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where O; is each entrants posted odds. As such, for each Derby the sum of the
probabilities is 1.

I11. Results

We begin by examining summary statistics that measure the level and impact of the
experience of each participant of interest: jockey, breeder, and trainer. We evaluate the
level of experience using the metrics defined earlier (i.e., PriorDum, PriorNumb,
PriorWin, and PriorMoney). Further, we give specific attention to whether experience is
associated with a higher occurrence of winning (i.e., placing 1¥) or finishing in the
money (i.e., placing 1*, 2%, or 3'). Results are presented in Table 1.

Panel A reports the relation between experience and winning, where WinDum 1s
defined as a binary variable equal to 1 if the entrant wins the Derby in which it was
entered, zero otherwise. Panel B examines the relation between experience and finishing
in the money, where MoneyDum is a binary variable equal to one if the entrant finished in
the money in the Derby in which it was entered, zero otherwise.

Examining the results, it appears that horses ridden by jockeys with prior
experience, regardless of definition, are more likely to win, as well as place in the money.
We find similar results with regard to the breeder and trainer. The only exception is that
breeders that had previously bred a horse that finished in the money are not necessarily
more likely to win. However, taken as a whole, it appears that previous Derby experience
certainly matters, at least at a univariate level. The question thus becomes whether or not
this influence is fully captured in posted odds (i.e., does the market efficiently reflect
information related to experience levels?).

To address this question, we extend the analysis by examining the influence of
relevant variables, including experience, on posted odds. However, as defined above,
rather than evaluating odds explicitly, we convert posted odds into the underlying
probability of winning. Papke and Wooldridge (1996) suggest when analyzing a
dependent variable whose values are constrained between zero and one, which is the case
with posted probabilities, the most appropriate statistical approach is a fractional logit
m?odel. We follow this approach and present the results of the following model in Table
2:

10 For robustness, we also examine our results using a standard OLS approach. Technically speaking, there
is little difference between using a logit model and traditional OLS. The main advantage of the fractional
model, which is relevant to our analysis, is the predicted values are constrained between 0 and 1, while
OLS structurally does not dictate this. However, in our sample, all predicted values from the OLS approach
are between zero and one. Thus, even after revising the statistical approach, our results are qualitatively the
same, which adds robustness to our findings.
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Probability = f, + p,JockeyEx + 3, BreederEx + [, TrainerEx + f,Gelding + B, Filly +
BgInside + B,0utside + By FieldSz + f,GoodDum + [, HeavyDum + 2)
B, MuddyDum + p,,SlowDum + S,,SloppyDum + &

Probability 1s the calculated probability of winning as defined in eq. (1).
JockeyEx, BreederEx, and TrainerEx are experience variables as represented by each
participant’s respective PriorDum (Column 1), PriorNumb (Column 2), PriorWin
(Column 3), or PriorMoney (Column 4)."' Gelding, Filly, Inside, and Outside are as
defined previously. FieldSz is the total number of entrants in the respective Derby.
GoodDum, HeavyDum, MuddyDum, SlowDum, and SloppyDum are binary variables
equal to one if the track is in each respective condition at post time, zero otherwise. ">

Examining the results in Table 2, we find a negative relation between the size of
the field and the horse’s probability of winning. This 1s expected in that a larger field
makes, presumably, for a more competitive race, and, therefore, each horse has a lower
relative probability of winning. In addition, geldings are negatively associated with the
probability of winning, which is consistent with the low number of geldings entered into
Derbies over the sample period. The low level of participation is likely related to the
perceived ineffectiveness of horses with this specific characteristic, which would be
manifest in a lower probability of winning. None of the other secondary variables of
interest are highly significant, although inside post position does have a moderately
significant (10 percent level througout) positive relation to the probability of winning. "

We next turn to our primary variables of interest, i.e., the experience measures.
We find each experience measure (i.e., PriorDum, PriorNumb, PriorWin, and
PriorMoney) for jockeys, breeders, and trainers has a consistently significant and positive
relation to the entrant’s probability of winning the Derby. This indicates that odds are
contingent, at least somewhat, on the experience of the auxiliary members associated
with each horse. In fact, given the significance in relation to the other control variables, it
appears that prior experience may be the most important determinant (other than the

I An obvious concern is potential correlation between the ancillary members’ measures of experience used
in each model. For example, if there is a high degree of correlation, then multicollinearity could result in
inefficient estimates as the significance levels would be inflated. However, an examination of the
correlation matrix of each set of variables indicates low levels of correlation (never exceeding .26).
Therefore, it is unlikely that multicollinearity has much of an effect. Nonetheless, for robustness we
redefine the models including each of the experience variables independently and find our primary results
are qualitatively unchanged.

12 The excluded variables for post position and track condition are Middle and Fastdum, respectively.

B 1t is possible that our results may be contingent upon the time period studied. For example, in the late
1980s, large horse races, such as the Derby, began to be broadcast to the public for wagering purposes (i.e.,
simulcast). Therefore, more people had the opportunity to place wagers on the outcome of the race. In order
to examine if this is an important determinant in our study, we create variables to control for the time
periods, one from 1985 to 1994 (the period where simulcasting began to gain in popularity) and the other
from 1995 to 2005 (the period where simulcasting became widespread). However, including these two
variables does not change the primary results. The same is true if we include a time trend variable for the
entire time period. We thank an anonymous reviewer for this suggestion.
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horse itself) of odds, and in-turn, the probability of winning. This remains true for all
external members (i.e., the jockey, breeder, and trainer)."*

Given that we have established a significant relation between the experience of
the jockey, breeder, and trainer and the posted odds, we now examine the deeper question
of market efficiency. Most previous work has attempted to do this by examining the odds
in relation to the results, but they have not examined individual determinants of these
odds to see if they are completely captured by the posted odds. We therefore wish to
extend previous analyses by examining the second stage equation (i.e., logit) as follows:

Result = a + p, PredProb + [,JockeyEx + [3,BreederEx + ,TrainerEx +¢  (3)

where Result is either WinDum or MoneyDum." PredProb is the predicted probability of
winning as calculated using the results in Table 2 (i.e., the first stage regression) for each
experience measure, which allows us to control for potential endogeneity between posted
odds and our experience measures. The experience variables are as defined above.

If the experience (at least as we define it) of the jockey, breeder, and trainer is
fully captured in the posted odds (i.e., the predicted probability), then we expect to see no
significance for the experience variables in this second stage regression. If significance
remains, it is indicative of market inefficiencies, as the market has not fully processed all
publicly available information and reflected such in the price (i.e., the odds) of the asset
(i.e., the horse). Results are presented in Table 3.

Examining Table 3, we find little-to-no significance in any of the experience
measures in relation to WinDum. This finding indicates that, on average, experience of
the auxiliary members of the horse team has been fully captured by the posted odds, and
there is no consistent strategy that can be employed to “beat the market” by examining
this information. Therefore, consistent with previous studies, it appears the horse
wagering market is efficient.

1 Obviously, the quality of the horse would be the key factor. And, it is likely that endogeneity exists in
that the best horses are able to attract the most experienced jockeys. However, we have no available method
for judging the quality (or experience) of particular horses, as horses only race in a single Derby. Further,
we explored using a horse’s prior race record; however, without a way to standardize race results across
time, tracks, and competition, the use of such records are extremely limited. Thus, the experience, in
addition to reflecting increased ability, may also proxy for information related to the horse itself. Further,
we have no information on the horse’s bloodline, which could also serve as a proxy for quality.

 The finishing position of each enfrant is available. However, money is typically only earned on the first
three horses. Exceptions are bets such as superfectas, which require the bettor to choose the first four
finishing horses in order. However, our analyses do not focus on combination bets such as these, but rather
on single horse bets. Therefore, we only examine horses that win or place in the money. In unreported
results, we examine horses that place (i.e., finish 2°%) or show (i.e.. finish 3% individually and find our
result are unchanged in that we find no significance in the experience measures.

16 The Logit model, which we use for examining eq. (3), possesses the independence of imrelevant
alternatives property, which fits horse racing since the relative odds depend only on the characteristics of
the particular horses. Further, Bacon-Shone, Lo, and Busche (1992) find that a logit model best fits this
type of data.
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The same 1s true when examining the top three finishers in each Derby, with one
notable exception. We find a remaining positive and significant relation between a jockey
with a prior Kentucky Derby ride and his mounted horse finishing in the money. This
perhaps indicates that the jockey (who has the most in-race control of the three auxiliary
members examined) can use his experience to guide a horse through the field slightly
better than those with no experience. In other words, perhaps he can maximize the finish
of a non-winning caliber horse, whereas an inexperienced jockey cannot.

As a simple test of the potential impact of this finding, we consider a particular
scenario. Specifically, the findings suggest, for example, that a horse who is picked ex
ante to place fourth should have a greater chance of finishing in the money if the jockey
has prior Derby experience. Thus, for each race, we rank the entrants in descending order
based on the calculated probability of winning. For each entrant with the fourth highest
probability of winning, we identify whether the jockey has a prior Derby mount. We then
test whether those with experience are more likely to finish in the money. However, the
difference is insignificant, which suggests that even though there is a small statistical
significance, the economic implication is small. Thus, overall, it appears that the market
1s, at least, transactionally efficient in relation to money horses as well as winners.

Although our primary concern has been addressed by examining market
efficiency in relation to experience, for robustness we also examine the other variables
used as controls in Table 2. If markets are efficient (which is the working hypothesis)
then none of the other variables should have significant relations to Resul/f in the second
stage. Therefore, we examine the following expanded second stage model:

Result=a + p,PredProbPiorDum+ [3,GoodDum+ [, HeavyDum+ [, MuddyDum+
BsSlowDum+ BgSloppyDum+ ,Gelding+ B Filly + fyInside+ [, ,Outside+ (4)
P JockevEx+ p,,BreederEx+ p;TrainerEx+ &

For parsimony, we choose to report only results from the PriorDum analysis. The results
are presented in Table 4. Naturally, in unreported results we examine the other three
experience measures as well, but the results are qualitatively identical to those reported.

As there are three additional categories of explanatory variables here, we first
examine each of them separately. In column 1 we examine track condition variables,
while in columns 2 and 3 we examine horse type and post position variables,
respectively. In column 4, we examine all variables combined, along with the experience
variables for each auxiliary player.

The results support our previous findings of market efficiency. There is a
unanimous lack of significance in all explanatory variables except the predicted
probability of winning as calculated from column 1 of Table 2. Again, the only exception
is the prior experience of the jockey in regards to the horse finishing in the top 3. Thus,
our results as a whole appear to be robust, which further strengthens the findings of
previous work that concludes the horse race wagering market 1s efficient.
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IV. Conclusion

We examine horse racing odds for the Kentucky Derby in an effort to determine
whether betting markets are efficient with regard to available pre-race information. We
extend previous studies by examining the determinants of posted odds, rather than taking
them as given. Specifically, we examine the impact of track conditions, horse type, post
position, and auxiliary players’ experience on the probability of winning the Derby. We
find these experience measures may be the most predictive in creating post odds for each
entrant. Using multiple experience measures for the jockey, breeder, and trainer, we find
a positive relationship between prior experience and the probability of winning.

We then examine market efficiency by implementing a two-stage approach,
finding no significant impact on the race outcome of experience (or any other explanatory
variable) remains after controlling for its impact in determining posted odds. We interpret
this as further evidence, following Snyder (1978) and Asch, Malkiel, and Quandt (1986),
of market efficiency in that no consistent excess return can be generated based upon
publicly available information.

These results have interesting, but disappointing, implications for bettors. On a
broad scale, our results are consistent with the semi-strong form of market efficiency. In
other words, any information that is publicly available appears to have already been
incorporated into market prices (or odds in this case), and, therefore, no excess return can
be generated, no matter the effort exerted by the investor (bettor) to extract and identify
such information. This does not necessarily indicate strong-form efficiency, as we have
no way to define and examine the influence of private (or inside) information, which
could be described in the horse racing world as a “hot tip.” This would be the next
logical step of examination, should one find a way to isolate and identify “private”
information.
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Table 1: Summary Statistics

The following table presents descriptive statistics for Kentucky Derby entrants from 1920 to 2005. Panel A
examines WinDum, which is a binary variable equal to one if the entrant placed first in the respective Kentucky
Derby, zero otherwise. Panel B examines MoneyDum, which is a binary variable equal to one if the entrant placed
first, second, or third in the respective Kentucky Derby, zero otherwise. The rows in each panel examine the
percentage of jockeys, breeders, and trainers, respectively, that win (i.e., WinDum in Panel A) or finish in the money
(i.e., MoneyDum in Panel B). The columns are sorted by various measures of prior Derby experience, starting with
the 1915 Derby. Specifically, PriorDum examines whether the jockey, breeder, or trainer, respectively, had any
Derby experience prior to the sample entrant. PriorNumb examines the extent of experience, where we examine
experience in at least two previous derbies versus those that had either zero or one previous Derby. PriorWin
examines whether the jockey, breeder, or trainer in question had won a Derby prior to the sample entrant.
PriorMoney examines whether the jockey, breeder, or trainer had placed first, second, or third in any previous
Derby. For example, the first row/first column in Panel A indicates that 8 percent of jockeys with prior Derby
experience win their races, whereas only 4 percent without experience win. The difference, which is tested in the
third column of each section, is statistically significant, suggesting prior experience is a significant determinate of
Derby performance. The remaining entries are interpreted similarly. f-statistics are calculated assuming unequal
variances. Data are from www.kentuckvderby.com.

Panel A:
PriorDum PriorNumb PriorWin PriorMoney
Yes No f-stat | >=2 lor0 f-stat | Yes No f-stat | Yes No f-stat
JockeyEx .08 04 331 .09 04 394 .10 06 248 .10 05 311
n (855) (450) (642) (663) (278) (1,027) (447) (858)
BreederEx .09 05 239 .09 06 1.73 14 06 2.67 .08 06 1.21
n (516) (789) (342) (963) (137) (1,168) (276) (1,029)
TrainerEx .09 05 259 11 05 343 13 05 341 11 05 321
n (611) (694) (392) (913) (194) (1.111) (351) (954)
Panel B:
PriorDum PriorNumb PriorWin PriorMoney
Yes No f-stat | >=2 lorO f-stat | Yes No f-stat | Yes No i-
JockeyEx 24 12 543 26 13 6.04 27 18 3.13 .28 6 48
n (855) (450) (642) (633) (278) (1,027) (447) (858)
BreederEx 25 16 3.60 25 A8 246 33 18 349 24 .19 1.8
n (516) (789) (342) (963) (137) (1,168) (276) (1,029)
TrainerEx 25 A5 446 27 17 0 392 .30 18 341 27 17 37
n (611) (694) (392) (913) (194) (1.111) (351) (954)
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Table 2: Stage 1
The following table presents fractional logit results from the equation:

Probability=a+ B JockeyEx+ f;Breeder Ex+ p;TrainerEx+p,Gelding+ B:Filly+ fslnside

+ fB:0utside+ BsFieldSz+ PoGoodDum-+ BrpHeavyDum~+f; iMuddyDum+ ;, SlowDum-+

+ B;3SloppyDum-+ &
where Probability is the entrant’s calculated probability of winning based upon posted odds. JockeyEx,
BreederEx, and TrainerEx are the primary variables of interest and correspond to the experience measure
used in each regression. Specifically, Column 1 uses PriorDum to measure experience, while Column 2
uses PriorNumb and Columns 3 and 4 use PriorWin and PriorMoney, respectively. Gelding is a binary
variable equal to one if the entrant was a gelding, zero otherwise. Filly is a binary variable equal to one if
the entrant was a filly, zero otherwise. Inside is a binary variable equal to one if the entrant's post position
is one of the inside third of the starting grid, zero otherwise. Oufside is a binary variable equal to one if the
entrant's post position is one of the outside third of the starting grid, zero otherwise. The excluded category
is Mid. FieldSz is the number of horses in each Derby field. GoodDum, HeavyDum, MuddyDum,
SlowDum, and SloppyDum are binary variables equal to one if the track at post is judged to be good, heavy,
muddy, slow, or sloppy, respectively. The excluded category is FastDum. Data are from
www.kentuckyvderby.com.

(1) (2) (3) (€]
PriorDum PriorNumb PriorWin PriorMoney

Coef. p-val Coef. p-val Coef. p-val Coef. p-val
Intercept -1.95 .01 -1.67 .01 -1.71 .01 -1.83 .01
JockeyEx .29 .00 .05 .01 46 .00 44 .00
BreederEx .14 .03 .02 .03 20 .07 .19 .02
TrainerEx 35 .00 .01 12 33 .00 .39 .00
Gelding -26 .01 -24 .01 =24 .01 =24 .01
Filly .08 .66 18 35 .10 .63 .09 .60
Inside 13 .10 15 .06 14 .07 15 .05
Outside .09 24 .08 .29 .08 34 .08 32
FieldSz -.08 .03 -.08 .02 -.07 .03 -.08 .02
GoodDum .04 .70 .01 .90 .01 .94 .09 A1
HeavyDum 23 .19 28 .09 21 18 23 .14
MuddyDum .05 71 .02 .89 .05 75 .07 .61
SlowDum -.00 .99 .06 .66 .01 .97 .06 .68
SloppyDum .02 .86 .01 .94 .01 91 .01 .96
N 1,305 1,305 1,305 1,305
Pseudo. R-Sq 1256 1377 1459 1650
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Table 3: Stage 2 (Experience Measures)
The following table presents logit regression results from the equation:
Result=a+p,PredProb+ fxJockeyEx+f;BreederEx+pf,TrainerEx+zg;

where Result is WinDum (Panel A) or MoneyDum (Panel B). WinDum is a binary variable equal to one if
the entrant placed first in the Derby, zero otherwise. MoneyDum is a binary variable equal to one if the
entrant placed first, second, or third in the Derby, zero otherwise. PredProb is the predicted probability of
winning as calculated using the results in Table 2 for each experience measure. JockeyEx, BreederEx, and
TrainerEx are the primary variables of interest and correspond to the experience measure used in each
regression. Data are from www.kentuckvderby.com.

Panel A: WinDum

(1) 2) (3) (4
PriorDum PriorNumb PriorWin PriorMoney

Coef. p-val Coef. p-val Coef. p-val Coef. p-val
Intercept -4.21 .00 -3.74 .00 -3.79 .00 -3.82 .00
PredProb 15.02 .00 14.98 .00 13.55 .01 13.48 .01
JockeyEx A7 11 -.01 71 .09 .76 .26 35
BreederEx 27 27 -.01 81 41 21 -.09 74
TrainerEx .02 .93 .03 .07 .35 25 31 27
N 1.305 1.305 1,305 1.305
% Concordant 64.2 62.1 64.1 65.8
Panel B: MoneyDum

(1) () (3) 4
PriorDum PriorNumb PriorWin PriorMoney

Coef. p-val Coef. p-val Coef. p-val Coef. p-val
Intercept -3.06 .00 -2.55 .00 -2.65 .00 -2.69 .00
PredProb 17.87 .00 16.89 .00 17.94 .00 18.00 .00
JockeyEx A4 .01 -.01 .63 -.11 58 .16 37
BreederEx 20 18 -.01 57 .29 .20 -.08 .67
TrainerEx .02 .89 .02 25 -.01 .95 -.05 .80
N 1,305 1,305 1,305 1,305
% Concordant 66.0 61.8 61.1 64.1
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Table 4: Stage 2 (All Measures)

The following table presents results from the equation:

Result=a+p,PredProbPriorDum+ £,GoodDum+ S;HeavyvDum+ B, MuddyDum+ gsSlowDum+

BsSloppyDum+ G:Gelding+ BsFilly+ folnside+ BgOutside+ B, 1 JockevEx+ B;;BreederEx+ fisTrainerEx+g
where Result is WinDum (Panel A) or MoneyDum (Panel B). WinDum is a binary variable equal to one if
the entrant placed first in the Derby, zero otherwise. MoneyDum is a binary variable equal to one if the
entrant placed first, second, or third in the Derby, zero otherwise. PredProbPriorDum is the predicted
probability of winning as calculated with the results from column 1 in each panel of Table 2. GoodDum,
HeavyDum, MuddyDum, SlowDum, and SloppyDum are binary variables equal to one if the track is in each
respective condition at post time, zero otherwise. The excluded category is FastDum. Gelding and Filly are
binary variables equal to one if the entrant was a gelding or filly, respectively, zero otherwise. Inside is a
binary variable equal to one if the entrant’s post position is one of the inside third of the starting grid, zero
otherwise. Qufside is a binary variable equal to one if the entrant’s post position is one of the outside third
of the starting grid, zero otherwise. The excluded category is Mid. JockevEXx, BreederEx, and TrainerEx are
the primary variables of interest and correspond to prior experience as measured by PriorDum. Data are
from www.kentuckderby.com.

Panel A: WinDum

(1) 2) (3) 4)

Coef. p-val Coef. p-val Coef. p-val Coef. p-val
Intercept -4.06 .00 -3.99 .00 -3.98 .00 -4.13 .00
PredProbPriorDum 19.50 .00 18.90 .00 19.17 .00 14.15 .01
GoodDum .06 .87 .09 .82
HeavyDum .10 92 .06 .96
MuddyDum .06 .87 .06 .92
SlowDum .05 92 .09 .87
SloppyDum -.05 .92 -.04 .94
Gelding -.34 .58 -41 51
Filly 15 .84 12 .88
Inside .08 77 11 .68
Outside -24 41 -21 A48
JockeyEx A48 11
BreederEx .29 24
TrainerEx .03 .90
N 1,305 1,305 1,305 1,305
% Concordant 63.4 63.6 63.7 65.1
Panel B: MoneyDum

(1) 2) (3) 4)

Coef. p-val Coef. p-val Coef. p-val Coef. p-val
Intercept -2.95 .00 -2.95 .00 -2.86 .00 -3.03 .00
PredProbPriorDum 22.07 00| 2230 .00 22.16 .00 18.38 .00
GoodDum .05 .85 .06 .81
HeavyDum .08 90 .07 91
MuddyDum .04 .90 .05 .88
SlowDum .04 92 .09 .79
SloppyDum -.02 .96 -.02 .95
Gelding .06 .86 .01 .98
Filly =71 27 -.70 .28
Inside -.06 73 -.03 .88
Outside -21 25 -.18 32
JockeyEx 43 .02
BreederEx .20 .19
TrainerEx .02 .90
N 1,305 1,305 1,305 1,305
% Concordant 64.9 65.0 64.8 66.3
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