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Abstract

The favorite-longshot bias presents a challenge for theorig®a$ion making under
uncertainty. This longstanding empirical regularity has documefhiad bietting odds
provide biased estimates of the probability of a horse winning, agdhots are overbet,
while favorites are underbet. Neoclassical explanations hawemakted this puzzle by
appealing to rational gamblers who overbet longshots due to riskA@r&et structures,
or alternatively information asymmetries. Competing behavicaplanations
emphasize the role of misperceptions of probabilities. We providevel empirical test
that can differentiate these competing theories, focusing on thegodt compound or
“exotic” bets. We test whether the model that best explainglgashchoices in one part
of their choice set (betting to win) can also rationalize @wtssover a wider choice set,
including betting in the win, exacta, quinella or trifecta pools. We havew large-scale
dataset ideally suited to test these predictions and find evideriaear of the view that
misperceptions of probability drive the favorite-longshot bias, as seghbgtProspect
Theory. Along the way we provide more robust evidence on the favongstiot bias,
falsifying the conventional wisdom that the bias is large enouglyidl profit
opportunities (it isn’t) and that it becomes more severe in the last race (ittfloes
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1. Introduction

The racetrack provides a natural laboratory for economists interested istandiang
decision-making under uncertainty. The most persistent empirical regutattiis literature is
the so-called “favorite-longshot bias”. That is, equilibrium market pribetting odds) provide
biased estimates of the probability of each horse winning. Specifically, bettoeslongshots
more than one might expect given how rarely they win, and they value favoritedéogivigh
how often they actually win. As such, the rate of return to betting horses 100/1 er great
about —61%; betting randomly yields average returns of -23%; while betting thegfavavery
race yields losses of only around 5.5%.

The literature documenting these biases is voluminous, and covers both bookmaker- and
pari-mutuel markets. The bias was first noted by Griffith in 1949, and has @eisisacetrack
betting data around the world, with very few exceptibns.

Roughly speaking, two broad sets of theories have been proposed to explain the favorite-
longshot bias. First, standard neoclassical theory suggests that the ptibettoing are willing
to pay for various gambles can be used to recover their utility function. While kstang
odds is actuarially unfair, the data suggest that this is particularlyfacudmgshots — which are
also the riskiest investment. Thus, the neoclassical approach can reconcileigihggand
the longshot bias only by positing (at least locally) risk-loving utility flomgj as in Friedman
and Savage (1948).

Alternatively, behavioral theories suggest that cognitive errors plag anratarket mis-
pricing. These theories generally point to laboratory studies by cogp#iyehologists
suggesting that people are systematically poor at discerning betwakiausditiny probabilities,
yielding the implication that they will price each similarly. Furthegpbe exhibit a strong
preference for certainty over even extremely likely outcomes, leadihfyprobable gambles
to be under-priced. These results form a key part of Kahneman and Tversky <PTosoey
(1979). These theories can rationalize the purchase of sometimes extrefaetyable lottery
tickets, and the violations of expected utility theory such as Allais Paradox.

Our aim in this paper is to test whether the risk-love or misperceptions modelsoenst f
data. While there exist many specific models of the favorite-longshot ibisection 3 we will

argue that they each yield implications for the pricing of gambles equivaleunt stark baseline

! Thaler and Ziemba (1988), Sauer (1998) and Snaydoed Wolfers (2006) survey the relevant literatur



models of either a risk-loving representative agent, or a representaiviendwp bases her
decisions on a set of decision weights that diverge from true probabilities. As suciskthe
love” versus “misperceptions” distinction is not so much a sharp dividing line between t
competing theories, but rather a taxonomy for organizing the two sets of theoass. M
formally, we ask whether the favorite-longshot bias reflects a non-liesponse to the potential
proceeds of a winning wager, or to the probability of winning that wager.

We combine new data with a novel econometric identification strategy to difédee
between these two classes of theories. Our data include all 6 million horstarése the
United States from 1992 to 2001. These data are an order of magnitude larger thanrany othe
dataset previously examined, and allow us to be quite precise in establishirdgvaetretylized
facts. Our econometric strategy relies on compound gambles to distinguiskrbdteeries
based on risk-love or misperceptions. While previous authors have relied on averagle rates
return to win bets to describe the favorite-longshot bias, such data cannot sbparate t
theories without imposing arbitrary functional form assumptions regarding githatility
function or types of misperceptions. That is, the general tendency to overbet loagshots
underbet favorites can Ibely rationalized by appealing to a standard rational-expectations
expected-utility model, with lower rates of return from betting favodtesto the different
slopes of the utility function over different potential payoffs. Equally the fe#wngshot bias
can bdully explained by appealing to expected wealth maximizing agents who are soilgject t
set of misperceptions that causes them to overweight small probabilities andaigidelarge
probabilities in a specific way. That is, without parametric assumptionsiwi@@re unwilling
to make), the two theories yield observationally equivalent implications foageeates of
return to betting horses at different odds. Our research question is mosttsirdilbien and
Salanié (2000) who provide the most sustained attempt at differentiating prefeardc
perception-based explanations of the favorite-longshot bias. Their approach enspnasize
identification strategy based on differences in the extent of the bias adfesentiraces.

Our innovation is to argue that compound lotteries (called “exotic bets” at theackgye
can be used to derive testable restrictions that differentiate theseshdesreexample, an

“exacta” requires one to bet on both which horse will come first and which will seomad.

2 Or adopting a neoclassical versus behavioralndititin, we follow Gabriel and Marsden (1990) iniagk “are we
observing an inefficient market or simply one inigththe tastes and preferences of the market paations lead to
the observed results?”



Our approach is to ask whether the specific forms of preferences and perciatioasonalize

the favorite-longshot bias (based on win betting data) can also explain the pfiexagrtas, and
other compound lotteries. By expanding the choice set under consideration (to corregipond w
the bettor’s actual choice set!), we have the opportunity to use each theory taidemie

testable restrictions. Rossett (1965) provides a related analysis in that idersomst only win
bets, but also combinations of win bets as being present in the bettors’ choice setyansd aut
such as Ali (1979) and Asch and Quandt (1987) have tested the efficiency of compound lottery
markets. We believe that we are the first to use these prices to distinguisbrbebmpeting
theories of possible market (in)efficiency. Of course the idea is much Bliegtman and

Savage (1948) noted that a hallmark of expected utility theory is “that theoneaicpersons to
complicated gambles can be inferred from their reaction to simple gambles.

To demonstrate the application of this idea to our data, note that the rate of return to
betting horses between around 3/1 and 10/1 is approximately constant (at —18%), andioose t
average (Figure 1). Thus, under the misperceptions model, one would infer that thiges a ra
over which bettors are equally well calibrated, and hence that betting dmnedions of
outcomes among such horses should yield similar rates of return. Thating) betéin exacta
with the 3/1 horse to win and the 10/1 horse to come second should yield similar expected
returns to betting on the reverse ordering (albeit at different odds). Thewesinodel suggests
that bettors have different preferences over betting at different odds, and henqeettede
returns to these alternative exactas will differ. To see this, note thabtledikely exacta (3/1
then 10/1) is about a 30/1 chance, while the reverse ordering exacta is about a 40/1 chance.
Given that the risk-loving bettor prefers the opportunity to win big, they will bengithh accept
a larger risk penalty (or negative risk premium) for betting on the lesg ékekta, decreasing
its rate of return in equilibrium.

The rest of this paper proceeds as follows. In section two, we review the ampiric
literature, and establish a set of robust stylized facts. Section three prwdgping of the
theories proposed in the favorite-longshot bias literature into our “risk-love” versus
“misperceptions” taxonomy. We then lay out the implications of each theory fpritheg of
exotic bets, formalizing the intuition offered above. To preview our findings, thagrici

function implied by the misperceptions models better matches the observedpesgactas,



quinellas and trifecta’.Section five reviews the robustness of this result, and section six
concludes. Our key finding is that rationalizing pricebath win bets and compound lotteries
requires a utility function that is non-linear in probabilities, and the relevababpility
weighting function resembles that proposed in Kahneman and Tversky's Prospegt The

2. Stylized Facts

Our data contains all 6,301,016 horse starts run in the United States between 1992 and
2001. These data are official jockey club data, and hence are the most precasaitizle.
Data of this nature are prohibitively expensive, which presumably explainsredipys studies
have used substantially smaller samples. While we have a vast databasg borsecand
every race, jockey, owner, trainer, sire and dam, we will only exploit the bettegatal
whether or not a horse finished first, second or third in each race. The betting odds are
determined by a pari-mutuel betting system. Appendix A further describes @he dat

We summarize our data in Figure 1. We group horses according to their odds and
calculate the rate of return to betting on every horse in each group. Data arel grapheg-
odds scale so as to better show the relevant range of the data. Figure hetextisal rate of
return to betting on horses in each category. The average rate of returttirigrfaeorites is
about —5.5%, while for horses at a mid-range of 3/1 to 15/1 yield a rate of return of —18%, and
real longshots — horses at 100/1 or more — yield much lower returns of -61%. It is thig findi
that we refer to as the “favorite-longshot bias.” Figure 1 also shows the stiene fma the
201,685 races for which the jockey club recorded payoffs to exacta, quinella ¢a toid¢x.
Given that much of our analysis will focus on this smaller sample, it is reagsnisee a similar
pattern of returns.

Figure 2 shows the same rate of return calculations for several othsatdaté/e present
new data from 2,725,000 starts in Australia using data from South Coast Database, and 380,000
starts in Great Britain, using data from flatstats.co.uk. The favoritsiant bias appears
equally evident in these countries, despite the fact that these odds are from akawekm
dominated market in the United Kingdom, and bookmakers competing with a state-run pari

% Exactas are a bet on two horses to finish firdtsectond in a particular order. A quinella is adretwo horses to
come first and second in either order, and a tafecs a bet on three horses to come in first,reend third in
order.



mutuel in Australia. Figure 2 also includes historical estimates of the @ngshot bias,
showing that it has been largely stable since it was first noted in Grif49)t

The literature has suggested two other empirical regularities thedmwexplore. First,
Thaler and Ziemba (1988) have suggested that there are in fact positive ratasnab betting
extreme favorites, perhaps suggesting limits to arbitrage. However, @mnfigence intervals
in Figure 1 show, there is substantially greater statistical uncgredott returns on extreme
favorites, and in none of our datasets are there statistically signg@@stto betting extreme
favorites. This is similar to Levitt's (2004) finding that despite signifieaoimalies in the
pricing of bets, there are no profit opportunities from simple betting strategies

Second, McGlothlin (1956), Ali (1977) and Asch, Malkiel and Quandt (1982) argue that
the rate of return to betting moderate longshots falls in the last race ofyth&liiée these
conclusions were based on small samples, these studies have come to be welely cit
Kahneman and Tversky (1979) and Thaler and Ziemba (1988) interpreted these previtsus resul
as consistent with loss aversion: most bettors are losing at the end of the dag,“anekth
even stakes”—as bettors call the last race—provides them with a chanceujp tieeir losses.
Thus, bettors underbet the favorite even more than usual, and overbet horses at odds that would
eliminate their losses. The dashed line in Figure 1 separates out data frast thed; while the
point estimates of the longshot bias differ, these differences are notcstllyisignificantly
different from earlier races. (Given that this sample is about one-ninttgasakthe full
sample, the relevant confidence interval is about three times widergrdfilas evidence of
loss aversion in earlier data, it no longer appears evident in more recent data, tieen a
favorite-longshot bias has persisted.

As such, we propose that a satisfactory theory must be compatible with thengllow
robust stylized facts:

» Rates of return to betting fall as the odds rise. Returns are slightly negagxéreme
favorites, moderately negative on mid-range horses and extremely ndégatorggshots;
* The bias has been persistent for fifty years; and

* The bias occurs across bookmaker, pari-mutuel and combination markets.

* The most notable exception is Busche and Hal@88§) finding that the favorite-longshot bias was exident in
data on 2,653 Hong Kong races; Busche (1994) auafthis finding on a further 2,690 races in Hong&ocand
1,738 races in Japan.



In section three we will argue that these facts are not sufficient tcasepiak-love from
misperception-based theories. As such, we propose a fourth test: that a the anyedieteel
explain equilibrium odds of horses winning should also be able to explain the equilibrium odds

in the exacta, quinella and trifecta markets.

3. Two Models of the Favorite-Longshot Bias

We start with two extremely stark models, each of which has the merit of@tynpl
Both are representative agent models, but as we suggest below, can be ugefnthee to
incorporate heterogeneity. Aggregate price data cannot separateifyy icgme complex

models from these representative agent models.

The Risk-Love Model

Following Weitzman (1965), we postulate an expected utility maximizer with sedbia
beliefs. In equilibrium, bettors must be indifferent between betting on the atorseA at
odds ofO,/1, with a probability of winning gba, and betting on a longshBtat odds 0fOg/1,
with probability of winning ps:

pa U(On) = ps U(Op) (normalizing utility to zero, if the bet is lost). [1]

Given that we observe the odd3x(Og) and the probabilitieg4, ps) of horses in each
odds-group winning, these data identify the representative bettor’s utilitydarfap to a
scaling factorf. In order to fix a scaling, throughout this paper we normalize so that utility is
zero if the bet loses, and utility is one if you choose not to bet. Thus, if the bettorfes@mdif
as to whether to accept a gamble that wins with probapijlid§fering odds ofO/1, then
U(O)=1p. The left panel of Figure 3 performs precisely this analysis, backing outlitye uti
function required to fully rationalize the choices shown in Figure 1.

As can be seen, a risk-loving utility function is required in order to rationalitta e
accepting lower average returns on long shots, even as they are riskierHgetgility function
shown fully explains all of the variation in Figure 1 (by construction). The charshtswvs that

a CRRA utility function also explains the data reasonably well.

® Following Jullien and Salanié (2000), we also assthat each bettor chooses to bet on only one s race,
and that they bet a constant amount.
® See Weitzman (1965), Ali (1977), Quandt (1986) dmitlen and Salanie (2000) for prior examples.



Several other theories of the favorite-longshot bias have also been proposezldhat y
implications that are observationally equivalent to a simple risk-loving raquteds/e agent
model. For instance, Thaler and Ziemba (1988) argue that “bragging rightsé &am
winning a bet at long odds. Formally, this suggests agents maximize expediedulidre
utility is the sum of the felicity of wealtly, and the felicity of bragging rights or the thrill of
winning, b, and hence the expected utility of a gamble at @iddich wins with probabilityp,
can be expresse®U(O) = p [y(wotO) + b(O)] + (1-p) y(wp-1)

As in the representative agent model, bettors will be prepared to accept lmwes o
riskier wagers (betting on longshots) if U”>0. This is possible if eithefelety of wealth is
sufficiently convex, or bragging rights are increasing in the payoff affiaisafly increasing
rate. More to the point, revealed preference data do not allow us to separatifly ediects
operating througly, rather tharb, and this is the sense in which the model is observationally
equivalent with the simple representative agent who is risk loving. A simijam&nt applies to

Conlisk (1993) in which the mere purchase of a ticket on a longshot may confer some utility

The Misperceptions Model

Alternatively, under the perceptions-based approach, we postulate a risk-neutr
subjective expected utility maximizer, whose subjective beli€fg, are systematically biased
estimates of the true probabilitiesn equilibrium, bettors must believe that the rates of return to
betting on any pair of horsésandB are equal, and that there are no unexploited profit
opportunities:

m(Pa) (Oat1) = 7(ps) (Ost1) =1 [2]

Consequently data on the odds of each h@gedg) and the probabilities of horse in
each odds class winninga( ps) reveal the “decision weights” of the representative bettor. The
right panel of Figure 3 shows the probability weighting function implied by the datgureFL.
The low rates of return to betting longshots are thus rationalized by #ré@sshat bettors tend

to bet as though horses “tiny” probabilities are actually “moderate” pridgieshi Beyond this,

" While we term the divergence betweeandp “misperceptions”, in non-expected utility theoriesan be
interpreted as a preference over types of gamhJesler either interpretation our approach is validhat we test
whether gambles are motivated by nonlinear funstmfwealth, or utility.



the specific shape of the declining rates of return identifies the decisightsvat each poin.
Interestingly, this function shares some of the features of the decision sveigtghneman and
Tversky's (1979) Prospect Theory, and the figure shows that the one-paramisiendec
weighting function suggested by Prelec (1998) fits the data quite closely.

While the assumption of risk-neutrality is clearly too stark, as long asgdgtmble
small proportions of their wealth, the relevant risk premia are also second2okdiereover
while we have presented a very sparse model, a number of richer theories nguepesed
that also yield similar implications. For instance, Henery (1985) and Wdlend Paton (1997)
argue that bettors discount a constant proportion of the gambles in which they bet on a loser
possibly due to a self-serving bias in which losers argue that conditions waicalatydecause
longshot bettors lose more often, this discount yields perceptions in which betting simolisng

seems more attractive.

Implications for Pricing Compound Lotteries

We now turn to showing how our two families of models—while each just-identified
based on the prices of win bets—yield different implications when pricing exasic Astsuch,
our approach partly responds to Sauer’s (1998, p.2026) call for research that provides
“equilibrium pricing functions from well-posed models of the wagering market.”

We start by showing the example of the exacta in detail (picking théxodtorses in
order). As before, we price these bets by considering indifference coadifwiting an exacta
requires data on the perceived likelihood of the pick for first actually winning, and cowadlibin
that occurring, the likelihood of the pick for second coming second, as well as theshsitlidy’
function. As such, a bettor will be indifferent between betting on an exacta widsAdrenB
paying odds of &/1 and not betting (which yields no change in wealth, and hence a utility of

one), if:

& There remains one minor issue: As figure 1 shtwsses never win as often as suggested by theiodds
because of the track-take. Thus we follow the eation in the literature and adjust the odds-intbpeobabilities
by a factor of one minus the track take, so they #ire on average unbiased; our results are dquaditasimilar
whether or not we make this adjustment.

° For instance, assuming log utility, if the bet®mdifferent over betting% of their wealth on horse A or B, then:
7(pa) log[w+wxO,] + [1-7(pa)] log[w-wx] = z(ps) log[w+wxOg] + [1-z(pg)] log[w-wx], which under the standard
approximation simplifies tat(pa) (Oat+1) = z(pg) (Os+ 1), as in equatiof2] .



Risk-Love Model Misperceptions Model

(Risk-lover, Unbiased expectations) (Biased expectations, Risk-neutral)
pA pB|AU (OAB) =1 ﬂ( pA)ﬂ( pB|A)(OAB +1) =1

Noting p=1/U(O) from equation [ 1] Noting 77(p)=1/(O+1) from equation [ 2]
=0,, =U"(UOW(0y))  [3] = 0,5 =(0,+1)(0y+1) -1 [4]

Thus under the perceptions model, the odds of aotayare a simple function of the odds
of horseA winning, and conditional on this, on the odd8afoming second. The preferences
model is more demanding, requiring that we estirttaeutility function. We estimated the
utility function based on the pricing of win beis Figure 3), and thus we can invert this to
compute unbiased win probabilities from the bettidgs'®

Our empirical tests simply test which of equatip8lsand[4] better fit the pricing of
exacta bets. We also apply an analogous approable pricing of quinella and trifectas bets;

the intuition remains the same, but the mathemalieiails are described in Appendix B.

Two Digressions

Coding of Compound Lotteries

As in Prospect Theory, the frame the bettor adimptis/ing to assess each gamble is a
key issue, particularly in the misperceptions modgpecifically, equatiopd] assumes that
bettors first attempt to assess the likelihoodarsa A winningsz(pa), and then assess the
likelihood of B coming secona(pga), Wwherepga denotes the probability of horse B coming
second given that horse A is the winner. An alitve frame might suggest that bettors directly
assesses the likelihood of first-and-second contibims 7(papsja). Given a non-linear
weighting function, these different frames yieléfetient implications.

There is a direct analogy in the literature onabgessment of compound lotteries: does
the bettor separately assess the likelihood of w@an initial gamble (picking the winning
horse) which yields a subsequent gamble as itg jgpizking the second-placed horse), or does
she consider the reduced-form compound lotteryalysis by Camerer and Ho (1994) suggests

that the accumulated experimental evidence is mamsistent with subjects failing to reduce

19 Note from figure 1 that we do not have sufficidata to estimate the utility of winning bets atlsgreater than
132/1, and so we do not attempt to price bets whdsgs would be longer than 132/1; this limitatienmost binding
for our analysis of trifectas bets.



compound lotteries into their simple lottery equévd, providing a potential rationale for our
treatment in equatiof¥] .

Alternatively, we could choose not to defend eithg&sumption, leaving it as a matter for
empirical testing. Interestingly, if gamblers’ atl@ frame consistent with the reduction of
compound lotteries into their equivalent simpleédot form, this yields a pricing rule for the
misperceptions model that is equivalent to thatliiedpby the risk love modéf: Thus, evidence
consistent with what we are calling the risk-lovedal accommodates either risk-love by
unbiased bettors, or non-risk-loving but biaseddsst whose bias affects their perception of an
appropriately reduced compound lottery. By confth® competing “misperceptions model”
not only relies on falsification of the reductiohoompound lotteries, but also posits a specific
form for this violation (shown as equatip4 ).

This discussion implies that results consistenh witr risk-love model are also consistent
with a richer set of models emphasizing choices siaple gambles, including models based on
the utility of gambling, information asymmetry amits to arbitrage, such as Ali (1977), Conlisk
(1993), Shin (1992), Hurley and McDonough (19951a@ani and Sgrensen (2003), Manski
(2004). That is, any theory that prescribes aifipdsias in a market for one form of simple
gamble (win betting) will yield similar implicatianin a related market for compound gambles if
gamblers assess their equivalent simple gamble. f@ynmplication, rejecting the risk-love

model substantially narrows the set of plausibéotles of the favorite-longshot bias.

Conditional Probabilities

Note that both equation8] and[4] suggest that pricing an exacta bet requires data o
Oga — the odds oB coming second, conditional @ncoming first; however the odds of this bet
are not directly observed. We begin by inferring tonditional probabilitpga (and hence
n(pgja) andOgja) from win odds, thereby assuming that bettorsevelin conditional
independence. That is, we apply the so-called H&u(1973) formulaz(pga)==(ps)/ (1-7(pa)),
wherez(p)=p under the risk-love model. This assumption isa&ithinking about the race for

™ To see this, note that the indifference condifmrthe reduced compound lottery #%papgia) (Ot 1) = 1, and
henceOpg = U/n(pag)-1. The risk-love pricing model can be expressgg:= U'l(pApB|A). Because identical data
(from Figure 1) is used to construct the utilitydadecision weight functions respectively, and bseazach is
constructed to rationalize the same set of chaiwes simple lotteries, each also rationalizes Hraesset of choices
over compound lotteries if choices in both moddisyothe reduction of compound lotteries into eqleinisimple
lotteries.

10



second as a “race within the race” (Sauer, 1998ih this assumption in hand, we can explore
how either the utility function or decision weiglitspicted in Figure 3 yield different
implications for pricing of exactas. While relying the Harville formula is standard in the
literature—see for instance Asch and Quandt, 198i/section 5 we show that our results are
robust to dropping this independence assumptiahgatimating this conditional probability

from the data.

4. Results

Figure 4 shows the pricing functions implied by tis&-love and misperception models,
respectively; the x- and y-axes show the odds coh barse, and the z-axis shows the
equilibrium exacta odds implied by each model.

Our test of the two models simply involves estimgtivhich of the pricing functions
shown in Figure 4 better fits the data. In Tabladin Figure 4) we convert the odds into the
price of a contingent contract that pays $1 ifcthesen exacta win®rice= 1/(Odds+1). We
test the ability of each economic model to prethitt price by regressing the price of the
winning exacta against the prices implied by pexfee model (column 1), the perceptions
model (column 2) and then put them both in horse-ragression (excuse the pun) in column 3.

Comparing columns 1 and 2, the explanatory powéneperceptions model is
substantially greater, and the regression in colBraanfirms this, showing that when the
regression is allowed to choose optimal weightghenmplications of each theory, it strongly
prefers the perceptions model.

Panels B and C of Table 1 repeat this analysisthisitime extending our test to see
which model can better explain the pricing of qllanand trifecta bets; the intuition is similar to
the exacta test. Appendix B contains further matktecal detail. Each of these tests across all
three panels suggests that the misperceptions rfitedtle data better than the risk-love model.

We have also re-run these regressions a numimhef ways to test for robustness, and
our conclusions are unaltered by: whether or notnekide constant terms in the regressions;
whether or not we weight by the size of the betpogl; whether we drop observations where
the models imply very long odds; whether or notaslpist the perceptions model in the manner
described in footnote 8; and different functior@fis for the price of a bet, including the natural

log price of a $1 claim, the odds, or log-odds.

11



An immediate question that arises is why the presen potential entry of unbiased
bettors has not undone the price effects of bettisse probability assessments are biased. The
persistence of the bias in this context may retieetlarge track take (equivalent to a bid-ask
spread in financial markets), which ensures thantisperceptions model yields almost no
exploitable profit opportunities in any of the liegt pools. This is not to say that these
misperceptions are not costly: As Figure 1 show#jrig on longshots is around eleven times

more costly than betting on favorites, and thislifng carries through to compound lotteries.

5. Robustness and Conditional Independence

Recall that we observe all of the inputs to bothipg models except the odds of horse B
finishing second, conditional on horse A winninghile we used the convenient assumption of
conditional independence to assess the likely ofitiss bet, there may be good reason to doubt
this assumption. For instance, if a heavily faddnerse does not win a race, this may reflect the
fact that it was injured during the race, whichrtlmplies that it is very unlikely to come
second. That is, the win odds may provide useafidance on the probability of winning, but
conditional on not winning, may be a poor guidéhte race to come second. We now turn to
both testing this assumption, and then derive wvthér tests can distinguish between the risk-
love and misperceptions models even if conditioméépendence faifs.

We test the conditional independence assumpticasking whether the Harville formula
provides a sufficient statistic for whether a hongk come second. We compute the Harville
statistic apaps/(1-pa), Wwherepa andpg reflect the probability that horses at odd#\tf andB/1,
respectively, win the race. We then run a lingabpbility model where the dependent variable
is an indicator variable for whether horse B ruesosid. Probits yield similar results.

The first column of Table 2 shows that the Harvilemula is an extremely useful
predictor of the probability of a horse finishingcend. To provide a useful yardstick for
thinking about the explanatory power, note that thiabout four-fifths as high as thé ¢he gets
when trying to explain which horse wins the rac@ng the betting odds as the regressor. In
columns two and three however, we find compelliviglence that the Harville formula is not a

sufficient statistic. In column two we add dumnariables representing the odds of the first

12 A qualifier: Even if conditional independence it is not immediately obvious that it yieldsas that are
correlated in such as way as to drive our mainlt®siven so, this is an issue for empirical testi
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place horse and the odds of the second placed (woesese 74 odds groupings in each case).
F-tests clearly reveal these fixed effects to bésdically significant. In column three we
include a full set of interactions of these fixdfkets, estimating the conditional probability non-
parametrically from the odds of the first and setplaced horses; this regression is equivalent
to estimating a large table showing the proportibrunners at odds @/1 who won the race for
second, given the winner was at oddé\df

We now use these non-parametrically estimated piliies as a robustness check on
our earlier results in Table 1. That is, rath@ntmferringpga (and hence(pgja) andOgs) from
the Harville formula, we simply apply the empirigaibbabilities estimated in the equation
shown in column 3 of Table 2. We implement thisreise in Table 3, calculating the price of
exotic bets under the risk-love and misperceptiodahs, but adapting our earlier approach to,
so thatpga, is derived from the data. Again we run a hoesebetween the competing
theories:®

The results in Table 3 are consistent with thosEaible 1. For both exacta and quinella
bets, the misperceptions model has greater explgnabwer than the risk-love model, and in a

horse race, is strongly preferr&d.

Relative Pricing of Exactas and Quinellas

Our final test of the two models is even more narmetric, and relies only on the
relative pricing of exacta and quinella bets. Ppbever of this test comes from simultaneously
considering exacta and quinella bets as both h@iesent in the bettor’s choice $&tAs before,
we derive predictions from each model and test iwbetter explains the observed data. The
advantage of focusing only on comparisons betweerfiitst two horses is that these tests are —
by construction — conditionally independent of tharacteristics of all other horses in the race
and hence the assumptions required for identiioadire even weaker.

To see the relevant intuition, consider the priaih@ both an exacta and a quinella

involving both a horse A, at odd¢l, and horse B, at odd&1. The exact#®-B (A-B represents

13 Because the precision of our estimatepgpfvary greatly, WLS weighted by the product of tqeared standard
error ofpga andp, might be appropriate. Such an estimation proceproguces qualitatively identical results.

1% Unfortunately we cannot extend this method toipgdTrifecta bets, because we cannot estimatedhéitional
probability of a third-placed finish, conditionah ¢he odds of the first two with any real accuracy.

!5 Note that these tests are distinct from the warkiithors such as Asch and Quandt (1987) and Do{t:683),
who test whether exacta pricing is arbitrage-lint@avin pricing. Instead, we ask whether the sameel that
explains pricing of win bets cgnintly explain the pricing of exacta and quinella bets.
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A winning andB coming second) occurs with probabilfy* pgja; the B-A exacta occurs with
probabilitypg* pa. By definition the corresponding quinella payswfien the winning exacta
is eitherA-B or B-A and hence occurs with probabilfgy* psja + pe*pag. If horseAis the
favorite, the exactA-B is more likely tharB-A and hence less risky. This implies that under the
risk-love model the equilibrium the rate of rettorexactas putting the favorite first will be
higher than that on the reverse ordering. By contrastntisperceptions models is linear in
beliefs, implying relative payoffs to the two bgpés are proportional to theaerceived
occurrence. As such, under the misperceptions htioelee are values & andB in which the
rate of return to exactas putting the favoritet fivél be lower than the reverse ordering. While
we only observe the prices of the winning exac&algo observe the winning quinella, which
effectively bundles both th&B andB-A exacta, and hence each model yields unique
implications for the relative prices of the winniagacta and quinella bets. Specifically,
consider thé\-B exacta at odds &as/1, and the corresponding quinellaCifl.

Risk-Love Model Misperceptions Model

(Risk-lover, Unbiased expectations) (Biased expectations, Risk-neutral)

Exacta: p,pgal (Epg) =1 Exacta: 71(p,) 71 Pga)(Ene 1) =1
_ U@ A+1 A+1
= Py = [5] - =t
BIA U(EAB) 7T(pB|A) EAB+1:> pB|A T (EAB +:J [6]

Quinella: [ p, Py + Py Pag JU(Q) =1 Quinella:| 72(p,) 7 Pyya) + (P ) 71 Pys) | (Q+1) =1
=>IOB|A=U(A)[ - s ] [7] 7T(pA|B):(B+1)( L 1 J: pNB:H—l((Bﬂ)(EAB—Q)J (8]

U(Q U(E,) Q+l E,g+1 Enw+DQ+1D)
Hence, from[1], [5] and [7]: 41 o A+1
PaPga  _ " (Aﬂj” (EABJ’J [10]
PePas  _ U(Q) 9] pApB|A+poA|B',T_1( 1 jﬂ.l A+l +ﬂ_1( 1 jﬂ.l (B+1)(E-Q)
P Pag + PaPea U (Egs) A+1 o+l B+1 E + DR+ 1)

Equationd 9] and[10] shows that for any pair of horses at win oddsandB/1 with
quinella odd€)/1, each model yields different implications for hreguently we expect to
observe thé-B exacta winning, relative to ti2A exacta. In a simple regression predicting
which of the top two horses is the winner, the mispptions model yields a robust and

significant positive correlation with actual outcesn(coefficient = 0.70; standard error = 0.015),
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while the misperceptions model is negatively caied with outcomes (coefficient = -0.41,
standard error = 0.014).

Equations 9 and 10 also yield distinct predictiohthe winning exacta evesthin any
set of apparently similar races (those whose tiivstfinishers are ad/1 andB/1 with the
quinella payingQ/1). Thus, we can include a full set of fixed eftefur A, B, Q and their
interactions in our statistical tests of the predictions offeamdel'® The residual after
differencing out these fixed effects is the presliclikelihood thaiA beatsB, relative to the
average for all races in which a horses at odd$bandB/1 fill the quinella at odd€/1. That
is, for all races we compute the predictions oheaodel for the likelihood that exachaB
occurs, relative t®8-A, and subtract the baseline A*B*Q cell mean todjittle model
predictions, relative to the fixed effects. Thsults, summarized in Figure 5 are remarkably
robust to the inclusion of these multiple fixedeets (and interactions): the coefficient on the
misperceptions model declines slightly (and indigantly), while the risk-love model maintains
a significant but perversely negative correlatiagthvwutcomes.

Given the presence of these A*B*Q fixed effectshibuld be clear that this test of our
two theories differs from our earlier tests; speeity by focusing only on the relative rankings
of the first two horses, this test entirely elimegmparametric assumptions about “the race for
second place.” ltis also clearly that the praieeesbased model does a much better job in
predicting the winning exacta, given horses thash in the top two positions (and their odds).

These tests imply that while a risk-love model barconstructed to account for the
pricing of win bets, it yields inaccurate impliaais for therelative pricing of exacta and
qguinella bets. By contrast, the perceptions-basedel is consistent with the pricing of exacta,
quinella and trifecta bets, and as this sectionvslalp also consistent with the relative pricing of
exacta and quinella bets. Moreover, these reatgtsobust to a range of different approaches to

testing the theory.

6. Conclusion
Employing a new and much larger dataset, we dontimset of stylized facts

concerning rates of return to betting on horses.wi#h other authors, we note a substantial

16 Because the odds B andQ are actually continuous variables, | include fixdficts for each percentile of the
distribution of each variable (and a full set dkiractions of these fixed effects).
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favorite-longshot bias. Naturally, the term “bias’'somewhat misleading here. That the rate of
return to betting on horses at long odds is mualeidhan the average return to betting on
favorites simply falsifies a model that bettors imaxe a function that is linear in probabilities
and linear in payoffs. Thus the pattern of pricoag be reconciled either by positing concavity
in the utility function, or a non-expected utilfiynction employing nonlinear probability weights
that violate the reduction of compound lotteri€®r compactness, we referred to the former as
explaining the data with “risk-love”, while we ref® the latter as explaining the data with
“misperceptions”. Neither label is particularlycacate, because each category includes a wider
range of competing theories.

We show that these models can be separately ighbibsed on aggregate data by
demanding that models that can explain choices loa#ing on different horses to win can also
explain choices over compound bets, such as exaptallas and trifectas. Because the
underlying risk, or set of beliefs (depending oe thlevant theory) is traded in both the win and
compound betting markets, we can derive uniquaklésimplications of both sets of theories.
Our results are more consistent with the favootegshot bias being driven by misperceptions
rather than risk-love. Indeed, while each modatasvidually quite useful for pricing
compound lotteries, in a horse race the mispermeptinodel strongly dominates the risk-love
model. These results are robust to a range ohalige approaches to testing the theories.

These biases likely persist in equilibrium becabsemisperceptions are not sufficiently
large as to generate profit opportunities for usethbettors. That said, the cost of this bias is
also very large, and de-biasing an individual rettauld reduce the cost of their gambling
substantially.

While noting that our misperceptions-based moitiekiie full set of bettors’ choices over
simple and compound bets, rather than statingpagttonclusion, we would simply argue that
our results suggest it seems likely that non-exgekatility theories are the more promising
candidate for explaining racetrack bettor behavids.such, this provides some cause for
optimism that misperceptions may also explain ari@®m& other domains of decision-making

under uncertainty.
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Appendix A: Data

Our dataset consists of all horse races run infN@&merica from 1992 to 2001.
The data was generously provided to us by Axcis mesubsidiary of the jockey club.
The data record performance of every horse in e&ith starts, and contains the universe
of officially recorded variables having to do witie horses themselves, the tracks and
race conditions.

Our concern is with the pricing of bets. Thus, pumary sample consists of the
6,301,016 observations in 763,238 races for whichagds and finishing positions are
recorded. We use these data, subject to the dadainb restrictions below, to generate
Figures 1-3. We are also interested in pricingc&aquinella and trifectas bets and have
data on the winning payoffs in 314,977, 116,307 282|576 races respectively. (The
prices of non-winning combinations are not recorpled

Due to the size of our dataset, whenever obsenati@re problematic, we
simply dropped the entire race from our datasgeckically, if a race has more than one
horse owned by the same owner, rather than delal“eoupled runners”, we simply
dropped the race. Additionally, if a race had addeeat for first, second or third place
the exacta, quinella and trifecta payouts may eadrurately recorded and so we
dropped these races. When the odds of any hongerefgorted as zero we dropped the
race. Further if the odds across all runners iedgpihat the track take was less than 15%
or more than 22%, we dropped the race. After tseses, we are left with 5,608,281
valid observations on win bets from 679,049 races18651,018 observations from
201,685 races include both valid win odds and dayfof the winning exotic bets.

Finally, Figures 1-3 show the mapping between addkthe true probability of
winning that we use throughout the paper. Forgsribat are relatively common (such as
4/1), we had enough observations that we couldbigliestimate the probability of horses
at those odds winning. At more unusual levelsliewe had to group together horses
with similar odds Our grouping algorithm chose wdth of each bin so as to yield a
standard error on the estimated rate of returhahhin less than 2%; we include all starts
above 100/1 in a single final grouping. We usetmsistent set of data and odds
groupings for all the results in our paper, anddirly interpolate between bins when
necessary.

Appendices—1



Appendix B: Pricing of Compound Lotteries using Conditional Indep&dence

In the text we derived our pricing formulae forging exacta bets explicitly; this
appendix extends that analysis to also includeptieeng of quinella and trifecta betting.
The following formulae, derived in the text, aratral for the derivations in this section:

Risk-Love Model Misperceptions Model

(Risk-lover, Unbiased expectations) (Biased expectations, Risk-neutral)
U(0)=1/p [1] n(p)=1/(1+0) [2]
=0=U"(1/p) =0=1/mp)-1

Our pricing of compound bets proceeds simply byngothat the expected utility
of all bets should be equalized. An exacta reguine bettor to correctly specify the first
two horses, in order. A quinella is a bet on twerosles to finish first and second, but the
bettor need not specify their order. A trifectaidet on the three horses to finish first,
second and third, and the bettor must correctlgifpéheir order. Thus the quinella and
trifecta analogues to equatio@ and[4] in the main text fottttare:

Risk-Love Model Misperceptions Model

Quindla Quindla

(PaPga t Pe PV (Que) =1 [ 72(Pa) (D) + 71(P) 71 Pogs) ] (Qus +1) = 1

o Qu=U L U (O,)U (Ogu)U (O5)U (Oys) ] 5 o - (04+1)(O+ 1) (0g+1) (O +1)
U(GOu (OBlA) +U (O;)U (OAlB) hB (OA+ 1) (OB|A+ l) + (OB+ 1) (OA|B+ l)

Trifecta Trifecta

PaPsjaPoja gl (Thac) =1 TT(PA) 7T Pja) T Pejp ) (Tase *1) =1

ST U (UOUON ) [ o1 2(0,41)(04,1)(Opes +1) -1

The odds dataQa, Og and Oc are directly observable. The utility)Y and
probability weighting £) functions that we use are shown in figure 3. Thus we have all
the data necessary to price these compound bets except the conprbdadilitiesOg)a,

OA|B anquA,B.

We provide two approaches to recovering these unobservables. Insthe fir
approach we assume conditional independence, as in Harville (1973). Thus,
Pea=Pe/(1-Pa), Pas=PA/(1-pa) and pcias=pc/(1-pa-ps). Our second approach directly
estimategga from the data for eac®,*Og cell, as described in column 3 of Table 2.
The same function also yields an estimatepf. Unfortunately we do not have enough
data to estimatgcag in the same way. Under both approaches these probability
estimates are then fed into formu[d¢ and[2], respectively to recover the relevant odds
Ogja, Opg andOgjae.
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Figure 3: Rationalizing the Data

Two Models Explaining the Favorite-Longshot Bias

Risk-Loving Utility Function
Assuming Unbiased Expectations

o Utility Function
fully rationalizing Longshot bias
— —— Risk Neutral Utility Function
Constant Relative Risk Aversion
Rho=-0.16 (risk love) //
)
[
O
n
D
o
S
2
5
T T T T T
WO0-b  WOWO0+b WO0+10b WO0+100b

Wealth (Log Scale)
[Units: WO=lInitial Wealth; b=Bet Size]

Perceived Probability (Log scale)

.02+

.01+

.005+

Probability Weighting Function

Assuming Risk-Neutrality

o Probability Weighting

fully rationalizing Longshot bi,

— Unbiased Expectations

Prelec weighting functi
exp[-(-In(p))"al; a=.

©

T
.0025.005 .01 .02 .05 .1 .2 5 1

Actual Probability (Log'scale)'

Figures—2



0.8

0.6

0.4

Exacta Price

0.2

Figure 4: Predicted Exacta Pricing — Risk-Love and Misperception Mods

Predictions of the Perceptions Model
Odds shown as price of a contract paying $1 if bet wins

Price:
First Place Horse

Second Place Horse

Predictions of the Preferences Model

Odds shown as price of a contract paying $1 if bet wins

Second Place Horse

Figures—3

\ - T T T T [ - o e m g m = .
! ! " | I :\\

Iy | : H\ //, : : i

SR ‘ | 1L 0.8 N ‘ ‘ i

r RLELIR N i hn L W) S R o
Al : : i AR | | \\‘:\\
il i AYRA AW ! e

— 1 | | Il | \ | |
| Y NI
L [ | | H‘\H\ 0.6 /7//, | : :N“
1 e - o 0 08 0 N\ A i
[T EY ! ! ! 2 M RN | i
g3 I ! ! H\‘”\ o BB R Ny AR | M‘H\‘
T \ I Hy © B AN N K
NgiPlg W1 | H\‘w t; 0.4 — IR NN > | ‘\\\‘H
- (i H R My c Ly R AT AN A AR NN Y A ‘M“w
Mk | N“m > - B SRNURNNY . i
ALTHTT Y | H\““ w Ll SN b \ i ‘h\‘n\
I HA G | H\:HH i N N \ : M:H\
iR | Py f \ W \ | 0
-0 R NN 0z, RN - - - it
il ‘““\H [ \ -7 < 7 ‘\H\H
nu Ry N J i
b H“\\“\‘ N N \ :\‘:N
=11 ”‘M 0 NN !
| L T BN - 2 *\MH

- = \\W: 1 I 3 VH\\‘:
I - - A

-1 N\H\J‘ 0.8 - T ":‘“‘

| v 0.6 i ] }(:‘

0.4 \ ,\\:

0.2 - Bt

0
1 0.8 0.6 0.4 0.2 0 Price: 1 0.8 0.6 0.4 0.2
Price: First Place Horse Price:



Figure 5: Dropping Conditional Independence
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Notes For each race we took the first two finishergath race and computed the likelihood each was the
winner, conditional on knowing the winning quinell&hese predictions are made under the two models
outlined in the text, using as inputs data on tthésoof each horsé\(1, B/1), their quinella Q/1) and the
winning exactal/1). We then compute the mean predictions and owtsdor all races within the same
{AB,Q} cell. Subtracting these means yields the modedligtions and outcomes relative to these fixed
effects. For the purposes of the plot, we rourdeiresiduals to the nearest percentage point (sbowhe
x-axis), and the y-axis shows actual win percergdgeraces in each bucket.
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Table 1: Predicting the Price of Compound Bets

Dependent Variable: Price of a contract paying $1 if the compound bet wins

Specification Q) 2 ©)]
Misperceptions Risk-Love Horse Race

Panel A: Exacta Betgn = 193,425)

Misperceptions model predictions 0.8830 0.8112
(.0008) (0.0066)
Risk-love model predictions 0.7162 0.0591
(0.0007) (0.0054)
Constant 0.0055 0.0092 0.0057
(.0001) (0.0001) (0.0001)

Adjusted R? 0.8499 0.8382 0.8500

Panel B: Quinella Bets(n = 69,062)

Misperceptions model predictions 0.8443 1.0175
(0.0015) (0.0120)
Risk-love model predictions 0.6108 -0.1277
(0.0011) (0.0088)
Constant 0.0124 0.0250 0.0101
(0.0002) (0.0002) (0.0002)

Adjusted R* 0.8189 0.8005 0.8194

Panel C: Trifecta Bets(n = 120,646)

Misperceptions model predictions 0.7912 0.9566
(0.0014) (0.0131)
Risk-love model predictions 0.7333 -0.1552
(0.0013) (0.0140)
Constant 0.0032 0.0009 0.0028
(0.0001) (0.0001) (0.0001)

Adjusted R? 0.7223 0.7119 0.7226

Notes: Model predictions generated as per equati8hand[4] in the text; utility functions and decision
weights are generated using data from Figure 3h Botual prices and model-generated prices anersho
as the price of a bet paying $1 if the bet wins.
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Table 2: Models for Predicting the Conditional Probability of a 2¢ Placed Finish

Dependent Variable: Indicator for whether a horse came in second

(Conditional on not winning)

Specification

D ) 3)

Prediction from conditional independence

(Harville Formula)

0.7972  0.8569
(.0012)  (.0078)

Odds of thishorse and Odds of First horse

(74 dummy variables for each)

Full set of interactions; Thishorse* First horse

(5476 dummy variables)
Adjusted R?

F=42.3
(p=0.00)

F=80.15
(p=0.00)

0.0774 0.0786 0.0812

Notes:n = 4,929,198 starts (excludes all winning horses).
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Table 3: Robustness to Relaxing Conditional Independence Assumption

Dependent Variable: Price of a contract paying $1 if the compound bet wins

Specification Q) 2 3
Misperceptions Risk-Love Horse Race
Panel A: Exacta Bets(n = 195,921)
Misperceptions model predictions 0.9993 1.0299
(.0009) (0.0058)
Risk-love model predictions 0.8002 -0.0251
(0.0008) (0.0047)
Constant 0.0018 0.0066 0.0017
(.0001) (0.0001) (0.0001)
Adjusted R? 0.8513 0.8276 0.8513
Panel B: Quinella Bets(n = 69,753)
Misperceptions model predictions 0.9970 0.9603
(0.0018) (0.0136)
Risk-love model predictions 0.7290 0.0272
(0.0013) (0.0100)
Constant 0.0030 0.0176 0.0035
(0.0002) (0.0002) (0.0003)
Adjusted R? 0.8230 0.8104 0.8231

Notes: Model predictions generated as per equafi8hsnd[4] in the text; utility functions and decision
weights are generated using data shown in Figuessimates of conditional probabilities are getexta
using the regression in column 3 of table 2. Battual prices and model-generated prices are shewn
the price of a bet paying $1 if the bet wins.
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