given by:

E=((zzV(z'2)) (2 Z)V(2'y)

]

whereV is the covariance of the moments, estimated by:

u+(e-%) }{ u+(e-%)

vz (na-Ina)+v+(e-)| (na-ina)+v+(e-%)

z

Under the assumption of the model, the expectatighe cross-product of the
disturbances works out to be the sum of the folhgmiariance-covariance
matrices sandwiched by the covariates. The firgtimeaptures disturbances that
are common across all horses in a given race;gt@nsl matrix captures how a
horse’s idiosyncratic luck appears in both equatiamd heteroskedasticity in the
variance of ability across races.
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5. Results

The parameters are shown in Table 4 with the stdretaors in parentheses.
Every parameter associated with the two modeldhesxpected sign and all but
one are statistically significant.The tournament model has a higRéthan the
all-out model. This indicates that it predicts kgped better and wins the horse

15 As mentioned in note 14 above, we estimated theetsallowing for individual horse
ability to vary from race to race, as reported able 4, and holding individual horse ability
constant across races. The latter estimates arly identical to those reported in TableMis
slightly lower which makes the elasticities on guasd pool slightly higher.
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race between the two. Although the margin doesppear large, it is statistically
significant. We run a non-nested test of the twalet®in which the costly model
shows the all-out model to be misspecified. Theliegins with a slight alteration
that combines the two models into one varying leygarametert. This

parameter indicates which model appears:1 indicates the tournament model
andt = 0 indicates the all-out model:

Ing =3T +6D +AE +Aln Pr(i placesls‘)+)\(pInB+)\[u+(si —5)]
Ing =37 +6D +AE +[Ji+ T Inx +AQ+A[ (Ina, ~Inat) +v+ (g, &)

The parameter of interest is recovered with thees&®M estimation, divided by
the estimated, and where the appropriate adjustments are matthe tstandard
errors. The estimated valuewis 1.327 with a standard error of 0.120; the null
that the costless-effort model is correctly spedifijets rejected at the .01 le¥el.

Although it is still significantly positive, the ipprtance of the purse drops
from the all-out model to the tournament model.sTikiexactly the result that we
anticipated. The appearance oklim the second equation of the tournament
model diminishes the influence of the purse. Thuertament model attributes
race-level variation in speed to both a selectitect(the purse drawing horses
of a certain level of ability) and the marginal b&nof effort (increasing in the
purse as captured in ¥). The all-out model can only attribute race-levatiation
in speed to a selection effect and hence will galdhe importance of the
selection effect. The all-out model misinterpretdividual responses as selection
effects.

The other selection variables, age and sex, aréasiatross the models
and their estimated effects on speed are alsostensiwith our expectations.
Female horses and two year olds (the omitted amgpgrun slower on average.
Also, our controls for distance and track condisidollow the anticipated pattern.
Horses run slower over longer distances and fastéurf compared to dir¥.

16 A value oft significantly different from zero says that theait model is an incorrect
specification and, strictly speaking, a value défg from one indicates the same for the
tournament modeDepending on how conservative the level of sigaifice is, the tournament
model is also misspecified. Even so, we intergretvialue of 1.3 to mean that the tournament
model is a better specification than the all-outeio

" We tried many variations on the control for distanin the end, dummy variables for
different distance groups were the most parsimangpecification. We grouped races into 6
furlongs or less, 6 ¥z to 7 ¥ furlongs, and 1 to tile, allowing races longer than 1 ¥4 mile to be
the excluded group. Alternative specificationsdistance have virtually no effect on the
estimated values of the coefficients of interest.
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Table 4. Parameter Estimatesfor the Speed Equations from the Two Models

Tournament All-Out Model:
Parm. Meaning Model: Costless Effort
Costly Effort
01 Turf Surface in Good Condition 0.029 0.029
(0.003§" (0.003§
& Turf Surface in Bad Condition 0.005 0.005
(0.007) (0.007)
& Dirt Surface in Good Condition 0.008 0.008
(0.003) (0.003)
0, Short Distance 0.130 0.129
(0.007§ (0.007§
0, Medium Distance 0.056 0.055
(0.007)" (0.007)"
05 Long Distance 0.031 0.030
(0.007§" (0.007§
A Elasticity of Speed wrt Performance 10°) 6.371 5.680
(.245)" (.254)"
[0) Inverse Elasticity of Pool wrt log Total Effort gol:} 2.080
(0.331) (0.381)
InBor InMarginal Cost or In Max Effort over Ability -9GB! 6.813
Inb (3.556) (4.102)
Vi Elasticity of Mean log Ability wrt Purse 0.606 191
(0.195§" (0.216§
Yo Fillies and Mares (females) -1.159 -1.292
(0.263)" (0.302)"
Va Age = 3 years 5.418 6.096
(0.640)" (0.761)
A Age = 3 years and up 4,552 5.103
(0.500)" (0.589)"
s Age =4 years and up 4.341 4.883
(0.533)" (0.638"
R 0.809 0.800
Correlation of Ability for a Given Horse across eac 0.932 0.712
Kolmogorov-Smirnov test statistic for:
log ability ~ log normal 0.186 0.088
luck ~ extreme value 0.106 0.111
Skewness of Luck -0.527 -0.573
Kurtosis of Luck 4.239 4.303

Notes: GMM estimates of two equation model; absdhstatistics below coefficients. Dependent variablspeed. All
variables except the dummies for track are in l@sservations: 5504. Skewness : 1.1 for extremaey#&l for normal.
Kurtosis: 5.4 for extreme value, 3 for normal. Nioll Kolmogorov-Smirnov test is that the distrilmrts are as
predicted. Both tests reject the null. Significafesels shown by: one star indicates significartdb@5% level, two
stars at the 1% level. Short distance is 6 furlargsss, medium is 6 2 to 7 % furlongs, and lengy o 1 Y2 mile.
Distance longer than 1 ¥ mile is the excluded group
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The value of marginal cost in the tournament maglstatistically significant
at the 1 percent level. The magnitude is also emically reasonable. We can
calculate the total variable cost of a horse engeai raced by the antilog of the
estimated coefficient times effort divided by alyiliThe average over all horses is
$835!® The favorite in the race with the field of averadpity had an expected
payout of $5227 and expected variable cost of $314.

The all-out model says that all of the increaseffort associated with
increased prizes is due to selection. The tournamedel breaks the increase in
effort associated with increased prizes into acsiele effect and increase in
individual performance. The ratio of individual figmance to total can be
written as:

Inx —Inf
Inx —In3+yQ

where the numerator is the individual performarftece and the denominator
adds in the selection effects of purse, age, axndBased on the estimated values
for yand I3, and averaged over the entire sample, we finduevat 63 percent.
This says that nearly two-thirds of the increaspdrformance associated with
paying higher prizes comes from individual horaeming harder.

5.1. Diagnostics

Table 4 shows the correlations of estimated akiditythe same horse in
different races. There are 1420 horses that racetipte times. In our estimation
process, we treated these as independent obse&walyp doing this, we can
empirically assess how ability changes race to, fagealso we can compare the
two models. As shown in Table 4, the tournamentehedys that the correlation
of estimated ability from race to race is over @@ correlation of estimated
ability for the same horse from the all-out mode0i7.

Specification tests indicate a reasonable fit. Withrace, effort has a strictly
positive monotonic relationship with ability in theurnament model. (Obviously,
in the all-out model effort equals ability.) Thdléeving two figures show the
empirical density function of log ability alongsitiee closest fitting log normal
CDF. The tournament model is shown in Figure 1. dlkeut model is shown in
Figure 2. The test statistic shown in Table 4 ttsjéee null that log ability is
distributed log normal, but the patterns showniguFes 1 and 2 indicate that

18 The average for log effort is 19.12; the averagddg ability is 9.70.

19 We averaged the estimated ability from the tourr@nmodel across horses in each race
and then took the average of these. The favoritedrace with the field of average ability
finished second.

October 27, 2006: HorseRace-3-3-08.doc 17



Coffey & Maloney: Hor se Racing

lognormal may appeal as a rough approximationjqueatly for the costless
model.

Although the model specification assumes an extresthee distribution for
luck, the data do not appear to be extreme valg.ak in the non-nested model
specification test, the costless model is more peisi$ied on this dimension than
the costly model. The Kolmogorov-Smirnov test stats in Table 4 reject the
null that luck is distributed extreme value. Whea wmwestigate we see that the
sample skewness is about half of the magnitudeeossumed extreme value and
a different sign; the luck distribution appeardéoskewed left (i.e., a fat left tail)
instead of skewed right. Moreover, the empiricakldistribution exhibits thinner
tails (lower kurtosis) than the assumed distributiostead, the kurtosis is
somewhere in between the extreme value and noristabdtions. The extreme
value assumption is made in order to employ a diésen solution in the
calculation of Inx and relating effort to odds in (2). We could, wsitme non-
trivial degree of difficulty, relax this assumptiand use a more flexible
distribution of luck to derive Im. This would probably improve the goodness-of-
fit for the tournament model relative to the alkowodel since Ix is a regressor
in equation (7) but not in (8) and (2) is the sdaréboth models. Since we have
already found that the tournament model is supévitine all-out model, we forgo
this task.

= o L I L I |
-4 -3 -2 -1 0 1 2 3

Figure 1. Empirical and Hypothesized CDF of Iog | Figure 2. Empirical and Hypothesized CDF of log
Ability for the Tournament M odel Ability for the All-Out M odel

Finally we investigated the sensitivity of both netglto the frequency of
favorites winning. Both models say that a dosauok laffects the outcome and
stops the finishing positions from being perfecityrelated with the odds. If the
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models are systematically missing something astestiaith favorites it should
show up as a correlation between estimated lucklandverage finishing
position of the favorites. We define favorites las top three and the top five
horses and correlate estimated luck with the aeefiagshing position of these
horses. The correlations are uniformly zero.

5.2. Reduced Form Estimates

Further evidence comparing the ability of the twod®ls to organize the data
can be found in a reduced form estimation of treeedpequation. Essentially, the
tournament model says that the performance ofengnorse will be affected by
the performance of the competition that it facése &ll-out model makes no such
prediction. One way to investigate this is to $ehe revealed speed of a horse is
affected by what the horses around it are doingr&gesss speed on track,
distance, purse, age, and sex, and on the varadrspeed in the race. We
alternatively use the variance of the log of thebability of winning. We use the
variance of speed of all the horses and also thanee in speed in the top five
favored horses.

These results are shown in Table 5. We see thenga, however measured,
causes average speed to decline. The horses dpfrmareacting to the
competition, and based on the results in Tablael are reacting in a way that is
consistent with the tournament model of behaviexesal specifications are
shown including the ex ante prediction about vamaof speed given by the
variance in the betting odds. The control variaffects are nearly the same as
those shown in Table 4, though the magnitudesiffexeht because the
coefficients shown in Table 4 are adjusted by #terated value df.
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Table 5. Reduced Form Estimates of L og Speed

Independent Variables Coefficient  Std Error R
Intercept 3.720 (0.017)

Turf Surface in Good Condition 0.027 (0.003)

Turf Surface in Bad Condition 0.002 (0.006)

Dirt Surface in Good Condition 0.010 (0.002)
Short Distance 0.136 (0.007)
Medium Distance 0.060 (0.007)

Long Distance 0.033 (0.007)

Log of Purse 0.017 (0.001)

Fillies and Mares (female) -0.009 (0.001)

Age = 3 years 0.040 (0.005)

Age = 3 years and up 0.035 (0.005)

Age = 4 years and up 0.043 (0.005)
Variance of Speed Overall -59.816 (14.743) 0.887

Alter native Specifications
Independent Variable:
Variance of Probability of Winning (x Ip -0.516 (0.167) 0.882

Dependent Variable: Log Speed of Favorites
Independent Variables:

Variance of Speed Overall -95.153 (14.926) 0.883
Variance of Speed of Favorites -15.874 (7.474) 0.868
Variance of Probability of Winning (x 10 -0.915 (0.175) 0.872

Notes: Alternative specifications include all oéttrack, distance, and selection variables. Caefftosalues
on these variables change trivially across altéreapecifications. Robust standard errors in pgheses. All
coefficient estimates significant at the 1 perdenél except (#) significant at the 5 percent learad (+) not
significant. Favorites defined as top five horsasdal on probability of winning. Distance dummieirgl in
Table 4.

Another and possibly more powerful test of the t@amnent model is to look at
horses that run multiple times. We have alreadptediout that our correlation of
estimated ability for horses that run multiple tgne quite high, but we can go
beyond this and look at the relation between esédchaffort and the time
between races. If horses vary their effort levilen this variance should be
predictably linked to the time that it takes themé¢cover and race again. That is,
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if horsei runs hard in one race, it will take longer to nemoand the time until its
next race should be longer. We measure the tinvedeet races for 1285 horses
that raced multiple times within the same seasen (all and spring). There are
2181 observations. We control for dirt versus hetause most races are dirt and
a turf racer will have fewer opportunities. We atemtrol for age and sex because
these determine whether a horse can compete irea grce’’

The results are shown in Table 6. The independamiMe of interest is our
estimated value of effort expended by the horsesilast race. As can be seen,
effort expended in the last race significantly @ases the time before the horse
races again.

Table 6. Time Between Races

Independent Variables: Coefficient  d. Error
Estimated Effort in Last Race 0.881 (0.168)
Dirt v. Turf Race -1.595 (0.578)
Fillies and Mares (female) 1.050 (0.389)
Age = 3 years -0.137 (1.419)
Age = 3 years and up 0.817 (1.335)
Age = 4 years and up -1.975 (1.323)
Intercept 0.260 (3.967)
R 0.046

Mean of Dependent Variable 18.643

Notes: 2181 observations on 1285 horses. Robuslatd errors in
parentheses. Dependent variable measured in dagsst@r indicates
significance at the 1 percent level.

6. Dog Racing

Dog racing offers an interesting additional testh&f comparison between the
tournament model and the all-out model. Argualiig, eéffort level of horses can
be controlled to some extent by the jockey. In dagng, there are no jockeys.
The dogs, when started, chase around a trackaafiienulated rabbit. The speed
of the rabbit can be adjusted, but there is no twayake intra-race adjustments
for individual dogs. The obvious prediction is thia all-out model should do a
better job of predicting dog racing than horserrgci

201t might be argued that purse should be includedreindependent variable in this
regression. The control variables that we use laysipal conditions of the race. That is, three year
olds cannot races in a two year old race. Howetieee year olds can pick and choose among
three-year-old races with different purses. Regasilwhen purse is included, it has the expected
sign (negative), is statistically significant, ashakes not affect the estimated coefficient on lagged
effort.
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Unfortunately the institutional characteristicsdoig racing data make the
application of our structural model problematicding racing there is no
independent determination of the purse and pod.pirse is a fixed percentage
of the pool (slightly less than 4 percent).

Nonetheless we can estimate the reduced form nimddbgs as we did for
horses as reported in Table 5. The predictioneréduced form model is that if
competitors are behaving according to the tournammexdel, average
performance will decline as the variance of perfamge increases. When facing
more disparate competitors, workers shirk. Theatlmodel makes no such
prediction. By using the dog racing data we cameethe prediction: dogs should
be less affected by disparity of the field thansest

The dog racing data is taken frdmip://www.greyhound-data.cqra website
run by the international greyhound racing assamiatit tracks races, individual
dog performance, and racetrack specific racestawer The data in question is
specifically for the Jacksonville FL racetrack the year 2006. We have data on
races between June 1 and September 4. There a8 races per day
broken into afternoon and evening sessions. We bawglete data on 1037 races
on 77 days. There are two race lengths: 89 peafeéht races are 550 yards; 11
percent are 661 yards.

These races all have eight dogs. Dogs are grades;af similar grade are
raced against each other. There are 6 grades.\Rogdy age, sex, and weight.
The youngest dog raced when it was 16 months loddokdest when it was 64
months old. Dogs varied between 23 and 40 kg wighaetverage at 30 kg. Males
comprised 51.2 percent of the dogs in the sample.fastest dog in the short
races ran 54.7 feet per second, and in the loresr&2.7 feet per second.

Table 7 shows the reduced form regression for dog#ar to the one for
horses given in Table 5. The regression showsafitertnoon races are slightly
faster than evening races, and that shorter raee jgercent faster than longer
ones. The grades order the quality of the dogs th@glomitted class being the
fastest. The slowest cladd, which is for dogs between one and two yearsisid,
2.6 percent slower than the fastest. Purse, agghtyand sex do not predict
speedgeteris paribus.

The variable of interest is the variance of speetthé race. We see that it does
have a statistically significant effect. As variarincreases, average speed goes
down. However, as predicted, the effect of variamtespeed is smaller for dogs
than it is for horses. Dogs do not vary their é¢ffts much based on the
performance of the other competitors as do hofld@s responsiveness of dogs is
approximately one-third of the responsiveness o$ém
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Table 7. Reduced Form Estimate of Speed for Dogs

Independent Variables Coefficient Sd. Error
Afternoon 0.17 0.05
Grade A -0.47 0.18
B -1.17 0.18
C -1.71 0.17
D -2.06 0.17
M -2.64 0.20
Short Race 2.17 0.06
Purse -0.00 0.02
Age Average 0.28 0.19
Variance -0.08 0.60
Weight  Average -0.39 0.82
Variance 2.00 3.80
Sex Average -0.24 0.17
Variance -0.03 0.36
Variance of Speed -21.09 2.38
R-squared 0.81

Notes: 1037 Races. Dependent variable is log spdkecbefficients and
standard errors except Variance of Speed are riedtipy 100 and thus
are percentage effects. Purse, age and weight éogs. Single star
indicates 1 percent significance. Omitted grad® ishich are the fastest.
Fixed effects for date.

7. Conclusions

We have investigated the performance effect ofritice-based pay schemes.
Everyone agrees that incentive pay increases peafoze. However, there are
two alternative hypotheses that deliver this resifte model is that of all-out
effort. This theory claims that competitors goalt, all of the time, and the only
thing that distinguishes one match from anothénessorting of participants. The
other model is based on the Lazear-Rosen tournatmeorty. In this model,
players weigh the marginal payoff against the nmaigtost of effort and vary
their level of exertion from one contest to thetnéxthe all-out model,
individuals do not adjust their effort. In the LardRosen model, they do.

We compare these two theories to see which bati@naes the data. The
policy issue is important because if the all-oudelas correct, incentive pay for
existing workers is inefficient. An important fee#wf our investigation is the
theoretical structure of the empirical investigati®he tournament model has
subtle features and the contrast to the all-outehijuires attention. Our results
show that proper structural form is necessary sardjuish individual
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performance responses from field selection effats also exploit implications
of the tournament model that differ from the allowdel to perform reduced
form tests.

We examine performance in horse and dog racingndgructural estimation
in horse racing we find that the tournament moaelsdorganize the data more
precisely. These estimates show that only aroueetloind of the performance
increase resulting from higher prizes is due tostlection effect. This result is
very similar to the result found in field studiegh as Lazear (1996) of individual
worker performance in industrial settings. The sigpity of the tournament
model and the point estimate of the individual usrselection effect is
corroborated both in both horse and dog racingebyeced form results.
Importantly we find that competitors work less haigen talent is more
heterogeneous—a prediction of tournament theong-taat this effect is
stronger for horses than for dogs, as we would @xdpecause dogs are not under
direct control by handlers during the race.
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