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Abstract

The thoroughbred horse racing industry is similar in many ways to other markets. For
example, it shares many of the attributes of financial markets. Specifically, it comprises
regular traders with access to publicly available information, a smaller number of expert
traders well versed at bringing together this publicly available information to make
positive returns and a few traders who appear to operate with private information. The
industry is of academic interest in its own right since it is flushed with changing
information sets and, importantly, has incentives in place to ensure participants
generally strive for success. For these reasons the thoroughbred racing industry has
provided a natural environment for research in various fields - Economics, Psychology,
Finance Mathematics and Statistics. This thesis contributes to that body of work by
specifically exploring two phenomenon — adverse selection and hot hands in the context
of the Australian thoroughbred industry.

Initially, we investigate whether there is an element of adverse selection in the
thoroughbred yearlings that breeders choose to bring to auction verse those they choose
to retain and race themselves as homebreds (horses retained by their breeders for
racing). The underlying argument is that breeders may utilise private information, not
available to other potential thoroughbred owners in making this choice. Our
investigation considers two questions. First, is there evidence in the racing careers of
homebreds verse nonhomebreds that indicates the former are of higher quality? A
positive answer would be consistent with the notion that breeders have the private
information hypothesized. Second, regardless of the answer to the first question, is there
evidence that bettors (in Australia) believe that homebreds are in fact of superior quality

to otherwise comparable nonhomebreds?

Second, we extend the empirical analysis of hot hands in sports to horse racing, by
looking at the occurrences of winning streaks in the racing records of a sample of
jockeys riding in Australia. We compare the actual number of occurrences of each

winning streak with the corresponding expected number, given the overall wins and



rides of that jockey. After examining this evidence, we draw two main conclusions.
First, if we consider jockeys collectively, grouped by strike rate, the evidence indicates
the presence of hot hands across almost all strike rates. This suggests that an observer
who didn’t distinguish individual jockeys beyond their strike rates could easily conclude
that jockeys had hot hands. Second, if we consider jockeys individually, we find that the
majority do not exhibit hot hands. But a significant minority do, although they vary in
terms of the number of consecutive wins required to trigger hot hands and the lengths of

the streaks for which hot hands persists.

In the final chapter we use a different methodology and a wider data set (more than 999
000 jockey rides) to explicitly consider the influence of situational variables on jockey
winning streaks. Rather than comparing the actual number of streaks with an expected
number based on the jockey’s strike rate, we estimate the effects of a past sequence of
wins on the odds of a jockey winning on her next ride, taking into account situational
variables intended to capture the relative quality of the horse and jockey (relative to the

others in the field) and aspects of the race itself. Specifically, we:

(a) Distinguish intensity, frequency, and duration effects of an initial win by a jockey

(in a sequence of wins) on hot hands and subsequent wins.

(b) Identify and estimate the marginal effect of an additional win (in a sequence) on the
likelihood of a jockey winning on her next ride.

(c) Identify and estimate the total effect of a sequence of wins on the likelihood of a

jockey winning on her next ride.

Key words: Adverse selection, asymmetric information, lemons market, hot hands,

psychological momentum.
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Dissertation structure

This thesis consists of four chapters. Chapter one is designed to provide a brief
overview of the Australian thoroughbred industry and therefore explain why it is worthy
of academic interest. Chapters 2, 3 and 4 each address research questions which are
related to the influence of jockey and horse characteristics on the outcome of a horse
race. Chapter 2 examines the potential for adverse selection in the Australian
thoroughbred yearling auction market. Chapters 3 and 4 extend the “hot hand” or

psychological momentum debate in sport to horse racing.

Each of these chapters consists of its own introduction, literature review, empirical
methodology, results and conclusion. The introduction lays out the research questions,
aim and scope of research for each chapter. Related literature is reviewed in the
literature review section, following the empirical methodology the results are discussed.
The conclusion section summarises the main findings and includes future research
suggestions. The reference section includes all the references cited in the thesis, while

the appendix section contains the corresponding appendix for chapter 3 and chapter 4.

xiii



Chapter 1

Thoroughbred Racing “The Sport of Kings”

In the beginning, horse racing was actually the sport of kings, and the first jockey was himself
a king. It grew in popularity with the gentry in seventeenth-century England, and so many
venerated traditions have passed down through the ages, notably in breeding, and this
conceals the fact that thoroughbred racing is a highly regulated industry.?2 Among other things,
racing offers the opportunity for many to enhance their social status and maintain their
prestige as sponsors, owners, breeders or administrators of the sport (Pinford,2008). For
thoroughbred breeders, it’s a chance to raise their profile and for jockeys to become top-tier
riders. Although a significant part of horse racing activities is conducted away from the
racetrack (e.g., gambling and thoroughbred breeding), the day at the races offers a unique
experience that provides the motivation for many of the stakeholders to be involved in the

industry.

Much of the regulation is an attempt to maintain public confidence in the industry (McManus
et al., 2013). Usually, it is the industry providing ‘the racing product’ from which other
organisations provide the wagering opportunities for the public, and government provides the
regulatory frameworks (Hoye, 2006). In return, racing delivers economic benefits through

employment and often considerable revenue for government through taxes on wagering.

Racing’s popularity in Australia is due to a mixture of the country’s history with horse racing
(the Melbourne Cup is known as the race that stops a nation)?, the popularity of sports betting,
racing’s glamorous image (fashions on field is synonymous with horse racing) and is seen as

an exciting form of entertainment.

IKing James spent so much time at Newmarket (the home of thoroughbred racing) that the government had to
petition for the King to return to London to run the country.

2 |n Australia, thoroughbred breeding regulations are published in “The Rules of the Australian Stud Book” .

3 The Melbourne Cup is held on the first Tuesday in November and many take time off work to watch the race.



In Australia, wagering is the major source of income for racing, and this revenue is channelled
back into the industry as prizemoney to owners and to racing clubs (McManus et al., 2013). In
2017-18, horse racing contributed close to $1.4 billion to Australian Gross Domestic Product.
This economic activity is generated through breeding, horse sales, prize money and wagering
(National Industries Insights 2019). Figures from Racing Australia suggest there are
approximately 160 000 workers involved in the industry with many involved in the
thoroughbred breeding side of industry (Racing Australia Fact Book 2019).

Australia is different to most other thoroughbred racing countries in that ownership of horses
is extended beyond the domain of royalty and the rich and famous (Mackrell, Firstlinks,
2016). There are some 82 600 owners or part-owners of thoroughbreds in Australia. Australia
holds over 18 000 horse races per year and distributes close to $800million in prizemoney
(Racing Australia Fact Book 2019).*

In all, 30 000 registered thoroughbreds race, on average, six times a year at the 2600 race
meeting held at Australia’s 360 racetracks. Of the $800 million prize money on offer, $170
million is for winners and placegetters in the 580 so-called ‘black type’ races®. Prize money
for Saturday races in most metropolitan cities ranges from $100,000 to $125,000. Mid-week
metropolitan races usually have prizemoney in the range of $35,000 to $50,000 and this scales
down to $20,000 to $65,000 for regional and country race meetings. Prizemoney is heavily
biased towards the winner of each race, falling to much smaller amounts if the horse finishes
4" or 5th.

In 2014, of the 30,000 thoroughbreds to race in Australia, 18 000 did not win a race, 7000
won one race, 3000 won two races and 2000 thoroughbreds won 3 or more races (Makrell,
First links, 2016). Table 1.1 shows the distribution of prizemoney for all thoroughbreds in

2014 and reveals only 2.5% of horses were able to win more than $100 000 in prizemoney?®.

4 Australia has second largest races per annum after the US and the third largest amount of prizemoney after
the U.S. and Japan.

5> Owners, breeders, trainers and jockeys all aspire to win black type races (group races), the bigger the better,
and they are commonly referred to as 'Black Type' ( called this because they appear in bold type in race books)
races and are more prominent at major racing carnivals, especially Melbourne and Sydney during Autumn or
Spring.

6 As a rule, $100 000 prizemoney per year (assuming the horse races 5 times a year) is sufficient for the owner
to double their initial investment (assuming an average purchase price of $100 000).



Table 1. 2 Distribution of thoroughbred prizemoney (2014)

Total 0 Less than 10 000 — 100 000 - More than
Prizemoney 10 000 100 000 500 000 500 000
(A%)
Number of 4200 15 000 10 200 700 50
Thoroughbreds

What sets investing in thoroughbreds apart from other types of assets is the potential to lose
more than the initial outlay (the purchase price of the yearling).” Continuing to race a horse
that does not win races will lead to a loss of more than the principal because of other costs

such as training and veterinary fees. Profitable horses tend to be the outliers and identifying
them can be a challenge (Aushorse, 2019). While a high-priced yearling does not guarantee

success at the track, racing is littered with examples of “bargain buys”.®

The breeding mare population is close to 20,000 of which 19,000 are mated during the year.
The number of foals born is around 12,500 a year. The foals who go on to eventually race
(usually starting as 2-year-olds) require registration with the Australian Stud Book. There are
usually around 3000 yearlings sold at auction each year of which one third usually go on to
race. The remaining thoroughbreds are sold privately or retained by the breeders for future

racing as homebreds or future breeding (Racing Australia, 2020)°

From its humble beginnings (1 stallion, 3 mares and 3 yearlings) in 1788, the Australian
thoroughbred industry has grown to become one of the world leader’s in thoroughbred
breeding (Thoroughbred Breeders, 2021). Australia currently conducts 60 races annually
worth $1 million or greater, including the world’s richest horse race, the $15 million “The
Everest”. Australia now has over 650 registered stallions. Around 100 of these stallions are
regarded as significant sires in the breeding of thoroughbreds and around 40 stallions shuttle
between Australia and the northern hemisphere (Mackrell, Firstlinks, 2016). The practice of

7 Most horses get sold as yearlings (a one-year-old horse) and it is the usual entry point for thoroughbred
ownership.

8 Snaafi Dancer sold for US$10.2 million in 1982. Failed at the racetrack and turned out to be infertile while
Takeover Target was sold for $1250 and went on to win A$6 million in prizemoney.

° A homebred horse is a horse that is bred and raced by its current owner.



shuttling stallions around the world is required because artificial insemination of

thoroughbreds is banned in Australia and other countries (Equinews,2014).1

The thoroughbred racing industry has similarities with other markets (Hausch, Ziemba and
Rubinstein (2008). For example, it shares many of the attributes of financial markets.
Specifically, it comprises many regular traders who have access to publicly available
information, a smaller number of expert traders who are well versed at bringing together this
publicly available information to make positive returns and a few traders who appear to
operate with private information (Williams and Paton, 1997). The industry is flushed with
changing information sets and, importantly, has incentives in place to ensure participants
generally strive for success. For this reason, the thoroughbred racing industry provides a
natural environment for research in many areas including psychology, economics and

mathematical studies (Hausch et al., 2008).

We link our research to this body of work involves individually looking at the components
that make up the thoroughbred racing unit i.e., the horse and the jockey.'! Chapter 2 is
entitled, “Is there evidence of adverse selection in the Australian thoroughbred yearling
auction market?”*? In this chapter we investigate whether breeders utilise private information,
not available to other potential thoroughbred owners, to select the yearlings they retain (to
race themselves as homebreds) and the yearlings (nonhomebreds) they send auction.3
Specifically, we ask two questions. First, are thoroughbred horses, raced as homebreds (in
Australia), superior to otherwise similar nonhomebreds? Second, is the influence of the
homebred characteristic on the subjective odds of a horse race the same as its influence on the

real outcome of the race?

Chapters 3 and 4 focus on the second component of the thoroughbred racing unit, namely the
jockey. Chapter 3 asks the question: Do (Australian) Jockeys have hot hands?** Here we look
at the occurrences of winning streaks in the racing records of a sample of jockeys riding in
Australia. We compare the actual number of occurrences of winning streaks of each length
with the corresponding expected number, given the overall wins and rides of that jockey. In

10 A long-standing ban on using artificial insemination technology was challenged but upheld in the Australian
Federal court in 2012.

11 Unlike motor racing (where the driver is referred to predominately in a race), the racing unit is always
referred to by the name of the horse, suggesting an implicit presumption by those in the racing industry that
the horse is ‘more important’ (in some sense) than the jockey.

12 An earlier version of this title is published in the Journal of Gambling Business and Economics, Wrathall 2013.
13 A homebred horse is a horse retained by its breeder for racing purposes.

14 Chapter 2 consists of a paper published in the Australian Journal of Management (2020).



this chapter we also investigate whether any instances of hot hands appear to have been

recognised in the betting market.

Chapter 4 uses the results from close to 99 000 horse races to test the hypothesis that a
winning ride for a jockey can initiate momentum that makes a win on subsequent rides more
likely, other things equal. The view that (psychological) momentum can be an important
factor in the success of sports contestants seems to be widely held. Sports commentators, in
particular, will often remark that a successful action by one contestant has given that
contestant a psychological advantage in future play. Fans and athletes themselves appear to be
convinced of the performance-enhancing effects of momentum. Racing commentators will
observe that a jockey riding multiple winners on the day’s racing card has had a ‘good day at
the races. But should this be attributed to momentum initiated by the early wins, or is it just a
random occurrence quite consistent the jockey’s winning strike rate? In chapter 4 we address

this question directly using archival results from over 999 000 jockey rides.






Chapter 2

Is there evidence of adverse selection in the Australian

thoroughbred yearling auction market?

Preface. A published version of this chapter appeared in The Journal of Gambling Business

and Economics and permission has been granted from the publisher for its use in this thesis

and the details are listed below:

Wrathall, R., A Note On The Evidence Of Adverse Selection From Thoroughbred Wagering —
Further Evidence In Australia,” Journal of Gambling Business and Economics, vol.7(2),
University of Buckingham Press, DOI: https://doi.org/10.5750/jgbe.v7i2.758 (2013).

2.1. Introduction

In this chapter we investigate whether there is an element of adverse selection in the
thoroughbred yearlings that breeders choose to bring to auction versus those they choose to
retain and race themselves as homebreds (those horses retained by their breeders for racing).
The underlying argument is that breeders may utilise private information, not available to
other potential thoroughbred owners in making this choice. Our investigation considers two
questions. First, is there evidence in the racing careers of homebreds versus nonhomebreds
that indicates the former are of higher quality? A positive answer would be consistent with
the notion that breeders have the private information hypothesized. Second, regardless of the
answer to the first question, is there evidence that bettors (in Australia) believe that

homebreds are in fact of superior quality to otherwise comparable non-homebreds?

Previous research has shown that homebreds are favoured by bettors over otherwise similar
nonhomebreds. Chezum and Wimmer (2000) suggest adverse selection is present in the US
market for thoroughbreds because homebreds, on average, have lower subjective parimutuel
odds. Although Sauer (1998) finds bettors accurately estimate the order of finish in a race, the
subjective parimutuel odds remain just an estimate of each horse’s chances of winning a race.
Therefore, concluding the presence of adverse selection based on homebreds having shorter
subjective parimutuel odds is relying on the accuracy of bettor perception. Obviously,
whether bettor perception is correct and homebreds are in fact superior is of some interest and

is the focus of this chapter.


https://doi.org/10.5750/jgbe.v7i2.758

Specifically, in this chapter we monitor the career performance of a sample of horses that
were foaled in 2007. The purpose here is to examine whether the homebred characteristic is
significant in determining the racetrack success of a thoroughbred. Prizemoney is used as one
measurement of success as to is a horse’s win and place strike rates. In this chapter, we also
record the subjective odds and the actual race results of this sample of horses when they
competed in two-year-old races in 2010. Using a fixed effects regression model and a rank-
ordered logit model we examine whether bettors perceive homebred thoroughbreds to be
superior to otherwise similar nonhomebreds. Since the subjective odds are only capturing the
estimated probability of a horse winning a race, we use race results to examine whether the

homebred trait influences the outcome of a race.

Potential buyers face the obvious choice of buying a filly or a colt. Colts tend to be more
expensive (especially those with strong pedigrees, athletic characteristics, favourable X-rays
and temperament) because someday they may become one of the few profitable breeding
stallions. Sometimes, a colt’s racing career may be shortened if its value as a breeding stallion
candidate increases on the back of a few strong racing performances. In contrast, a healthy
gelding®® can race for longer (5 to 10 years). Fillies displaying the right profile are also
appealing to potential buyers, but on average their racing days usually cease at four to five
years of age. (Mackrell, Firstlinks, 2015).

Although the price of a yearling at auction (the most common entry point for buyers) varies
enormously from a few thousand dollars up to $1 million plus, previous sales suggest the
most profitable racehorses (by prizemoney) tend to be priced between $70,000 and $250,000.
The average sale price of yearlings sold in 2019 was $160 866, with the median at $100,000
(2019 Yearling review, TDN Australia). In Appendix 1, we list the sale results for the 2019
Magic Millions Yearling Auction. The record price paid for a yearling at this auction stands at
$320,000. In 2020, the average price for a yearling was $28,000. Yearlings purchased at this
auction are then the only eligible horses permitted to compete in a $2 million two-year-old
race the following year. In the previous 16 years, 11 of the past winners have been priced at
between $70,000 and $170,000.

15 A gelding is a castrated horse. Racehorses are gelded to enhance their potential to be a winner on the track.
Before being gelded, some colts are unruly or have medical conditions that hinder their training and running
ability.



As Appendix 1 shows, yearling prices vary widely. At the Magic Millions auction in 2019,
prices varied between $5000 and $170,000. Yearlings, with what appear to be winning
attributes and a successful pedigree attract the higher prices, whereas the greater population of

yearlings with less unimposing attributes and pedigree are less appealing to potential buyers.

On the one hand, because a yearling does not have an exemplary pedigree or display obvious
athletic attributes does not necessarily mean it cannot run fast. Buying yearlings is a game of
probabilities, but buying prices are fundamentally driven by buyers' hopes of earning
prizemoney from their selected thoroughbred (Mackrell, Firstlinks, 2016). On the other hand,
purchasing a well-bred filly, colt or gelding for upwards of a million dollars is also no definite

assurance of a future profit.

The return from investing in a racehorse is not like investing in other forms of assets because
purchasing a stable of ‘average’ thoroughbreds will most likely result in negative returns. The
challenge appears to be to find a few elusive outliers (Winx, Black Caviar)® to pay for the

costs of keeping the “slow ones”.

The pathway potential racehorse owners follow is essentially determined by which cohort

they belong:

- People who are willing to pay (in some cases huge sums of money) in their pursuit of
both pecuniary and non-pecuniary benefits that racing success provides. For example,
Lloyd Williams, considered by many to be Australia’s most successful racehorse
owner (his horses have won a record seven Melbourne Cup), says he dreams about

winning the Cox Plate, the one race that has eluded him.’

- Large thoroughbred studs that are concentrating on breeding and are looking to find
their future champion stallion and broodmare pedigree to bolster their stud’s
reputation. In Australia, this includes Coolmore and Darley who have close to 40

stallions standing at their stud farms.

» Smaller studs or family studs searching for reliable broodmares.

16 Winx won 37 (33 black type) races and earned $26 million in prizemoney and was purchased for $230
thousand. Black Caviar was unbeaten in her 25 (24 Black type) races and earned $8 million in prizemoney and
was purchased for $210 thousand.

7 The Cox Plate is widely regarded as Australia’s highest quality race. Raced over 2040 metres with prizemoney
of $5 million.



- Well known thoroughbred trainers (using their equine expertise) buying for other

hopeful owners. This list includes Gai Waterhouse and Chris Waller who, at times,

inspect up to a thousand yearlings each year for potential buyers.

- Race syndication groups (A group of people coming together to purchase ownership in

a promising racehorse) (Firstlinks, 2016).

While owners obtain thoroughbreds for racing by various means, in turn breeders maybe

classified as one of three types: those who sell all of their thoroughbreds, those who race all of

their thoroughbreds, and those who both sell and race thoroughbreds.

In this chapter, we examine whether those horses breeders keep (with inside information

about a yearling’s attributes) to race themselves as homebreds are superior quality to the

yearlings sold at market (nonhomebreds). Figure 2.1 outlines the costs and benefits of the

breeder’s decision.

Figure 2. 1 An outline of costs and benefit of selling or retaining a yearling.

Breeder’s decision

Thoroughbred Quality

Yearling displays attributes
(revealed to the breeder
only) showing it is less than

average quality.

Yearling displays attributes
(revealed to the breeder
only) showing it is of above

average quality.

Send the thoroughbred to

market

Potential Profit:
thoroughbred sells at auction
for an average price which is
higher than its potential

racing earnings

Potential Loss: thoroughbred
attracts the market average

which is lower than its
potential ~ future  racing
earnings

Retain the thoroughbred for

racing

Potential Loss: Potential
future racing earnings is
lower than market average
for thoroughbreds selling at

auctions

Potential Profit: potential
future racing earnings is
higher than the market
average for thoroughbreds

selling at auction

These economic motivations and pattern of retainment or disposal of stock are similar to those

encountered in the standard lemons model. In the standard lemons model, the products to be
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taken to market differ in quality. While the distribution of qualities is common knowledge to
buyers and sellers, the quality of each individual product is known only by the seller. In these
circumstances the equilibrium price will reflect the average quality of the products sold.
Potential sellers of the higher quality products may choose not to sell, reducing the average
quality offered for sale. This lowers the equilibrium price, thereby inducing further
withdrawals and, in the absence of mitigating factors, can lead to the potential collapse of the
market as Akerlof (1970) suggested.

In the context of the thoroughbred yearling market, sellers (breeders) have had close contact
with the horse since its birth and therefore can be expected to have better information on its
racing potential than potential buyers. This asymmetric information is partially mitigated by
regulations that require disclosure of any health problems the yearling may possess (insert
footnote) and access to the yearling for a private veterinary inspection. But only partially
mitigated because breeders still know the yearling’s complete medical history, its rapport with
other horses and other details that may signal whether it will be a successful racehorse. If
breeders were to sell all their yearlings, as some do, this residual asymmetry in information on
yearling quality would simply be a matter of luck of the draw for buyers. But the fact that
some breeders retain some yearlings to race themselves (racers)*8, raises the possibility that

owner breeders will retain their better-quality yearlings and sell only the inferior stock.

An owner breeder having privileged information about their stock does not guarantee future
on-track success. Therefore, adverse selection may only be a perception rather than a reality.
If there is adverse selection, then horses raced as homebreds should win more races (or
perhaps better-quality races) than similar nonhomebreds. However, if it is only a perception of
adverse selection, i.e., bettors believe owner breeders retain their better stock, then, on
average, homebreds should have shorter parimutuel odds (subjective odds) than similar

nonhomebreds.
In summary there are four possible outcomes:

(i) No adverse selection perceived by bettors or practiced by breeders
(i) Perceived adverse selection by bettors but not practised by breeders
(iii)  Adverse selection practised by breeders but not perceived by bettors

(iv)  Both perceived adverse selection by bettors and practiced by breeders

18 Emirates Park Stud in the Hunter Valley of NSW have horses bred, reared and/or raised on the stud — either
to race in the livery of Emirates Park or sell.
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Our objective in this chapter is to examine whether adverse selection is practised by breeders
who race thoroughbreds (racers) and whether bettors perceive adverse selection to be present
in this market.

The remainder of the chapter is organised in the following way: In 2.2 we summarise
previous studies that focus on adverse selection and in particular adverse selection in the
thoroughbred horseracing market. In 2.3 we discuss our data collection and methodology used
in this examination as well as present our findings and in 2.4 we offer some concluding

remarks.
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2.2. Literature Review

Akerlof’s Lemons Market (1970) shows how the quality of goods traded in a market can
deteriorate when asymmetric information between buyers and sellers is present. Genesove
(1993) develops the theory further by introducing “types” of sellers in the market. He uses the
apple market to point out a buyer will purchase a better-quality apple from the owner of a
large orchard who hates apples than from a seller from a small orchard who likes eating
apples (if the apples appear identical). The buyer may believe the lover of apples (the small
orchardist) retains the juiciest apples for herself. If perfect information applies in the apple
market you would be indifferent when selecting from whom you would purchase. What
would the characteristics of the seller matter? But, in a “lemons” market they do matter
because the apples may not be identical because of hidden attribute(s) in quality that is not
discernible to the buyer. This means some apples are good, some not so good but only the
seller can tell them apart. So, it is perhaps easy to see why Genesove concludes that the
motivation or characteristics of the seller matter. A buyer, unable to distinguish good apples
from bad (because of hidden attributes) offers only an average price for an apple. The large
orchard will bring both good and bad apples to the market. However, the small orchard will

bring only bad apples to market and save the good apples for herself.

For Genesove (1993), this observation suggests a test for adverse selection. Where sellers
differ according to some recognisable type, the type that has the greater propensity to sell will
obtain a higher price for observably identical goods if adverse selection is prevalent in the
market. Genesove (1993) applies this test to the wholesale used car market by comparing the
difference in the fraction of trade-ins sold wholesale to the difference in price received at a
wholesale auction for cars of the same year and model for two types of sellers: new car
dealers, who maintain, in addition to their used car business, a new car dealership; and used

car dealers, who retail used cars only.

The wholesale auto auction market surveyed by Genesove (1993) is limited on the buyers’
side to car dealers and on the sellers’ side to car dealers and owners of large fleets of cars. The
purpose of this auction is to provide a mechanism by which car dealers can adjust the
composition of their stock of used cars. Having a well-balanced fleet of cars is viewed as
sound business practice in the used car industry. The auction provides a market in which, a

dealer can, in effect, trade one car for another and in so doing adjust their stock of cars to
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match their retail needs. If information is asymmetric, then the possibility of the auction yard

being used as a dumping ground for * lemons” emerges.

The wholesale auction market process has all the Akerlof (1970) properties of adverse
selection: (1) At the time of sale, one side of the market is better able to discern the quality of
the good than the other (sellers in this market are clearly more informed). (2) Both buyer and
seller value quality (sellers because of the need for repeat sales from customers and the use of
warranties). (3) Price is not determined by the more informed party (bidding is without a
reserve in most auto auctions). (4) Extra-trading institutions, such as warranties and
reputations, do not fully eliminate uncertainty over quality (although the seller is identified in

this market there are no warranties provided).

Genesove’s (1993) study reveals; new car dealers sell a higher proportion of their trade-ins on
the wholesale markets than used car dealers; both used and new car dealers are more inclined

to sell older cars on the wholesale market; this proportion grows much more quickly with age
for new car dealers. Therefore, Genesove (1993) predicts and finds new car dealers are twice

as likely as used car dealers to sell their older model trade-in at the wholesale auction market.
He finds evidence of adverse selection as new car dealers receive a premium for their early

model trade-in auction sales.

Gibbons and Katz (1991) develop an asymmetric information model involving worker
layoffs. A firm (the more informed party) lays off its least productive workers and prospective
employers (the less informed party) then infer these workers are of low productivity and so
offer them a lower wage. However, the same negative inference does not occur after a plant
closing, so the average reemployment wages of workers who lose their jobs because of a plant
closing is higher than that of workers who lose their jobs because of a layoff. Empirical
support for their model reveals that the pattern of earnings losses for white-collar workers fits
the predictions of their model better than blue-collar workers (these industries are more likely
to be covered by collective bargaining agreements with seniority layoff rules). The wage
discrepancy suggests that some stigma is attached to being laid off when employers are likely
to be able to pick whom to lay off but that no such stigma is attached to being laid off where
formal rules are more likely to govern layoff decisions. After controlling for reasons behind
the layoff, Gibbons and Katz (1991) show workers displaced through layoffs experience
approximately 4% larger wage reductions than do workers (with similar characteristics) who

were displaced through plant closings. As well, an extension of the model predicts that the
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average post-displacement unemployment spell of otherwise observationally equivalent
workers will be shorter for those displaced by plant closings than those permanently displaced
by layoffs.

Greenwald and Glasspiegel (1983) cast light on the importance of adverse selection in
competitive markets by investigating the market for the sale of slaves in pre-civil war New
Orleans. For their research, adverse selection refers to the process by which the least desirable
objects from any observationally equivalent group enter a market whenever information is

asymmetrically distributed between buyers and sellers (Akerlof, 1970).

Asymmetric information and the potential for an adverse selection problem should emerge in
this market because slave owners were better informed about the capabilities of their own
slaves than any future purchaser. It would be expected that this market attracted a “low-grade”
(but unobservable) grouping of slaves. This is because a slaveowner could use inside
information to determine which slaves in his own plantation were not very productive. These
are the slaves the owners are more likely to sell. Greenwald and Glasspiegel (1983) explain
that buyers should have been aware of this, and prices should have adjusted downward
accordingly. As a result, trade in “average” and “above average” slaves should have been
restricted and Pre-US civil war data regarding slave auctions in New Orleans confirmed this
theory. Slaves, perceived to be good slaves were three times less likely to be sold than those

considered to be low quality™®.

Anagol (2017), is able to show adverse selection is a potentially important form market
inefficiencyin the context of rural livestock markets. Anagol (2017), tests for the presence of
adverse selection in the market for dairy cows in India. When dairy cows are milking it is
possible to observe milk quality, however, in the dry phase it is difficult to observe milk
quality differences. The main finding from this study is that dry animal prices fall less in
response to negative crop output shocks. This is consistent with the idea that the unobservable
quality of dry animals improves during negative shocks because these shocks push more high-
quality owners to sell. A further finding is that dry animals are less likely to be traded at cattle

markets where a pre-existing relationship exists between a buyer and seller is less common.

Chezum and Wimmer (1997) point out there are many markets characterized by goods that do

not display uniform quality. When perfect information is assumed in these markets, sellers of

1% A common measure of productivity on the cotton plantations was in bales per slave.
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relatively high-quality goods command a higher price, and the market yields an efficient
outcome. However, when buyers are unable to distinguish the true quality of a good, or there
Is asymmetric information, markets may yield an inefficient outcome. Considering this,
Chezum and Wimmer (1997) look for evidence of asymmetric information in the
thoroughbred yearling market. In the thoroughbred industry, horses are bred for the primary
purpose of racing. Every year a relatively large proportion of all yearlings bred is sold at
thoroughbred auctions. While buyers may visually inspect and study the pedigree of
yearlings, sellers have the distinct advantage of having raised the yearling. In the months
before the seller takes a yearling to auction, the breeder has the opportunity to observe how a
yearling responds to other yearlings, the animal’s intelligence, has access to the yearling’s
complete medical history, and generally identifies the yearling’s temperament. This means
their knowledge of the yearling goes far beyond the basic conformation of the horse. While
these factors alone do not perfectly predict the yearling’s future on-track success, they do give
the seller an informational advantage (Chezum and Wimmer, 1997).

At these thoroughbred auctions Chezum and Wimmer (2000) in a later study identify two
categories of sellers: sellers who breed horses to race and sell (racers) and sellers who take all
their yearlings to auction (breeders). “Breeders” attempt to breed horses that will be
successful on the racetrack and are only interested in that part of the racing industry. On the
other hand, “racers” are interested in both the racing and breeding sectors of the thoroughbred
industry. Similar to the Genoseve (1993) apple sellers with the small orchard who love apples,
Chezum and Wimmer (2000) expect “racers” to keep yearlings that appear to have the highest
probability of on-track success and sell the remainder through one of the thoroughbred
auction markets. If buyers at the auction are able to identify a seller’s category, they will
expect lower quality yearlings from racers. It follows those racers should receive a lower
price for an otherwise similar yearling. Chezum and Wimmer (2000) look at price

differentials based on these seller types, for the 1994 Keeneland September yearling sale.

To test whether racers do in fact receive lower prices, data on the pedigree of the yearling,
selling price, and importantly the intensity of racing for the breeder were gathered. For
adverse selection to emerge in the thoroughbred auction market it is essential that each seller
attach to one of the two categories of sellers (i.e., racers or breeders) and that it is common
knowledge to potential buyers in which category each seller falls. In a further study, Chezum
and Wimmer (2006) introduce a “racing intensity” variable (Racing starts/Breeding starts) to

their regression model. As sellers start more horses in races relative to their breeding
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operation, Racing Intensity increases. Naturally, buyers regard this adversely and it should
contribute to lower prices for stock coming from the more racing intensive type of seller. This
IS the proposition tested by Chezum and Wimmer (2006) with the 1994 Keeneland September
yearling auction. They find Racing Intensity to be negative and significant and therefore
associated with lower auction prices. The conclusion is that adverse selection is a factor in

determining the price of a thoroughbred yearling.

Chezum and Wimmer (2006) acknowledge that the use of a correlation between seller
characteristics and prices as evidence of adverse selection ignores the effect seller effort might
have on the quality of goods (such as yearlings) sold. When foals are first born, breeders may
be unsure which to retain and which to sell because the attributes that they use to distinguish
the superior horse may only be revealed over the coming months. There is some uncertainty
around the sell-retain decision and so owners exert effort training the horse before any innate
quality is observed. For this reason, breeders who race, will prepare all their horse the same
way with an eye to racing them in the future. On the other hand, breeders who sell all their
stock have little incentive to carry out this same preparation. The main point from this study is
that failure to account for potential moral hazard problems may lead to an incorrect
conclusion that adverse selection does not affect outcomes when both hidden actions and

hidden information play important roles.

Sauer (1998) points out that informed bettors are responsible for altering the subjective odds
in horse racing. Yet puzzlingly observes that returns are negative. Despite this, Sauer (1998),
finds that models of efficient pricing can account for much of the variation in the subjective
odds at the racetrack.?’ Chezum and Wimmer (2000) make use of Sauer’s (1998) findings
when they extend the intuition regarding asymmetric information by examining how bettors
assess the likely outcome of horse races. If breeders use private information to select, retain
and race their best horses (homebreds) then this information should be included in the
parimutuel (subjective) odds. The signal that the horse is a homebred indicates that it has
potentially been drawn from the top tier of the yearling cohort. After controlling for
characteristics of the race and the individual horse they show that homebreds, on average,

have lower parimutuel (subjective) odds. Their conclusion, therefore, is that there is believed

20 saquer (1998) here is defining efficiency as: all agents are fully informed, have identical risk-neutral
preferences and maximize wealth.
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to be adverse selection in the thoroughbred yearling market since bettors favour homebreds

over otherwise similar nonhomebreds.

The literature points out the potential for adverse selection occurs in the thoroughbred
industry when owner breeders (racers), who have superior information on the quality of
horses, compete for prizemoney with non-breeders (buyers). The prizemoney provides an
incentive for racers to adversely select which horse to retain and which to sell. Chezum and
Wimmer (2000) look for evidence of this in the American thoroughbred industry by
empirically testing the effect of homebreds on the subjective betting odds. Sauer shows that
wagering markets for thoroughbreds are relatively efficient.?! If racers (using private
information) retain, what they believe to be superior yearlings, then bettors (operating in a
relatively efficient market) should favour homebreds over otherwise similar nonhomebreds.
Chezum and Wimmer’s (2000) main finding is that homebreds, on average, attract shorter
betting odds than nonhomebreds.?? Since the subjective odds are a good indicator of bettors’
opinion, they conclude homebreds are superior.

However, Chezum and Wimmer’s (2000) use of subjective odds is perhaps more a test for the
perception of adverse selection occurring rather than a test for the actual presence of adverse
selection in the industry.?® A more direct indicator of the existence of asymmetric information
in the industry is a correlation between race performance and the homebred characteristic.
Therefore, in this chapter, our first objective is to investigate (using a number of
measurements) if homebreds outperform otherwise similar nonhomebreds at the racetrack.
The second objective is to examine the subjective odds to see if Australian bettors reveal a
preference for homebreds over otherwise similar nonhomebreds. This motivates the following

two questions:

1. Are thoroughbred horses, raced as homebreds (in Australia), superior to otherwise similar

nonhomebreds??*

2. Is the influence of the homebred characteristic on the subjective odds of a horse race the

same as its influence on the real outcome of a race?

21 Subjective odds are the aggregation of the personal judgements of bettors on the winner of a race.

22 The shorter the odds the more a horse is favoured by bettors.

2 Mark Twain famously wrote ”It were not best that we should think alike; it is difference of opinion that
makes horse races.

24 Superiority is measured by comparing number of wins, places, prizemoney.
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To answer the first question, we isolate the influence of the homebred characteristic on the

level of a success a thoroughbred reaches in its racing career.
Specifically, a thoroughbred’s success is calculated as :

(1) Career win strike rate (Total number of wins divided by the total number of race-
starts)

(i) Career place strike rate (Total number of placings in races divided by the total

number of race-starts)
(ili)  Career average prizemoney per race start

To answer the second research question, we collect information on the subjective odds of
thoroughbreds when they raced in two-year-old maiden races in 2010. We explicitly select
this period and type of race because it provides the best opportunity to feature any variation in
bettors’ attitudes of horse quality based on the homebred characteristic. This is because
thoroughbreds that have not yet won a race are the only horses eligible to compete in maiden
races. Since horses do not begin racing until classed as two-year-olds, these maiden races will
have many horses with limited or no previous racing experience. For our second research
question this is helpful because as horses compete in more races, information about their
racing ability is revealed. If a thoroughbred’s success at the racetrack is associated with being
a homebred, the homebred characteristic may lose some importance for bettors as horses

compete in more races.

To discuss the data and methodology of these research questions we divide 2.3 into two sub-
sections. In Section 2.3.1 we describe the data and methodology surrounding our first research
question and then present the results. Section 2.3.2 deals with our second research question in

a similar way.
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2.3. Data, Methodology and Results

2.3.1 Data, Methodology and Results for Research Question 1

RQ1: Are thoroughbred horses, raced as homebreds (in Australia), superior to otherwise

similar nonhomebreds?

2.3.1.1 Data (for Research Question 1)

If breeders adversely select the horses they sell, horses retained by a breeder to race should be
of a higher average quality. To test this, we monitor the career performances of 331 horses
that started competing in two-year-old races at Sydney and Melbourne metropolitan
racetracks in 2010. In all, 156 horses raced as homebreds and 175 as nonhomebreds. The
Sydney and Melbourne racetracks offer the highest prizemoney thus, this sample of horses,
should represent the best of the best in Australia (in terms of horses foaled in 2007) and

potential selection bias.

To gauge higher thoroughbred quality, data is collected from RacingandSports on three
acknowledged benchmarks of racing success: win strike rate, place strike rate and average
prizemoney per race. The purpose here, is to see if the homebred characteristic is influential in

achieving racing success in these three benchmarks.

We define a homebred as a horse that has at least one entity listed as both its breeder and
owner at the start of its racing career. The Australian Stud Book?® provides details on the

breeder and ownership information is gathered from thoroughbred gambling websites.?

Winning strike rate, our initial benchmark used to judge a thoroughbred’s success is
calculated by dividing the number of races a horse has won in its career by the number of

career races(starts).This information was gathered from www.RacingandSports.com. The

%5 The Australian Stud book lists every Australian foal born since 1972
26 These sites include www.racenet.com.au, www.racing.com, Www.RacingandSports.com and
WWW.racingnsw.com
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second benchmark, place strike rate, is calculated in a similar way but includes the number of

times a horse finished first, second or third in a race divided by its total number of starts.

Career prizemoney is frequently used as a measure of thoroughbred success. However, race
prizemoney is not a standardised unit.2’ For this reason we use average prizemoney per race

as a third benchmark of success.

2.3.1.2 Methodology (for Research Question 1)

Modelling Thoroughbred Success

To win a race, a horse needs to demonstrate greater speed, strength and stamina than its rivals.
Chezum and Wimmer (2000) find that the chances of being that winning horse increase if it is
homebred. They reach this conclusion after examining the subjective parimutuel odds of horse
races and finding that US bettors, on average, favour homebreds over otherwise similar
nonhomebreds. This indicates that bettors (in the US) believe that homebreds are more likely
to possess the necessary winning traits.

It follows, that horses with an abundance of speed, strength and stamina will have successful
careers at the racetrack. To test this, we examine the influence of individual horse attributes
(including the homebred characteristic) on our three benchmarks of racetrack success: win
strike rate, place strike rate and average prizemoney per start.

Using each of the three benchmarks separately as our dependent variable we estimate: y; =
xip + &,

where y; is horse i’s benchmark of racing success, x is a vector of covariates (including our
variable of interest, homebred) for horse i, 8 is the corresponding vector of coefficients, ¢; is
the random error term.

Independent Variables

We now describe the independent variable and summarise them in Table 2.1. The
thoroughbred is the result of over 300 years of selection for perhaps one trait, superior
running ability (Pedigree Goddess). For this reason, we take note of the pedigree of our
sample of horses. Specifically, we record whether the sires of our sample of horses are listed
in Racing Australia’s Fact Book.?® The expectation is that a strong pedigree, while not

guaranteeing racetrack success, should increase the probability of a horse having relatively

27 standard Saturday races in Sydney have prizemoney worth $65 000 whereas the Golden Slipper (the richest
two-year-old race) is worth $3.5 million in prizemoney.
28 This list is compiled using prizemoney won by the sire’s progeny.
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higher average prizemoney as well as a higher win and place strike rate. Racing Australia’s
Fact Book list successful sires in various categories which include leading Australian sires
(Outstanding Sire), leading Australian sires of two-year-olds (Outstanding Juvenile Sire) and
Australian first crop sires (First Year Sire). Horses with this pedigree are set to one if they
have this pedigree and zero otherwise. The expectation is that the Outstanding Sire variable
has a positive correlation with both win and place strike rate and higher average prizemoney
per start. Similarly, Outstanding Juvenile Sire (OJS), is the variable used to control for sires
who have a reputation of producing foals that mature early and have the propensity to win as
two-year-olds. The expectation is a positive correlation with the benchmarks of racetrack
success. The First Year Sire is necessary to control for the inability for these sires to appear in
the Racing Australia Fact Book as an OJS or OS since it is their first year standing at stud.

First Year Sire controls for the uncertainty surrounding the potential of these sires.

Using the RacingandSports website we record the gender of each horse. Of particular interest
is whether a colt has been gelded.?® Once gelded a colt has no residual value in breeding but
may go on to have a successful racetrack career. Therefore, a compelling reason is needed for
submitting the horse to this transformation. The usual reason a colt is gelded is because it has
proven difficult to train and/or is aggressive around other horses. We include the gelding
variable because gelded horses maybe less successful in the early part of their career as they

overcome the transformation.

Information on the foaling date of horses is taken from the Australian Stud Book. We include
this information because all horses foaled in 2007 are eligible to start racing in two-year-old
events in the 2010-2011 racing season. Horses foaled early in 2007 are expected to have an
advantage in the early career two-year-old events because they are relatively more mature
than foals born later in the year. For this reason, our variable month is expected to have a

positive influence on the racehorse success benchmarks.

RacingandSports lists the top 10 trainers (by strike rate) on their website. We record whether
any of our sample of thoroughbreds begins their racing career with one of these trainers. This

information is needed because a trainer’s ability can influence racetrack success of a horse.*

2 A colt has a 99% chance it will be ultimately gelded to improve its manageability, weight control and extend
its racing career.

30 For detailed information of the importance of trainer see, “How Super Trainers have come to dominate the
sport”, Thoroughbred Daily News, 2018.
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Table 2. 1 Summary of variables and description

Variable | Measurement | Description Expectation
Homebred | 1 If homebred If homebreds are superior to
0 If Nonhomebred nonhomebreds then a positive
correlation is expected
between the homebred and
thoroughbred success.
oS 1 If the horse’s sire is an Expectation is a positive
outstanding sire relationship between a strong
0 If otherwise pedigree and thoroughbred
success.
0Js 1 If the horse’s sire is an Expectation is a positive
outstanding juvenile sire correlation between a strong
0 If otherwise pedigree and thoroughbred
success because of the
potential for a horse to be
successful in the early part of
their career.
First Year | 1 If horse’s sire is a first-year This variable is included to
sire control for the uncertainty
0 If otherwise that exists because of the
unknown potential of this
sire’s first crop of foals.
Gelding 1 If the horse has been gelded A gelding may be
disadvantaged in the early
0 If otherwise part of their career because of
interrupted training
Mare 1 If the horse is a mare This is included because
0 If otherwise mares on average, have
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shorter racing careers than

geldings.
Month 26-32 The age (in months) of each The smaller the number for
horse in the race the month variable the more
recently the horse was foaled.
There should be a positive
correlation between success
and month as an older horse
should achieve greater
success (initially) since they
are more mature.
Trainer 1 If the trainer is considered a Expectation is a positive
top 10 trainer by correlation between racetrack
Racingandsports. success and top trainer.
0 If otherwise

Black Type Events

Many owners, breeders, trainers and jockeys have their heart set on winning the bigger and

better Black Type races (HorseRacinginfo).>! Therefore, we also collect information on the

horses in our sample that qualified and competed in Black Type events. We do this because

breeders may decide to retain a particular horse because they believe it has the particular

attributes needed to win or more of these prestigious races. For this reason, it is possible that

any homebred influence on racing success may only immerge in these events.

2.3.1.3 Results (Research Question 1)
In total, the 331 thoroughbreds (156 homebreds and 175 nonhomebreds) competed in 8148

races with a subsample of 134 horses featuring 634 times in Black Type events.

31 victory in Black Type races means the horse is particularly talented. They are referred to as Black Type
because any horse that has won one of these races is printed in bold type in sales catalogues. There are about
500 Black Type races every season in Australia.
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Table 2.2 presents the sample mean for the control variables used in Section I. This table
includes the sample mean for the full sample (column 1) as well as sample means for
homebreds (column 2) and nonhomebreds (column 3).The results for the two-sample test of

the equality of the means are recorded in column 4.

The descriptive statistics show homebreds are less likely to come from one of the outstanding
sires or a leading juvenile sire. This result is perhaps to be expected because of the potential
financial risks in the industry (Makrell,2016). Potential buyers worried about financial loss
are attracted to yearlings that are considered “good” bloodstock. However, breeders with
private information are prepared to match stallions with mares for other reasons (such as

genetic research) than historically successful matching.?

The test statistic indicate that homebred colts are less likely to be gelded than nonhomebred
colts. One explanation is that for many breeders, an important goal is to own a successful colt
that wins significant prizemoney winning races and then spends his retirement away from the
racetrack standing at their stud earning huge sums of money in stud fees (Horse Racing Sense,

2021).% For this reason breeders may persevere longer with an unruly colt.

Table 2. 2 Summary of sample means

Full Sample Homebreds Nonhomebreds Test Statistic
(331) (156) (175) for (x; — x,)
X1 X2
Homebred 0.471
(0.499)
Outstanding 0.290 0.244 0.331 -1.770**
sire (0.454) (0.431) (0.472)
Outstanding 0.314 0.263 0.360 -1.915**
juvenilesire | 465 (0.441) (0.481)
First Year sire | 0.109 0.083 0.131 -1.419*
(0.017) (0.022) (0.026)

32 For a more detailed discussion on thoroughbred breeding see “How genetics can create the next superstar
racehorse” The Guardian, June 22,2014.
33 The record price for a stud fee is $US500,000 for Storm Cat.

25



Gelding 0.911 0.873 0.940 -2.060***
(0.286) (0.336) (0.240)

Mare 0.558 0.596 0.525 -0.880
(0.497) (0.492) (0.501)

Month 29.977 29.972 29.982 -0.038
(2.512) (2.444) (2.582)

Top trainer 0.529 0.551 0.508 0.776
(0.500) (0.499) (0.501)

Note

* Significant at 10% level (standard deviations in parentheses)

** Significant at 5% level
*** Significant at1%level
(F1-%2)

n, is the number of homebred horses in the sample. sZ is standard deviation of the nonhomebred cohort

Test statistic for the equality means = where s? is standard deviation of the homebred cohort and

and n, is the number of nonhomebred horses in the sample.

Table 2.3 presents the results of our empirical analysis on the racing career performances of
our sample of thoroughbreds. Columns 1, 2 and 3 record the OLS regression results for the

win and place strike rates and the average prizemoney.

The results show that a pedigree that includes either an outstanding sire or outstanding
juvenile sire does not guarantee racetrack success. Both these control variables are not
significant in a horse finishing its career with a higher win and place strike rate or higher

average prizemoney.

The earlier a foal is born in the season horse is born the more likely it is to have higher career
prizemoney. It seems these horses are able to take advantage of racing against less mature

horses in the initial stage of their career.

On the one hand, the variable of interest, homebred, has a coefficient that is positive and
significant in increasing both the win and place percentages of a thoroughbred over their

racing career. However, on the other hand, while the homebred coefficient is positive for
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increasing average prize money it is not significant at any level. Therefore, we observe the
data partially supports the conjecture that homebreds are superior to otherwise similar
nonhomebreds. The residual diagnostics are reported in Table 2.3. These indicate the error
terms are normally distributed and that there is no evidence of serial correlation or

heteroskedasticity. The results are robust to various specifications.

Table 2. 3 Thoroughbred Success

Win Percentage | Place percentage | Average
Prizemoney
(“000)
Homebred 1.811* 0.046** 1.132
(0.951) (0.020) (1.431)
Outstanding 0.158 0.033 -0.425
juvenile sire (1.112) (0.0228) (1.678)
Outstanding Sire | 1.031 0.005 -0.206
(1.115) (0.0229) (0.193)
First Year Sire 1.968 -0.020 -0.445
(1.553) (0.081) (2.333)
Gelding -2.122 0.007 3.913
(2.558) (0.042) (4.646)
Mare -0.243 0.011 6.594
(2.530) (0.042) (4.611)
Month 0.010 -0.002 -0.596**
(0.187) (0.004) (0.282)
Top Trainer 1.454 0.034* 0.218
(0.969) (0.020) (1.680)
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Constant 8.398 0.318 16.133
(0.187) (0.119) (9.298)
Serial Correlation | 0.40 0.56 0.41
(LM) (p = 0.53) (p = 0.45) (p=0.52)
White Test 1.34 0.73 0.57
(p = 0.10) (p =0.88) (p = 0.98)
JB Test 2.21 2.46 1.66
(p=0.33) (p =0.29) (p=0.44)
R? 0.041 0.040 0.032
Observations 331 331 331
* Significant at 10% level (standard errors in parentheses)
** Significant at 5% level
*** Significant at1%level

The results presented in Table 2.4 are for the 134 horses from our sample of 331 that
competed in Black Type races. These results also indicate a pattern of partial support for the
conjecture that horses, racing as homebreds, are superior to otherwise similar nonhomebreds.
The homebred variable is again positive and significant in determining a thoroughbred’s
career winning percentage when the thoroughbred is participating in the prestigious Black
Type events. For Black Type events (in contrast to the full sample), results indicate that a
strong pedigree (i.e., outstanding sire) does increase a thoroughbred’s probability placing in
these events. Another point of difference in the sub-sample data is the role of the trainer. In
Black Type races, the trainer plays a significant role in increasing a horse’s chances of placing
in these events. The residual diagnostics are reported in Table 2.4. These indicate the error
terms are normally distributed and that there is no evidence of serial correlation or

heteroskedasticity. The results are robust to various specifications.

Table 2. 4 Thoroughbred Success - Black Type Events
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Win Percentage

Place percentage

Average Prizemoney

(“000)
Homebred 0.040* 0.057 2.050
(0.021) (0.042) (3.445)
Outstanding 0.017 0.031 -1.705
juvenile sire (0.024) (0.046) (3.809)
Outstanding Sire -0.022 -0.097** -0.237
(0.024) (0.047) (3.801)
First Year Sire -0.009 0.008 -1.039
(0.036) (0.069) (5.679)
Top Trainer 0.011 0.077* -0.980
(0.023) (0.044) (3.604)
Gelding -0.038 0.023 -10.555
(0.064) (0.095) (10.120)
Mare -0.030 0.081 -5.130
(0.064) (0.093) (10.120)
Month 0.002 -0.0092 -0.516
(0.004) (0.0094) (0.768)
Constant 0.012 0.284 31.925
(0.283) (23.754)
Serial Correlation 3.94 1.83 0.03
(LM) (p=0.14) (p=0.18) (p =0.859)
White Test 0.72 0.76 0.71
(p =0.86) (p=0.82) (p =0.68)
JB Test 3.99 1.32 1.16




(p = 0.16) (p = 0.52) (p =0.56)
R? 0.048 0.086 0.034

Observations 134 134 134

* Significant at 10% level (standard errors in parentheses)
** Significant at 5% level

*** Significant at1% level

Notes: Win percentage = Total Black Type wins/Total Black Type starts
Place Percentage = Total Black Type places/Total Black Type starts

In Section | we analysed the racing career of 331 thoroughbreds foaled in 2007 to show that
homebreds have, on average, (in some criteria) a more successful racing record than otherwise
similar nonhomebreds. We then extend the analysis to show homebred is also significant in
increasing the chances of winning a Black Type race. In Section Il we continue the theme
surrounding the influence of the homebred characteristic. In the following section we compare
any difference between the homebred characteristic’s influence on the subjective odds and its

influence on the actual outcome of a race.

2.3.2 Data, Methodology and Results for Research Question 2
RQ2: Is the influence of the homebred characteristic on the subjective odds of a

horse race the same as its influence on the real outcome?

2.3.2.1 Data (Research Question 2)

Perhaps the most prominent piece of information displayed on horseracing websites and at the
racetrack will be the subjective parimutuel odds.** These subjective odds, unlike the unknown
real odds, reflect the sentiment or judgement of bettors towards each thoroughbred’s chance

of winning a particular race. In this section we record the results and the subjective odds of

34 As mark Twain commented...What makes a horse race is a difference of opinion.
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our sample of 331 thoroughbreds when they competed in same two-year-old maiden races in

2010. The purpose here is twofold:

(1) Draw attention to the differences that may exist in bettors’ decision making on the
likely winner of a horse race based on the distinction that a horse has or has not the
homebred characteristic.

(i)  Compare and contrast the influence of the homebred characteristic on the

subjective odds and the actual outcome of a horse race.

The subjective parimutuel odds adjust regularly as bettors place bets on their selection. This
updating of the odds continues up to the start and betting ceases once the race starts. The

subjective odds in this study follow the approach used by Chezum and Wimmer (2000) :
Subjective Odds = [(1-t)/P,] -1

Where P, is the share of the total win pool bet on horse k, and t is the parimutuel tax.®® The
odds shorten (less return for the bettor) for a particular horse as a higher proportion of bettors’
dollars are bet on that horse. The final subjective parimutuel odds (the starting prices) is the
measure we use in this section to gauge bettors’ judgement towards the winning chance of

each competitor in a race.

Regulation requires that thoroughbreds cannot start competitive racing until they are officially
classified as two-year-old horses and maiden races are restricted to thoroughbreds that have
not yet won a race (Racing Australia). Therefore, these horses are lightly raced (in racing
terms) which means they have limited or no racing experience. Selecting this type of race is
important when analysing bettor perception of homebred quality. As a horse competes in
more races, they have more revealed form for bettors to assess its racetrack ability and this
means bettors have more information about a thoroughbred’s racetrack ability. It follows, that
if racetrack ability is correlated with the homebred characteristic, our variable of interest,
homebred, will become less important for bettors in their selection of the potential winner of

the race.

We use the same definition for homebred as we did in the previous section and is set equal to

one when this condition is met and is set to zero otherwise.

35 parimutuel is defined as a system of betting on races in which the winning bettors share the total amount bet
minus a percentage for the operators.

31



2.3.2.2 Methodology (for Research Question 2)

Firstly, to gauge any influence the homebred characteristic may have on Australian bettors
when they frame the subjective odds of a race, we adopt Chezum and Wimmer’s (2000)
approach and introduce a race-specific fixed effect regression model using the data collected
from the 40 two-year-old maiden races from 2010. The subjective odds are used as a
dependent variable in the first model,

Secondly, since the subjective odds only reflect bettor judgement of the chances of a horse
winning a race and not its unknown real probability, we adopt a second approach that makes
use of a binary dependent variable which is set to 1 if a horse wins a race. The results from
these approaches allow a comparison of the homebred influence on both the real outcome of
arace and the subjective odds from the race.

Thirdly, since the subjective odds represent bettors’ opinion about the likely outcome of a
race, they are subject to bias. The most prominent bias embedded in the subjective odds is the
well documented favourite-long shot bias. This is the tendency for bettors to overvalue
“longshots” (over bet) and undervalue (under bet) the horses with the more likely chances of
winning the race. The implication from ignoring the bias is the subjective odds are less likely
reflecting the relative chances of a horse winning a race. Despite this it has been shown
bettors are generally accurate in the ranking of thoroughbreds based on their estimated
chances of winning (Sauer, 1997). Therefore, we supplement the subjective odds model with a
rank ordered logit model to reduce the noise that the favourite-longshot bias introduces to the
subjective odds.®” This allows us to compare the influence of our variable of interest,
homebred, on both the rank order of a horse’s chance of winning a race and the real outcome
of the race. We now discuss in more detail the techniques used in each of these three
approaches.

Subjective Odds Model
In this approach we model the speed, strength and stamina of a horse as: y;= x; + &,
where, yir represents the speed, strength and stamina of horse i at race r, x is a vector of
covariates, £ is the corresponding vector of coefficients, ¢ is the random error term, and i

indexes the horse in race r. So, horse i will win a race if for each j #1i, y; > y;. If the error

36 See Joseph Buchdahl (2016), “What is the favourite-longshot bias?” for an in-depth discussion on the
phenomenon.

37 The rank-ordered logit model is used to analyse the preferences of individuals over a set of alternatives,
where the preferences are partially observed through surveys or conjoint studies.
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terms are random and independent, then the probability that horse i wins a race is given by:

Py, >yj)=c¢e xiB /= e %jF), where j indexes all nominated horses in a particular race.

We are interested in examining bettor judgement of each horse’s chance of winning a race

and so we use the subjective odds as a proxy for P(y; > ;). As noted earlier, the subjective

odds are [(1-t)/P,] — 1 and these represent bettor judgement of a horse’s chance of winning a

race. As in Chezum and Wimmer (2000), the subjective odds can be modelled as:

In(Oddsir + 1) = Dr + xirB t &ir

Here, i indexes each horse in race r and to capture the fixed race effects, the race dummy, D,.,

is included for all 40 races. The list of covariates includes race specific controls as well as

controls for jockey and horse quality. Many of the controls were introduced in Section 2.3.1

and are listed again in Table 2.5 but this time with their expected influence on the subjective

odds.

Table 2. 5 Variables and Description for the Subjective Odds model.

Variable | Measurement | Description Expectation
Homebred | 1 If homebred If racetrack ability is believed
0 Non homebred to be positively correlated
with being a homebred the
subjective odds should
shorten.
Jockey 1 If the jockey is considered a If the jockey has relatively
top 10 rider according to high skills, then bettors
Racingandsports ratings should look more favourably
0 towards the horse and the
If otherwise subjective odds should
shorten.
Month 26-32 The age (in months) of each The smaller the number for
horse in the race. the month variable the more
recently the horse was foaled.
We expect a positive
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correlation between month
and the subjective odds (they

should shorten).

Out 1 If the horse’s sire is an Expectation is an outstanding
Standing outstanding sire. sire should increase the
sire (OS) probability that a horse is
0 If otherwise among the race favourites.
Out 1 If the horse’s sire is an Expectation is an outstanding
Standing outstanding juvenile sire sire should increase the
Juvenile probability that a horse is
Sire (0JS) | 0 If otherwise among the race favourites.
First Year | 1 If horse’s sire is an This variable is included to
Sire outstanding first year sire control for the uncertainty
0 that exists because of the
If otherwise unknown potential of this
sire’s first crop of foals.
Trials 0-3 The number of barrier trials More trials indicate more
the horse had before the race | preparation for the race and
should have a positive
correlation with the subjective
odds.
Place Percent The number of times (as a We expect the place variable
percentage of starts) the horse | to be positively related to
has finished first second or bettors’ perception that the
third horse has a good chance of
winning.
First Start | 1 If it is the horse’s first start in | Bettors should look upon
arace these horses less favourably
0
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If otherwise

since they lack race

experience.
Late Start | Horse The number of horse lengths a | Bettors look favourable on
Lengths horse finished from the horses that finished close to
winner at its last start the winner in their last race.
We expect the subjective odds
to shorten as the number of
lengths decreases.
Pick 1 If chosen by experts as the We expect a positive
likely winner relationship between Pick and
0 the subjective odds.
If otherwise
Late Mail |1 If selected as the likely winner | We expect a positive
(in the final minutes before a | relationship between Late
0 race starts) by an expert Mail and the subjective odds
commentator because bettors often
If otherwise “follow” expert tips
Ratings 0-100 100 represents the top-rated We expect the highly rated
horse by the unitab rating runners to be among the race
system favourites and have shorter
subjective odds.
Barrier 1 If a horse starts in barrier 1 Inside barriers are perceived
though to 6 by many bettors to be an
0 advantage. We expect to see a
If otherwise positive relationship between
the subjective odds and inside
barriers.
Gelding 1 If a colt has been gelded Gelding a horse sends a
0 If otherwise negative signal about the

horse’s temperament. We
expect a negative relationship
between gelded and the
subjective odds.
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Trainer 1 If the trainer is considered a If the trainer has relatively
top 10 trainer by high skills, then bettors

0 Racingandsports. should look more favourably
towards the horse and the

If otherwise subjective odds should

shorten.

To measure jockey quality, we include the variable jockey. The variable, jockey, is defined to
equal one if the jockey engaged to ride the thoroughbred is listed as one of the top 10 jockeys
(by prizemoney) in the previous racing season. These jockeys have relatively high riding
skills and bettors should look more favourably at their mounts. Thus, jockey should be
inversely related to subjective odds (shorter starting price) and positively related to the

chances of a thoroughbred being ranked as one of the favourites by bettors.

The trials variable represents the number of barrier trials the horse has participated in the
weeks leading up to the race. It can be assumed that the more barrier trials completed by a
horse the more extensive the horse’s preparation for a race. A positive correlation is expected
between the number of barrier trials and the probability of winning the race.

Bettors may also favour horses that have collected prizemoney from previous races. Horses in
maiden race that have previously won prizemoney send a signal to bettors that they may soon
parade in the winner’s circle. The Place variable controls for this possibility and is defined as
the number of times (as a percentage of starts) the horse has finished second or third in

previous maiden races.

To incorporate information contained in the horse’s previous race start, we include the Last
Start variable which is measured in horse length. It records how many horse lengths a
competitor finished behind the winning. Bettors tend to favour horses that finished close to

the winner (in lengths) in their previous race.*

38 The length is commonly used in Thoroughbred horse racing, where it describes the distance
between horses in a race (in general about 2.4 to 2.75 metres).
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The Pick and Late Mail*® variables which are set equal to one if expert form analysts indicate
that a horse is one of their more favoured selections to win the race. The expectation is that

bettors are influenced by tipsters and so these horses should have shorter subjective odds.

Unitab publish a horse rating for each competitor in a race. A rating of 100 is the highest
rating possible. The Ratings variable is included because bettors use this information when
making their selection on the likely race winner. The expectation is for a positive relationship

between the Ratings variable and the subjective odds.

The barrier draw is considered an important piece of information by bettors (punters.com.au).
For many races, it is perceived to be more advantageous to be drawn close to the inside of the
track. The Barrier variable is set to one if the horse is drawn in one of the inside barriers (1-6)
and zero otherwise. The expectation is bettors will more likely favour runners with an inside

barrier.
Subjective Odds Model Rank-ordered logit framework

As noted, the favourite-longshot bias may distort the subjective parimutuel odds by not
correctly aggregating the relative quality of each horse entered in a race. To account for this,
we follow Chezum and Wimmer’s (2000) approach and include a partial-rank and a full-rank-
ordered logit specification. The rank-ordered logit model is appropriate because bettors frame
the odds for a race by placing bets on their selected horses however the favourite long-shot
bias may generate subjective parimutuel odds that are not actuate distinctions of the relative
chances of horses winning a race. Nevertheless, it is possible to rank the starting subjective
odds in order from the favourite (the horse with the shortest odds) down to the longest

longshot.

If the subjective probability of horse i is preferred by the betting public over horse j and is
also independent of the other selections in a race then the probability of an observed ranking,
1>2>3...>m,is the product of the conditional probabilities of selections from
successively restricted subsets (Beggs, Cardwell, and Hausman,1981). The likelihood

function of a set of observations is therefore:

39 Late mail is a racing term used to convey final thoughts and selections of tipsters allowing for things like a
late scratching of a horse, jockey changes and other on-course information.
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Where r = 1. .. nindexes the race, and i = 1, . .., m indexes the horse in each race by rank,
where i = 1 indicates the horse the betting public has determined to be the most likely winner
of the race (Chezum and Wimmer, 2000).

The partial rank-ordered model is also introduced and ranks the first 3 horses in betting
favouritism. The advantage of this approach is bettors are more likely to be more diligent in
discriminating between horses with a more likely chance of winning a particular race than the
long shots (Hausman and Raud, 1987). Evidence suggests that as the number of rankings
increases, the value of the estimated coefficients falls (Chapman and Staelin, 1982). In our
case, this means bettors are randomly determining the rank order for horses they believe have
little chance of winning the race. This problem becomes more severe as the number of
rankings increases. Therefore, the partial rank-ordered logit specification is introduced to

overcome this problem and is given by:

~ e X1B e X2B e *pB
L=TTr= ( (zgglexiﬁ) '(Zﬁzexiﬁ) ( Z?’:Bexiﬁ) )

More specifically, the subjective odds can be used as a ranking of the horses by bettors based

the covariates introduced in Subjective Odds Model. In other words, we ask what
characteristics (including the homebred trait) of the thoroughbred affect the rankings by
bettors. The Partial Rank Ordered Model restricts the rankings m to the first 3 selections
(bettors struggle to rank horse outside of the top contenders in a race) while the Full Rank

Ordered Model provides the full ranking of all horses in a race.

The Full Rank Ordered Model is presented as a linear function:

ln( Prir > =D, +Bx +¢

— Piir

( plir+p2ir
In 1

=D, +Bx; + ¢
S ) =Pk

I ( Piir + P2ir + P3ir
n
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where X is the same column vector of covariates, [ the corresponding vector of coefficients, ¢
is the random error term. represents the probability of a horse i securing place j at the race r and
D, is the set of dummy variables capturing information contained in an individual race. The

partial rank ordered logit model assumes m = 3 in the above.

Real Odds (Outcome) Model

This model uses a binary dependent variable that is set to one if a horse wins a race. The
purpose here is to not see the influence of the homebred characteristic on the subjective
judgement of bettors but rather its influence on the actual outcome of a race. It does not
investigate the influence of the homebred variable on the subjective odds but directly
examines whether the homebred characteristic influences the actual outcome of a horse race.
If a horse wins a race, it is set equal to one and zero, if otherwise. The more direct Real

Outcome Model is
In (Pir/(l'Pir) = Dr + xirB + Eir

where P;,. is the probability that horse i wins race r. As in the previous models, i indexes each
horse in race r and D, is the set of dummy variables capturing information contained in an
individual race. We use x;,- to represent the same covariates as used in the Subjective Odds

Model and [3’s are their corresponding coefficients.

2.3.2.3 Results (Research Question 2)

Table 2.6 presents the summary statistics for the control variables not covered in Section I.
Once again, we include the full sample mean (column 1) as well as sample means for
homebreds (column 2) and nonhomebreds (column 3). The results for the two-sample test of
the equality of the means are recorded in column 4.

Table 2. 6Summary Statistics
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Full Sample Homebreds Nonhomebreds Test Statistic
(331) (156) (175) for (¢, — X))
X1 X2

Subjective odds 21.235 20.198 22.091 -0.723
(25.630) (27.085) (24.394)

Top jockey 0.538 0.564 0.516 0.955
(0.499) (0.497) (0.501)

Trials 1.329 1.106 1.327 -2 472%**
(0.934) (0.844) (0.932)

Place 0.17593 0.17636 0.17557 0.023
(0.3373) (0.3379) (0.3375)

First start 0.447 0.458 0.438 0.404
(0.498) (0.500) (0.497)

Last start 3.884 3.768 3.980 -0.531
(4.029) (3.374) (4.503)

Pick 0.508 0.525 0.479 0.907
(0.027) (0.501) (0.501)

Latemail 0.101 0.078 0.119 -1.39"
(0.301) (0.269) (0.325)

Rating 88.114 87.893 88.294 -0.925
(0.454) (0.706) (0.591)

Barrier 0.609 0.637 0.583 1.050
(0.510) (0.482) (0.530)
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Note:

* Significant at 10% level
** Significant at 5% level
*** Significant at1%level

standard errors are in parentheses
Test statistic for the equality means = =22
512, 52
nq nq
homebred cohort and n, is the number of homebred horses in the sample. s2 is standard
deviation of the nonhomebred cohort and n, is the number of nonhomebred horses in the

sample.

, Where s# is standard deviation of the

The main feature to point out from Table 2.6 is that the subjective odds, while being on
average slightly lower than the subjective odds of nonhomebreds, are not significantly
different according to the two-sample test of means. The summary statistics show that
nonhomebreds, on average, are more prepared for a race in the sense they have competed in
more trials leading up to a race. Nonhomebreds are also more likely to be selected as the

latemail for a particular race.

Table 2.7 presents the results for the Subjective Odds as well as the Partial and Full-Ranked
logit models and Real Outcome Models. As we see in column one, the results presented show
the coefficients for top jockey, top trainer, rating, pick, latemail, laststart and money are
significant and of the expected sign for the fixed effects OLS regression model. This indicates

that bettors will significantly shorten the subjective odds of a thoroughbred that:

(1) is trained by a top trainer

(i) is ridden by a top jockey

(iii)  has received a high rating

(iv)  finished close to the winner in its previous race

(v) is selected as a likely winner by expert commentators
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This conclusion is reached since all of the above variables are significant, at the one percent

level of significance, in reducing the subjective odds of a thoroughbred winning a race.

These results for the Subjective Odds Model from the 40 two-year-old maiden races at Sydney
and Melbourne racetracks in 2010 are mostly similar to Chezum and Wimmer’s (2000) study
that used data from US thoroughbred racing. However, unlike the Chezum and Wimmer
(2000) findings, the Homebred, variable is not significant (at any level of significance) in the
formation of the subjective odds (see column 1 Table 2.6). Note that Table 2.7 introduces a
control variable for horses placing in previous racings. We observe the interaction of this
variable with the homebred variable is not significant and therefore was dropped as a variable
in any subsequent analysis. For our 331 thoroughbreds, homebred is not important in
determining the betting patterns of two-year-old maiden races. We observe that our results are
different from Chezum and Wimmer (2000) in that they do not support the notion that bettors
favour homebreds over otherwise similar nonhomebreds (at least when analysing two-year-
old maiden races). Our results, presented in the Subjective Odds Model and the Partial and
Full Rank-Order Models in Table 2.7, do not support the conjecture that homebred is

significant in determining the subjective parimutuel odds.

The conflicting results is that US bettors favour homebreds over otherwise similar
nonhomebreds when framing the subjective odds for a race, but Australian bettors do not.
This raises two questions. Firstly, why do the subjective odds suggest evidence of adverse
selection in one market and not the other? One explanation can be the level of transparency in
the two markets. Chezum and Wimmer (2000) use The Daily Racing Form*’(as do many
bettors in the US) to collect information on the variables they use in their study. This popular

form guide (only published in the United States) clearly shows to bettors whether a horse is

40 Daily Racing Form sells more than 4 million copies of the newspaper annually and has more than 625,000
unique visitors to DRF.com each month

42



retained by its breeder and races as a homebred. Since this information is readily available
bettors can easily include it in their analysis. However, many Australian form guides in 2010
were less transparent with homebred information. For bettors in Australia, to find similar
information about breeders and owners of a particular horse, usually requires more thorough
searching that involves collecting information from several different sources. For example,
the Australian Stud Book will provide information about the breeder and the entry may be a
person’s name, the name of a business, the name of a thoroughbred stud or the stud’s owner.
Information about horse ownership can be found at several online betting form sites (punters
pal, RacingandSports, racing.com). However, these entries can also be a person’s name, the
name of a business (both public listed and private) or the name of the thoroughbred stud. So,
classifying a horse as a homebred sometimes is only possible after extensive cross checking
ownership details. Since the information is not as readily available, it is perhaps not used in
the formation of the subjective odds as extensively as bettors did in the Chezum and Wimmer

(2000) study.

Table 2. 6 Regression results for Subjective odds and Real Odds

OLS OLS Partial Rank Rank Real Odds
(Subjective (Subject Rank Ordered Ordered (Real
Odds Model) ive (Partial logit logit Outcome
Odds Rank- (Full (Full Model)
Model)  Ordered Rank- Rank-
Logit Ordered Ordered
Model) Logit Logit
model) model)
Homebred | 0.086 0.21 0.229 0.098 0.196 0.701*
(0.084) (0.16) (0.346) (0.115) (0.223) (0.399)
No Place -0.25 -0.65
(0.25) (0.342)
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Homebred*
No place

Top jockey

Last start

Month

Outstanding

juvenile sire

First Year

sire

Outstanding

sire

Percent in

the money

First start

Top trainer

Gelding

0.440 ***
(0.087)

-0.048 ***
(0.012)

0.015
(0.043)

0.077

(0.098)

-0.077

(0.134)

0.135
(0.097)

0.530 ***
(0.155)

-0.014
(0.114)

0.407 ***
(0.087)

-0.069
(0.114)

-0.16
(0.19)
0.41***
(0.08)

0.05%**
(0.01)
0.012
(0.04)

0.06

(0.09)

0.03

(0.11)

0.14
(0.09)

0.18
(0.30)

0.03
(0.12)

0.42***
(0.09)

-0.06
(0.11)

1.267 ***
(0.366)

0.008
(0.059)

-0.347 **
(0.180)

-0.456

(0.397)

-1.120 *

(0.638)

0.428
(0.375)

1.063
(0.648)

0.271
(0.490)

0.630*
(0.367)

-0.021
(0.499)
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0.554 ***
(0.120)

-0.073 ***
(0.018)

-0.038
(0.060)

-0.054

(0.134)

-0.429 **

(0.185)

0.242 *
(0.132)

0.677 ***
(0.212)

-0.089
(0.155)

0.560 ***
(0.120)

-0.025
(0.159)

-0.113
(0.25)
0.54%%*
(0.120)

-0.07***
(0.18)

-0.03
(0.06)

-0.07

(0.13)

-0.42%*

(0.185)

0.26%*
(0.13)

-0.08
(0.41)

-0.03
(0.16)

0.5+
(0.12)

-0.001
(0.16)

0.822*
(0.447)

0.044
(0.056)

-0.437%*
(0.215)

-0.325

(0.454)

-1.055

(0.780)

0.378
(0.437)

0.783
(0.726)

1.364%*
(0.581)

0.365
(0.435)

0.160
(0.569)




Pick

Latemail

Barrier

Rating

Trials

Constant

Serial
Correlation
(LM)
White Test

JB Test

RZ

0.805 ***
(0.087)

0.704 ***
(0.135)

0.078
(0.082)

0.024 ***
(0.006)

-0.104 *
(0.059)

-5.731

4.52

(p =0.10)

1.12
(0.27)

0.15
(p=0.93)

0.650

0.79***
(0.08)

0.71***
(0.13)

0.08
(0.08)

0.02%%*
(0.006)

-0.09
(0.06)

5.57***
(1.34)
5.15
(p=
0.08)
1.07
(p=
0.35)
0.16
(p=
0.92)
0.653

2 444%%*
(0.404)

2.452 ***
(0.592)

-0.104
(0.347)

0.090 ***
(0.026)

-0.236
(0.259)

2.68
(p=0.10)

3.08
(p=0.21)

1.168 ***
(0.126)

0.891 ***
(0.185)

0.171
(0.112)

0.027 ***
(0.008)

-0.190 **
(0.081)

5.54
(0.07)

0.075
(p = 0.96)

Psuedo R-
squared
0.199

1.15%%*
(0.13)

0.91%%*
(0.19)

0.18
(0.11)

0.03%**
(0.008)

-0.16*
(0.08)

6.07
(p=0.05)

0.089
(p=0.96)

0.20

0.656*
(0.389)

0.347
(0.511)

0.195
(0.425)

0.063**
(0.031)

-0.009
(0.318)

1.775

2.14

(p=0.14)

1.64
(p=0.44)

* Significant at 10% level ( standard errors in parentheses)

** Significant at 5% level
*** Significant at 1% level

Results for the OLS (where the dependent variable = the subjective odds),
the Partial Rank Ordered logit model (top 3 ranks), the Rank Ordered Logit
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model (all ranks) and Real Odds model (Where the dependent variable = 1 if
a horse wins the race)

396 observations

Mean Number of races pe r horse is 1.2 races.

The second question raised by the conflicting results is whether adverse selection is present in
the Australian thoroughbred market despite Australian bettors not perceiving it to be so. The
Real Odds Model, using the binary dependent variable to represent the real odds of a horse
winning a particular race answers the question whether the homebred characteristic has a
significant influence on the outcome of a race. The last column in Table 2.7 presents the
results for Real Odds Model. What is immediately noticeable is that many of the variables that
show significance in the Subjective Odds and Rank-Ordered Logit Models fall away in
significance when we introduce the Real Odds Model. Once again, we see that a top jockey,
pick and rating are of the expected sign and are still significant (albeit reduced) in the
formation of the real odds. However, this time the variable of interest, homebred, is now
significant at the 10% level. This indicates that while the homebred variable is important for
determining whether a horse wins a race its importance is not reflected in the subjective odds.
In sum, our results remain consistent with the Chezum and Wimmer (2000) conclusion that
adverse selection is present in the market for thoroughbreds, albeit using a different and more
direct test.
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2.4. Conclusion

Breeders, who also race thoroughbreds (racers), are expected to use information hidden to
buyers to determine which of their yearlings to retain and which to send to yearling auctions
for sale. While buyers are free to view the yearling and research its pedigree, breeders have a
clear-cut advantage of having reared the foal to a yearling. During this time (nearly 2 years)
the breeder can observe how it reacts to other thoroughbreds, its overall health and any
idiosyncrasies (both negative and positive) that may influence the yearling’s potential racing
career. While this information does not provide 100 per cent accuracy in the selection process

of future above average racehorses, it does create an asymmetric information environment.

In this chapter, we monitor and analyse the racing career of 331 thoroughbreds foaled in 2007
to show that homebreds have, on average, (in some criteria) a better racing record than
otherwise similar nonhomebreds. We then extend the analysis to show this superiority of

homebreds is also evident in the more prestigious Black Type races.

Horse wagering markets afford a natural environment to observe the consequences of
asymmetric information in a market. If retaining a thoroughbred based on private information
signals a higher quality stock, it is expected bettors will support homebred horses over

otherwise similar nonhomebreds.

We test this conjecture using a sample of 40 two-year-old maiden races conducted in
Melbourne and Sydney in the 2009-2010 racing season. Unlike Chezum and Wimmer’s
(2000) findings in US racing data we find no evidence consistent with the prediction that the
homebred characteristic influences bettor decision-making. However, we conclude that this
does not mean asymmetric information and adverse selection is absent from the market but
rather that the market is less transparent. We show that the Australian market is less informed
than the American market because information about whether a horse is owned by its breeder
is not as readily available in Australia. This means that bettors in Australia, when making
their judgement about a horse’s chance of winning a race, may not be including the significant
influence the homebred characteristic has on the outcome of a race.

In this chapter, we also directly test for adverse selection. The results suggest that many of the
variables that are significant in the formation of the parimutuel odds fall away in significance
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when we use the actual outcome of the race to calculate the real odds. This time the variable

of interest, homebred, in fact becomes significant.

Given that we have used strike rate and average prizemoney as indicators of horse quality, it
Is perhaps important to highlight the drawbacks of using these variables as measures of
success. Firstly, prizemoney is not a standard unit of measurement. Prizemoney varies
dramatically between city and country races. It also varies considerably between a weekday
and a Saturday event. Racers, who breed and race thoroughbreds, may have more than one
motivation when selecting which yearlings to retain (homebreds) and which to send to auction
(nonhomebreds). Although winning races is a driving force behind the decision- making

process, other factors such as cash flow and stock control may also be important.

This research indicates further steps could be taken to help understand the impact of
asymmetry of information on markets. First, the analysis could shift to see if the problem of
asymmetry of information is uniform or impacts different segments of the market more
severely. For example, are their industry regulations in place at the more expensive end of the
market to cater for potential inefficiencies created by asymmetric information (such as more
thorough veterinarian checks). Second, further empirical work around the definition of
homebred could support the assertion of adverse selection in the thoroughbred market. This
chapter’s definition of a homebred is similar to the one used by Chezum and Wimmer (2000):

A homebred is a horse that has at least one entity listed as both its breeder and owner at the

start of its racing career.

This definition could be abridged to include the classification of homebred to include only
those horses with a single entry as both the breeder and owner at the start of the
thoroughbred’s racing career. The implication of this change is that detection of adverse
selection may be more problematic with a stricter definition of homebred.

As noted, the racing unit has two components — the horse and the jockey. In this chapter we
concentrated on the horse by investigating whether adverse selection is practised by

thoroughbred breeders and if bettors perceive adverse selection to be present in the industry.
If present, it has the potential to influence the outcome of a horse race. If it only a perception

it has the potential to influence the subjective parimutuel odds.

In chapters 3 and 4 we switch focus and concentrate on jockeys. Specifically, we examine the
role of jockey “hot hands” or psychological momentum on the outcome of a horse race.
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Chapter 3

Do Australian Jockeys have Hot hands?

Preface: A published version of this chapter has been published in The Australian Journal
of management and permission has been granted from the publisher for its use in this thesis

and the details are listed below:

Wrathall, R., Falvey, R., & Rajaguru, G. Do (Australian) jockeys have hot hands? Australian
Journal of Management, 45(2), doi.org/10.1177/0312896219883675, (2020).

3.1. Introduction

In this chapter we extend the empirical analysis of hot hands in sports to horse racing, by
looking at the occurrences of winning streaks in the racing records of a sample of jockeys
riding in Australia. We compare the actual number of occurrences of winning streaks of each
length with the corresponding expected number, given the overall wins and rides of that
jockey. After examining this evidence, we draw two main conclusions. First, if we consider
jockeys collectively, grouped by strike rate, the evidence indicates the presence of hot hands
across almost all strike rates. This suggests that an observer who didn’t distinguish individual
jockeys beyond their strike rates could easily conclude that jockeys had hot hands. Second, if
we consider jockeys individually, we find that the majority do not exhibit hot hands. But a
significant minority do, although they vary in terms of the number of consecutive wins
required to trigger hot hands and the lengths of the streaks for which hot hands persists.
Finally, we ask whether these instances of hot hands appear to have been recognised in the
betting market. Specifically, we calculate the return on a strategy of placing a $1 to win bet on
the next ride of any winning jockey identified as having hot hands. While this wagering
strategy yields a negative return overall and for the vast majority of hot hands jockeys, a small

minority do yield a positive return.
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The hot hands concept has a rather controversial place in sports.*! In broad terms, hot hands
can be defined as ‘the belief that the performance of a player during a particular period is
significantly better than expected based on the player’s overall record (Gilovich, Vallone &
Tversky, 1985). GVT questioned the validity of the hot hands phenomenon, and this helped

spark an academic debate which has lasted for over three decades. #?

Although there is controversy surrounding the empirical evidence of the phenomenon, it is not
hard to see why fans believe in its existence. For example, in December 2016, jockey Jeff
Lloyd created Australian racing history at Corbould Park Turf Club on the Sunshine Coast.
Lloyd rode 7 winners on the 12-race program, bettering the previous record for most
metropolitan wins. This feat included winning the last five races on the program. What is also
notable about this achievement is that only two of his mounts were favourites. By the end of
the afternoon’s racing, commentators and spectators observed that Lloyd had ‘hot hands’ and
that today it seemed he could win riding a clothes/saw/hobby/rocking horse. At first glance
this does seem to be an extraordinary performance. Lloyd had won 16.5% of his rides in his
racing career in Australia prior to that date, and on the basis of this record would have been
expected to ride two winners at best. From this perspective it does appear that this was not an
ordinary day for Lloyd and that somehow his early wins inspired his subsequent performance
— hence the “hot hands’ label. While riding five winners in a row seems an improbable
outcome for a rider with a 16.5% strike rate (wins/rides), it is not an impossible outcome. It
comes down to a question of (beliefs about) likelihoods.

3.1.2. Hot Hands

We follow the original definition of hot hands (GVT), that an individual’s success at a
particular sporting task (in our case a winning ride) makes success at the next attempt (i.e.

winning on the next ride) more likely than if the first attempt had been a failure.*®* So a

411t has also spread beyond sports. See Liu et al (2018) for an application to artistic, cultural, and scientific
careers.

42 As Tversky reflected — “I’'ve been in a thousand arguments over the topic, won them all and convinced no-
one” (Bar-Eli et al.,2006, p535). However, a recent paper by Miller and Sanjurjo (2018) reveals a selection bias
in the technique used by GVT and many subsequent researchers, which, once corrected, reverses many of their
negative findings. In the light of this Tversky’s failure to convince is not so surprising.

43 This definition implicitly assumes that players are always in a (latent) ‘hot’ state which is triggered into action
by a ‘success’. An alternative view is that players are only sometimes in the ‘hot’ state and that a success in a
‘cold’ state would have no effect on the future probability of success (Stone 2012, Arkes 2013). Arkes (2013)

51



basketball player exhibits hot hands if she is more likely to score on a particular shot when her
last shot was successful than if it was unsuccessful. Similarly, a golfer sinking a putt, a
baseball batter hitting a pitch, a ten-pin bowler bowling a strike, a rugby /American-football
player kicking a penalty/field-goal and the concept even extends to online gamblers who are
more likely to win after winning. In principle testing for the presence of hot hands should be
straightforward, but in practice such testing often requires information on other situational
variables. Not all basketball shots are taken from the same distance and guarded by opponents
with identical defensive skills. Likewise, not all putts are of the same length and difficulty;
not all baseball pitches and pitchers are alike; not all field-goals are of the same distance etc.
However, if one can obtain a large enough sample of tasks these situational variables should
wash out, and this is the strategy that we rely upon. Using an argument analogous to that used
by GVT (1985) for basketball, we can say that if each ride is chosen randomly from an
ensemble of rides differing in difficulty (due to quality of mount, quality of opposition,
distance of race etc.), this will produce a riding record equivalent to a simple binomial model

based on the jockey’s strike rate.

A considerable literature on hot hands has arisen in the three decades since GVT (1985)
brought the concept from sports folklore into the realm of academic research.** Despite nearly
40 years of hot hands in sports as an active topic of research, there was no published study on
hot hands in horse racing before our analysis.* The literature review that follows is organised
in the following way: We begin with a discussion on the source of the belief in hot hands and
then review the GVT (1985) original study. We then survey studies both supportive and non-
supportive of hot hands in mostly chronological order. Lastly, we review the methodological

criticisms concerning the validity of tests used in studies concerning hot hands.

notes that tests may fail to detect hot hands even where they are present because the sample size is low and
hot hands events are infrequent.

44 Avugos et al. (2013) found over 250 hot hand papers in a preparatory search for their meta-analysis.

45 See Wrathall, R., Falvey, R., & Rajaguru, G. (2020) “ Do (Australian) Jockeys have Hot Hands?” Australian
Journal of Management.
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3.2. Literature Review

3.2.1 The Source of belief in hot hands

GVT offers two reasons why people believe in hot hands. First, it may be due to memory bias.
Fans have the propensity to find winning streaks more memorable than interchanges of wins
and losses or hits and misses and this can lead them to overemphasize the correlation between
successive hits or wins. The second source of belief in the hot hand is cognition bias. This
bias is known as “the belief in the law of small numbers” (Tversky and Kahneman, 1971).
This is the misperception of the laws of chance that occurs when we expect short random
sequences to mirror the process that induces them. When this happens, we are ignoring the
size of the sample being used to make our predictions. Also, people often expect more
variations and fewer streaks than really occur and this causes some people to suspect a streak
or unusual pattern in outcomes where none really is occurring (Tversky and Gilovich, 1989).
Therefore, GVT and others that followed, believe hot hands is a fallacy and is the result of a

misunderstanding surrounding the distribution of wins and losses (hits and misses).

Gigerenzer (2000) argues against this notion of a misperception of the distribution of hits and
misses. His criticism of the GVT interpretation centres on using the representative heuristic as
the reason why people believe in both the gamblers fallacy (i.e., a winning run is likely to
end) and hot hands (i.e., a string of wins or hits should continue). The issue of concern for
Gigerenzer is the use of the representative heuristic to account for the two opposing
phenomena of hot hands and the gambler’s fallacy.*® Ayton and Fischer (2004) have an
alternative approach that suggests the gambler’s fallacy (negative recency) arises from natural
events such as roulette games, but hot hands (positive recency) arise from the serial

fluctuations in human performance.

Caruso and Epley (2004) reach a similar conclusion and contend people believe hot hands
will appear and also continue when human endeavour is involved and where events are
perceived to be dependent on one another. In contrast, streaks are perceived as random and

should come to an end (gambler’s fallacy) when machines are involved.

6 The representative heuristic is the degree to which an event is similar in characteristics to its parent
population and the degree it reflects the main features of the process by which it is generated.
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Gilovich et al. (1985) (The original report into hot hands)

The original basketball study by GVT that sparked the hot hands debate on hot hands includes
a survey of fans and players, an analysis of player shooting records and a controlled shooting
experiment that eliminates the effects of shot selection and defensive pressure.

The survey of 100 basketball fans reveals that 91% of fans believe a player has a better
chance of making a shot having just made their last two or three shots than they do after
having just missed their last two or three shots. In addition, 96% of fans thought that after
having made a series of shots in a row players tend to take more shots than they normally
would. In describing an outstanding performance by a basketball player, fans commonly use
expressions such as “Larry Bird has the hot hand” or “Andrew Toney is a streak shooter.”*
The majority fans believe that it is important to pass the ball to a player with the perceived hot
hand.

GVT’s investigation of player shooting records includes an analysis of conditional
probabilities, a Wald-Wolfowitz runs test and a stationarity test of shooting attempts in 48
games of the Philadelphia 76ers during the 1980-1981 season.*® Their analysis of conditional
probabilities indicates that for the majority of the players the probability of a hit is actually
lower following a hit than following a miss. Their analysis of runs test supported the
conditional probabilities result because they show the difference between the expected
number and actual number of runs was not significant. GVT use a stationarity test to detect
occasional “hot” stretches embedded in longer stretches of “normal” performance. Once

again, the results provided no evidence for nonstationarity, or streak shooting.

The GVT controlled shooting experiment involved 14 members of varsity basketball team.
The purpose here was to eliminate shot selection and defensive pressure that may be masking
the presence of hot hands. The results for the conditional probabilities, analysis of runs and
stationarity test are all contrary to the hot hand hypothesis.

A considerable empirical literature has arisen testing for the presence hot hands in a wide
range of sports. These include basketball (GVT, 1985; Paul and Weinback, 2005; Arkes,
2013; Daks et al., 2018), golf (Gilden and Wilson, 1995b; Clark, 2003a; McFall et al, 2009;

47 Larry Bird and Andrew Toney are widely regarded as two of the greatest basketball players of all time.
48 The Wald Wolfowitz runs test is a non-parametric test that is used to test the randomness of a two valued
data sequence.
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Livingston, 2012; Stone and Arkes, 2016), volleyball (Raab et al, 2012), baseball (Albright,
1993; Albert, 2008; Green & Zwiebel, 2018), bowling (Dorsey-Palmeteer & Smith, 2004),
NFL (Paul et al, 2012), darts (Otting et al, 2018), soccer (Parsons and Rhode, 2015) and even

horseshoe pitching (Smith, 2003). The results have led to mixed conclusions.*® In a review of

twenty years of hot hand research, Bar-Eli, Avugos and Raab (2006) cited 13 studies that did

not find hot hands and 11 studies that did. A follow up meta-analysis (Avugos, et al 2012) led

the authors to conclude against the existence of hot hands in sport in general. This research is

now discussed and summarised in Table 3.1.

Table 3. 1 Summary of research findings into Hot Hands

Studies that do not support the notion of hot hands in sport

Survey

Sport

Technique

Results

Siwoff, et al. (1988)

US baseball 1984-
1987

Compared batting
averages of players
after perceived
“cold” and “hot”
streaks with the

players’ overall

A batter’s average
was just as likely to
improve after a
“cold” streak as after

a “hot” streak.

record.

Gould (1989) US baseball Analysed the Gould concludes this
probability of Di result (due to a high
Maggio’s 56-game success rate and not
using expected hot hands) is
outcome and significantly
standard deviation. different from a

random outcome.
Adams(1992) NBA basketball Compares the mean | The null hypothesis

interval between two

is that hot hands is

49 Naturally, some sports may be more conducive to PM effects than others. Oskarsson et al. (2009) argue that
the hot hand is more likely to emerge where contexts are more uniform (i.e., free from the influence of
situational variables). In sports such as billiards, bowling, darts, horseshoes and golf (putting), uniformity

translates into an increased sense of control which is more conducive to PM effects.
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consecutive
successful hits and
the mean between a

hit and a miss

time dependent, but
this is rejected.

Albright (1993)

US baseball Fits a logistic
regression model for
each player where
hitting is modelled
using recent success
variables for
streakiness together
with other situational

variables.

Although some
players exhibit a
significant degree of
streakiness, Albright
concludes that there
is little support for
streakiness overall,
because of the small
number of players
exhibiting this

behaviour.

Frohlich (2004)

US baseball Simple probability
model

Situational variables
can be used to
explain all the no-hit
games since 1900.
Any deviation from
a “normal” season is

due to chance.

Vergin (2000)

US baseball and Chi-square
basketball goodness- of- fit test
and Wald-Wolfowitz
runs test to compare
actual winning and
losing streaks with
the assumption that a

game outcome is

The probability of a
win in the current
game is independent
of previous results.
Streak lengths, both
losing and winning
are not longer than
what can occur by

chance.
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independent of

previous results.

Albert and Bennett
(2001)

US Baseball

Simulated the
perceived streaky
hitting of Todd

Zeile’s 1999 season.

Zeile has periods
they describe as
“hot” other periods
as “cold”. They
conclude chance
determines whether
Zeile was batting
with hot hand or
cold hands.

Koehler and Conley
(2003)

US Basketball

Sequential-
dependency runs
analysis of an NBA

long distance

Contestants did not
outperform their
base rates following

runs of shooting

shootout contest. success.

Brown (2008) Baseball Hierarchical Bayes No convincing
interpretation - used | evidence of any
early season datato | lengthy hitting
evaluate a batter’s streaks (6 months),
latent ability to then | but convincing
predict later season | evidence of shorter
Scores. streaks (8-10 days)

Mack, et al. (2008) | Basketball Questionnaire ANOVA results

assessing thoughts

and perceptions

revealed statistically
significant
differences between
winners and losers in
their perceived
chances of winning

the next game, sense
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of momentum, and
belief in having

performed up to

their ability.

Arbesman and Baseball Monte Carlo An extreme streak

Strogatz (2008) simulation like DiMaggio’s 56-
game hitting streak
is not unlikely to
occur at least once
within the history of
baseball.

Kniffen and Mihalek | Hockey Probit model where | Find no evidence

(2013) the dependent that positive
variable is the momentum exists
probability of the when controlling for
home team winning | quality.
game 2 of the final
series.

Daks, et al. (2018) Basketball Permutation Test to | Though certain
isolate games that players seem the
indicate potential hot | essence of hot
hands. handedness when on

aroll, evidence
suggests otherwise
and no streak
shooting detected.

Goldberg (2020) Baseball One-sided No evidence of

permutation test

stratified by player.

batter hot hand.

Studies providing evidence in support of hot hands
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Survey Sport Technique Results
Larkey (1989) US Basketball Uses field goal data | Finds half the group
from 18 players over | have serial positive
2 NBA seasons. correlation with their
shooting and half
have negative serial
correlation.
Forthofer (1990) US Basketball Field Goal Data over | 17 of 123 players are
2 NBA seasons classified as streaky
involving 123 shooters.
players.
Gilden and Wilson | Golf Experiment They show that
(1995) involving a sample delays in

of 40 players making
300 putting attempts.

performances of
even a few seconds
can induce
independence in the
outcome between

successive trials.

Klaassen and Tennis Surveyed nearly 500 | Winning the

Magnus (2001) men’s and women’s | previous point
singles matches at increases the chance
Wimbledon of a player winning
Championships over | the current point.
a 3-year period.

Clark (2003) Professional Golf Sample of 35 Players, either

professional golfers
and their playing

individually or as a
group, cluster their

better scores
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statistics over a 2-

year period.

together. They also
cluster the poorer

scores together.

Smith (2003)

Horseshoe Pitching

64 participants in the
World
Championships.

Player results varied
both during a
particular game and
across games. The
probability of
success in the
current throw
dependent upon

previous throws.

Heath. et al. (2013)

Golf

Use momentum
charts to plot
successful
performances
overtime with
inclines and
unsuccessful
performances with

declines.

One or two non-
successful
performances within
a relatively long run
of successful
performances may
not necessarily
invalidate the
sequence as being.

streaky.

Miller and Sanjurjo
(2014)

US Basketball

Use the same
approach as GVT
but with a larger

sample size.

Find evidence of hot
hands not only
occurring but

occurring regularly.

Otting, et al. (2018)

Darts

State space models
to explicitly account
breaks in players’

actions.

Find evidence to
support the hot hand

phenomenon
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3.2.2 Review of studies not supportive of the hot hand phenomenon

Siwoff, et al., (1988) examine US baseball data from 1984 to 1987 and find that batting
averages have an equal chance of being higher following a “cold” streak as following a “hot”
streak. In their study they arbitrarily define a hot streak and a cold streak as a sequence of five
games over a seven-day period during which the player bats over 0.400 or less than 0.125

respectively.>

Albright (1993) uses a logistic regression with situational variables (controlling for player
quality) on data from professional baseball players throughout the 1987-1990 seasons.
Albright finds some players exhibit streakiness during a given season but no more than what
could be considered a random result. Also, his data reveals no player exhibits significantly

streaky behaviour over the entire four seasons of the study.

Albert (1993) uses a Markov switching model with baseball data. The advantage of this
model is the ability to focus on how hot a given player is on a particular day. However, even
switching between two batting averages (indicating a different level of hitting ability at

different times) between games no evidence of hot hands was detected.

Gould (1989) acknowledges that Joe DiMaggio’s 56-game batting streak is a sequence
beyond the reasonable expectations of any player.>! However, he puts this down to skill rather
than hot hands. Gould credits the false belief in hot hands to an innate weakness in human
beings to work by the rules of probability even though these rules govern the universe.
Arbesman & Strogatz (2008) use a Monte Carlo simulation on baseball historical data to show
an extreme streak like DiMaggio’s 56-game hitting streak is not unlikely to occur at least once

within the history of baseball.

Albert and Bennett (2001) identify chance as the powerful force creating streaks. The peaks
and valleys in athletic performance simply occur by chance and make Todd Zeile the focus of
their study because Zeile had the reputation of being a streaky player. Albert and Bennett
(2006) simulate Zeile’s 1999 season and look at the fluctuations in Zeile’s moving batting

average. They then compare those fluctuations to the fluctuations from his actual 1999 season

50 400 batting average in a season is recognised as the standard of hitting excellence. 300 in a season is
regarded as “solid”.

51 During the 1941 Major League Baseball (MLB) season, New York Yankees Joe DiMaggio recorded at least
one hit in 56 consecutive games, breaking the MLB record for the longest hitting streak. DiMaggio still exists
and has been described as unbreakable.
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and find Zeile was streaky in parts of the season but conclude their study suffers from a

selection bias.>?

Adams (1992) points out that one loose end left by GVT (1985) relates to time factors in
shooting success. This is referred to often as players being “in the “zone” and this feeling can
dissipate with time or a disruption in play. The GVT (1985) study examined players shooting
over the course of a season (without accounting for off time between games) and this may
have obscured episodes of hot hands. If in fact hot hands is short-lived then a successful shot
should be more likely to follow a successful shot if it is taken soon. Therefore, Adams (1992)
suggests that any on the phenomenon include time between successes as an important

consideration.

Vergin (2000) focuses on momentum over a basketball season when looking for hot hands.
He compares the actual winning and losing streaks of 28 major league baseball teams and 29
NBA teams with streaks that would occur under the assumption that the result of the present
game is independent of the previous game. In this study the chi-square goodness-of-fit and the
Wald-Wolfowitz runs test for randomness shows a very close fit of actual streaks to expected
streaks. The conclusion is surprising because it shows that the probability of a win in the
present game is not dependent upon results in recent games. Vergin (2000) acknowledges that
winning or losing a game is not a random event. Better teams with players with superior skills
will win more frequently than poorer teams with weaker players. However, even though
streaks come and go the data suggests that these observed streaks are no more frequent than

would crop up by chance.

Koehler and Conley (2003) use the NBA Free Throw Long Distance Shootout contest to
study hot hands. They prefer this environment for their study because it retains many of the
skills used in basketball while limiting some of the situational variables that occur in an actual
game. Even so, they find no exceptional streaks of hits and sequential dependency in the study
of 23 contestants over a 4-year period. Even when the stadium announcer uses terms such as
one particular player is “on fire” they fail to find evidence to support the hot hands

hypothesis.

Gula and Raab (2004) question the Koehler and Conley (2003) result. For them, the actual

game is important when looking for hot hands. They believe the faulty belief in hot hands

52 A follow up study by Albert and Bennett looking at streakiness of all players in 2005 find no evidence of
streakiness.
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allows opposition players and fellow team members to adapt their game plan to the perceived
hot players in a particular game. Gula and Raab (2004) conclude that studying the behavioural
response to the perception of hot hands is just as important as looking for actual hot hands
since this adaptive behaviour to the perception of hot hands has the potential to influence the

outcome of team games.

3.2.3 Review of studies supportive of the hot hand phenomenon

Larkey et al. (1989) questions the GVT findings despite their results replicating their
conclusions. Like GVT, Larkey also finds half the basketball players in the study exhibiting
serial correlation between successive shots and half having negative serial correlation. Larkey
et al. (1989) dismiss this result for contextual reasons. Firstly, they argue that trying to extract
an individual player’s sequence of hits and misses from an actual game is not the best
approach. For them, a better approach is to restrict the analysis to smaller more manageable
time frames such as a sequence of 20 successful baskets. Using this approach, they believe it

is possible to show hot hands.

Waldrop (1995) reviewed the GVT free throw data and offers a different analysis of the
results. He suggests fans perception of hot hands is not misplaced if the data is aggregated
over all players. With aggregation he shows players make a successful basket 79% of the time
after the previous attempt was successful and only 47% of the time after they miss the
previous shot. Wardrop (1995) believes fans use a global contingency table rather than a
contingency table for each player when it comes to scoring attempts. This global contingency
table perhaps creates the illusion of a pattern even if one does not really exist. While not

providing evidence of hot hands it does help explain why fans believe hot hands is real.

Forthofer (1990) arbitrarily classifies NBA players during the 1980-1990 seasons as those
with “hot and cold streaks”, those with “hot hands” and those with “cold hands”. The results
show that 17 of the 123 players exhibit some form of streakiness. Waldrop (1998) supports
the Forthofer approach but criticises the criterion used to identify streakiness. Waldrop (1998)
points out that even after eliminating the dubious streaky shooters 10 players remain
exhibiting some form of streakiness. Waldrop recommends repeating the analysis over a

number of years to see whether the streaks are maintained.
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Gilden and Wilson (1995) link the size of the streak with how difficult the sporting task is to
complete. Their experimental evidence suggests that time delay between attempts explains
why GVT fail to find evidence of hot hands in their data. They show that delays in
performances of even a few seconds can induce independence in the outcome between

successive trials.

Clark (2003) examines the streakiness of professional golfers over a 2-year study. The main
finding is that players, either individually or as a group, appear to cluster their better (and also
their poorer) scores. Heath et al. (2013) also uses golf to investigate hot hands. Their approach
is different because they suggest one or two non-successful performances within a relatively
long run of successful performances may not necessarily invalidate the sequence as being
streaky. Instead of a statistical approach, Heath et al. (2013) use momentum charts that plot
successful and unsuccessful performances. A relatively steep incline indicates the potential
presence of a streaky performance. Heath et al. (2013) use 11 simulated golf round scores in
their study. The score from each hole in a round of golf is converted into a score relative to
par. For example, a 3 on a par 4 (birdie) is given a score of 1, a par is awarded a0 and a 6 on a
par 5 (bogey) is given a score of -1. This method allows the categorization of the performance
data into streaky and non-streaky performance. Although it does not provide statistical

evidence it does highlight performance areas for subsequent analysis.

An analysis of tennis points in professional tennis matches to see if they are independent and
identically distributed (iid) is the approach Klaassen and Magnus (2001) use to investigate the
hot hands phenomenon. Contrary to basketball, they find winning the previous point increases
the chance of a player winning the current point. Their study reveals that it is more difficult
for the server to win the more “important” points, but this effect is stronger for the weaker

players.

Smith (2003) disagrees with GVT because the data does not control for many situational

variables. Smith proposes horseshoe pitching as a more appropriate sport to investigate hot
hands. He believes this provides cleaner data as each pitch is made from a similar distance,
with a similar routine and without any strategy. His analysis of world championship events

supports the presence of hot hands in the sport.

Miller and Sanjurjo (2014), using the same basketball data as GVT but different test statistics,

reach a contrary conclusion. For them there is little doubt that hot hands not only exist but
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occurs regularly. Their experiment differs in a number of ways from the GVT approach.

These differences include:
0] A larger sample size
(i) Each shot is made from the same distance
(ili)  No gambling on the expected outcome
(iv) 300 shots per session rather than the 100 shots

(v) Data is collected across a six-month period in contrast to GVT’s single session for

each participant.

Gilovich et al. (1985) utilise four distinct statistical methods to evaluate a player’s string of
hits and misses. They include the fraction of hits conditioned by a hit or miss of the previous
shot, a non-parametric runs test, the first order correlation coefficient and they also consider
the number of successful hits. Kaplan (1990) believes GVT err in their approach because they
base their findings on a Bernoulli model whereby a successful shot is given a value of 1 and a
miss a value of 0. Kaplan (1990) argues looking for hot hands in games such as baseball and
basketball in this way is too simplistic. He takes this view because these games have many
situational variables that perhaps distort results and find no hot hands when in fact they may

exist.

The binomial model assumes the probability of success is constant across all trials and these
trials are independent. The GVT study uses this independence of trials as the key reason why
they oppose the hot hands concept. However, since this original study other explanations for
the belief have emerged. For example, a player’s sporting performance may vary over time
and therefore the probability of a hit is not constant (Gula &Raab, 2004). In this instance it is
argued that the binomial approach is inadequate for assessing the validity of the hot hand
phenomenon (Hales, 1999). The inadequacy of the binomial approach is also evident in the
Yaari and David ten pin bowling study (2012). They use a large data set to conclude bowling
results show correlation to recent past results, but they are not influenced by them in a causal

manner.

Wardrop (1999) is critical of both the conclusions and the 3 methods used by GVT in
dismissing belief in hot hands as some form of “cognitive illusion.” He points out that it is

incorrect for GVT to conclude that the use of a test of serial correlation and a runs test
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somehow provides two chances for the data to reveal that the Bernoulli trials model is

inadequate.

The GVT tests refer to the alternative as being “the hot hand.” Whether this alternative means
serial correlation or non-stationarity (periods when player’s hit rate is substantially higher
than the player’s overall average) is for Wardrop a one-sided alternative and should have a
one-sided test. If this one-sided approach is used with the GVT data, then two other
participants have one-sided P-values below 0.05 and two others have values slightly above
0.05. Wardrop acknowledges this is not overwhelming evidence in support of hot hands, but it
is also incorrect to reach the conclusion GVT have that “people detect patterns where none

exist.”

Frame, et al. (2003) use a similar approach to Wardrop (1999) in that a basketball player has a
fixed probability of switching back and forth between “hot” and “cold” periods. Frame, like
Wardrop (1999), is also critical of the GVT use of the runs test to detect non-stationarity.
Dorsey-Palmateer and Smith (2004) switch between different probabilities of success and
believe that test statistics relying on only a few observations are futile unless extreme
violations of the binomial model’s assumptions are used. Finally, Miller and Sanurjo (2014)
use the same data as GVT but different criteria for defining hot hands and are able to show

hot hands not only exists but occurs regularly. Their study involves three times as many shots.

Taking these results into account, we see our contribution here as threefold. First, we extend
the analysis to a new sport — horse racing. The remarks of racing commentators and
journalists clearly indicate a belief in the presence of the *hot hand’ in jockey performance,
but are these views supported by the data? Second, we look for the presence of hot hands in
jockeys individually as well as collectively. The collective evidence suggests that jockeys
have hot hands. But does this mean that all jockeys have hot hands all the time? Finally, is
the apparent belief in hot hands by the racing industry reflected in the betting odds. Could we
have used hot hands as a successful betting strategy over our sample period?
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3.3. Data and Methodology

We collected data on every jockey who rode in thoroughbred horse races in metropolitan,
provincial or country turf clubs in New South Wales, Australia in 2011.% This data included
information about the jockey’s finishing position in all of their races between January 1, 2000,
and December 31, 2016. After discarding jockeys with less than 500 rides over this time
period, we were left with information from over 1 million rides by the remaining 249 jockeys.
The average number of rides per jockey is about 4000, with 18,336 the highest number of
rides by a single jockey.

As noted in the introduction, we look for evidence of hot hands by considering winning
streaks. Our notion of the hot hand is that a jockey has a higher strike rate in the ‘hot’ state,
which is triggered by a streak of wins, than in the normal (cold) state.>* It would then seem
natural to follow GVT and much of the subsequent literature, in testing for hot hands by
comparing the probability of a win following a streak of wins with the probability of a win
following an equal length streak of losses. Unfortunately, a win is a relatively rare event for a
jockey, with the typical jockey having about ten times as many losses as wins and many more
losing than winning streaks of any given length.> This relative lack of winning streaks
reduces the power of tests based on these conditional probabilities.

Instead, we rely on the implications of hot hands for the number of winning streaks of any
length that will appear in a jockey’s racing record. For each jockey we calculate the expected
number of occurrences of each length of winning streak based on the total number of rides
and wins of that jockey assuming a constant strike rate.>® We then compare these expected

numbers of streaks with the actual numbers for that jockey. If a win triggers the hot state

53 This data was downloaded from RACINGANDSPORTS.com and RACING.COM on 17/02/2017. It is all publicly
available information. In Australia all jockeys are licensed at the State level. Apprentice jockeys work for
trainers and at the completion of their contract for training become self-employed, seeking rides from owners
and trainers often with the help of a manager/agent. Jockeys are paid a fixed ‘mounting fee’ for each race ride
and are also eligible for ‘prize money’ which is a share of the purse won by their mount in that race. This share
is small - about 6% for a win, less for second or third. While the most successful jockeys can earn large incomes,
the average annual income for a jockey in Australia is about $30,000 to $40,000 (Information from various
racing websites).

54 This streak may consist of a single win. Because jockeys’ rides are normally required to be named about two
days before a race meeting, we can rule out the possibility that hot hands arise because winning jockeys are
systematically offered a better ride in their next race(s).

55 Similarly, Livingston (2012) found that professional golfers rarely had streaks of more than two good holes (a
score of birdie or better) or bad holes (a score of bogie or worse).

%6 Our test therefore ignores possible variations in a jockey’s strike rate for reasons other than hot hands. This
issue is explored in section 7 below.
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which involves a higher strike rate, then we would expect a jockey having hot hands to have
more winning streaks of any given length than if the same jockey did not have hot hands (and

hence a constant strike rate).>’

We illustrate this outcome for the case of 4 rides and 2 wins in Table 3.2. For a jockey that
does not exhibit hot hands the probability of a win is % (= %) on each ride where W defines

the number of wins and R the number of rides. If the jockey does exhibit hot hands, then we

consider two states: (i) the cold state (which is the initial state for all jockeys) in which the

probability of a win is also %; and (ii) the hot state (which is triggered by a win on the previous

ride) the probability of a winis g > % When calculating the conditional probability of an

outcome for each individual ride we must keep in mind the outcomes that have gone before
and that the total number of wins must be 2 out of the 4 rides.>® The probability of each
outcome is shown in column 2 for a jockey without hot hands (in which case all outcomes are
equally likely), and in column 3 for a jockey with hot hands (in which case the probability
depends on the order of the outcomes). From Table 3.2 we observe that the hot hand
reallocates the probabilities in favour of the outcomes with winning streaks, so that if we
compare two jockeys, one with and one without hot hands, the jockey with hot hands is more
likely to have LWWL or WWLL than the jockey without. >°

Table 3. 2 Probabilities of each riding sequence with 2 wins in 4 rides, with and without hot

hands (HH).

Riding sequence Probability without | Probability with HH
HH
LLWW 11 1 11 1
E.g.ll—g 5.5.11—6
LWLW 121 1 13[1_ 1=191
e 5-[1—ql1=
2°3°2 6 2 3 3 6

57 To be clear, we are comparing the number of winning streaks of each length in a jockey’s actual racing record
(which might be affected by the presence of hot hands) with the corresponding number that we would expect
for a (fictitious) jockey with no hot hands and with the same number of rides and wins. Controlling for both
wins and rides means that the higher strike rate of the jockey in the hot hand state (if it exists) will be reflected
in more winning streaks rather than more wins.

%8 This is the point made by Miller and Sanjurjo (2018).

59 Note that L defines a losing ride and W define a winning ride.
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Note: (i) g>1/2 where q is the probability of a win. (ii) Consider the sequence LWLW for a jockey without hot
hands the probability of a loss on the first ride is ¥4; the probability of a win on the second ride, given that the
first ride was a loss and the sequence consists of 2 wins and 2 losses, is 2/3; the probability of a loss on the third
ride, given that the first two rides were a win and a loss, is ¥2; and the probability that the last ride is a win, given
that the previous rides have been two losses and a win, is 1. A jockey with hot hands is assumed to start in the
cold state and to remain there until a win occurs. The win puts the jockey in the hot state until a loss occurs, in
which case the jockey reverts back to the cold state. So, for a jockey with hot hands the probability of loss on the
first ride is ¥2; the probability of a win on the second ride, given a loss on the first, is 2/3; but the probability of a
loss on the third ride, given that the win on the second ride put the jockey in the hot state, is 1-q < 1/2; and the
probability of a win on the final ride, given the outcomes on the others, is 1. This sequence is less likely for the
hot hands jockey.

We consider streak lengths of 2, 3, 4 and 5 wins, which we denote as 2BB, 3BB, 4BB and
5BB (i.e., 2 back-to-back wins etc.), respectively. Winning streaks longer than this are
extremely rare both in fact and expectation as shown in Figure 2 below. A jockey with R rides
in our sample period, has R-[k-1] opportunities to ride kBB wins (e.g., for 2BB these are rides

land2,2and 3, ..... , R-1 and R). If this jockey had W wins in our sample period her strike
rate would be W/R, and the probability of her winning any k consecutive rides is []¥-4 [‘:':—__l‘]
(e.g. for 2BB, % is the probability of winning the first ride and % the probability of winning

the second, given that the first was won). Multiplying this by the number of opportunities (R-

[k-1]) we obtain the expected number of kBB as
_ _q [w—i
E(kBB) = [ R-[k-11] {153 [} (3.0)

We can write the actual and expected number of kBB wins for jockey j as Ak; and Ek;

respectively. Then, under our methodology, a necessary condition for j to exhibit hot hands is
that Ak; > Ek; for at least one k = 2,..,5.
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For the purposes of comparison across jockeys it is useful to normalise both actual and
expected streaks by the number of rides. Hence the actual (ak;) and expected (ek;) number of

kBB streaks per thousand rides for jockey j is given by®°:

ak; = 221000
Rj
and  ek; = 241000 = L1 { k-1 [W#_.i]}moo ~ { k-1 [W"'.i]}moo
Rj R]' Rj—I. Rj—l

) . . i —[k—
After this normalization and noting that LRkl R[, &
J

~ 1, we see that the differences in

expected streaks across jockeys depend (in a rather nonlinear way) primarily on their strike

rates.

3.3.1. Do jockeys collectively show hot hands?

We first look at the aggregate evidence to see whether it supports a general impression that
jockeys have hot hands. Specifically, is an observer who considers the collective riding
records of these jockeys, taking account of differences in strike rates but without paying
attention to jockeys individually, likely to conclude that jockeys have hot hands?°*

To do this we group jockeys by their respective strike rates. Let J(h) be the set of jockeys with
strike rate h. We can then define ak,, and ek, the actual and expected numbers of streaks of

length k of all jockeys with strike rate h, as®

akn = Yjeymyak; and  ekp = Xjejm)ek;

60 Note that the ratio of the two variables and the sign of the difference is preserved under this normalisation

ak; Ak; Ak —Ek;
—L=—2and ak; — ek; = ——21000.
ek;  Ek; R

J J J

61 An even less discerning observer who viewed all jockeys as interchangeable would conclude that jockeys
have hot hands because ), akj >y ekj forall k = 2,3,4 and 5. That is 3012>2637 when k = 2; 443>316, when
k = 3;78>42, when k = 4; and 15>6, when k = 5.

62 Note that the jockey data used here is normalised by the number of rides so that the outcomes are not
sensitive to the fact that some jockeys had more rides than others.
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Figure 3. 1 Distribution of Jockeys by Strike Rate

40

35

30

25

20

1

| I| 1]

) 2 ||.|||.

1 2 3 4 5 10 11 14 15 17 18 19 20 21
Jockey Strike Rate (%)

Number of Jockeys
[0

o

[62]

Figure 3.1 plots the distribution of our sample of jockeys across 19 strike rates.®® This
distribution is characterised by a short lower tail and a much longer upper tail (a graphical
presentation of the distribution for a sample of jockeys is also included with Figure 3.1). Note
that even at this level of aggregation there are three strike rates for which there is only a single
jockey (3%, 17% and 21%). Figure 3.2 then plots the difference between the actual and
expected numbers of streaks per thousand rides when Jockeys are collected into groups based
on strike rates.®* In Panel A we see that the actual number of 2BB streaks exceeds the
corresponding expected number for all strike rates. In Panels B and C, we see that the actual
number is at least as great as the expected number for 3BB and 4BB, except for (the single
jockey at) the very highest strike rate. In Panel D the actual number is at least as great as the
expected number of 5BB for all strike rates. With one exception, jockeys of all strike rates
appear to have more winning streaks per thousand rides than we would expect based on their

strike

83 Jockeys are aggregated into 19 groups based on their strike rates for presentation purposes. All calculations
use actual strike rates.

64 Because the actual streak numbers must be integers, we have rounded the expected streak numbers to the
nearest integer, after aggregation by strike rate. This is to avoid rather meaningless differences at low numbers.
The (unrounded) expected streak number will always be strictly positive but may be very small at low strike rates
and long streak lengths. For example, the expected number of 5BB streaks per thousand rides for the jockey with
a strike rate of 3% is 0.00002, while the actual number is, not surprisingly, 0. In our view it is more appropriate
to record this as actual = expected than as actual < expected.
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rates. This evidence at least is consistent with the notion that a representative jockey exhibits
hot hands.

Figure 3. 2 Actual vs Expected Jockey Streak Numbers
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Panel D: 5BB Actual - Expected
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Given that the differences between actual and expected streaks go in the direction of jockeys
having hot hands, one can ask whether these differences are significant. To test this, we
estimate a regression on a cross-section of the 19 strike rates to explore the relationship
between actual and expected numbers of each streak. That is for each of the streak lengths we

estimate:

aky = Por * Pik ekp + €y (3.2)

Our null hypothesis is that 8, = 1, for all k = 2,3,4 and 5. The alternative (hot hands)

hypothesis is that 8,;, > 1, for all k = 2,3,4 and 5. Table 3.3 reports the results.

Table 3. 3 Streak Number Regressions

Streak Length

2BB 3BB 4BB 5BB
Expected (B1) 1.136%** 1.377%%* 1.457%%* 2.068***
(Std. Error) (0.015) (0.073) (0.116) (0.239)
Constant (Bo) 0.773 0.268 1.812 0.138
(Std. Error) (2.559) (1.489) (1.858) (0.584)
Serial Correlation 0.71 0.41 1.35 0.56
(LM) (p = 0.40) (p = 0.67) (p = 0.29) (p = 0.58)
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White Test 0.18 1.22 3.06 2.72
(p=0.85) (p=0.32) (p =0.08) (p =0.10)

JB Test 1.51 1.61 0.70 0.81
(p=0.47) (p=0.44) (p =0.70) (p =0.67)

R? 0.99 0.95 0.90 0.81

N 19 19 19 19

Testof By =1 9.06*** 5.16%** 3.93*** 4A47*F*

against S, > 1

*** indicates significance at the 1% level.

For each streak length we can reject the hypothesis that ;;, = 1 in favour of B, > 1. The
actual number of streaks is significantly larger than the expected number for all four streak
lengths, a result consistent with a representative jockey having hot hands. Although the

sample size is small the diagnostic robustness tests indicate the model follows the standard

assumptions of OLS.

Finally, given that the weight of this evidence lies in support of these jockeys collectively
having hot hands, we might ask whether this information was reflected in the betting odds®®.
To address this, we consider a wagering strategy which involves placing a $1 bet to win on
the next ride of any jockey who won on their last ride. We applied this strategy to all the
jockeys on their rides within our sample®® and eagerly tabulated our (hypothetical) winnings.
The result was a (fortunately hypothetical) loss of $25,909.29. This outcome is consistent
with the notion that the betting market is well aware that the representative jockey may have

hot hands.

8 Brailsford et al. (1995) finds for the Australian Rugby League (ARL) and Australian Football League (AFL) that
betting strategies generate significant profits.

8 Qur race data also include the date of the meeting, the race number, the name of the horse, the finishing
position of the horse and the starting odds of each horse in the race. Two jockeys were excluded because of
incomplete data on overseas rides.
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3.3.2. Do individual Jockeys have hot hands?

The evidence that we have presented thus far supports the general perception that jockeys,
with abilities across the full range of strike rates, exhibit hot hands. Given this it is
unsurprising that commentators apply the hot hands label to jockeys having a standout day at
the track. However, we should not forget that hot hands are an individual rather than a
collective characteristic. As part of his study of hot hands amongst professional golfers,
Livingston (2012) briefly reviews models of momentum from the psychology literature,
noting that the key insight is that success need not beget success and failure need not beget
failure uniformly for all players. Different personalities react differently to the same event and
many factors may impact on how a player reacts to a recent success. Livingston (2012) argues
that hot hands may be present in some players but not others and this may explain why it fails
to appear in so many aggregated results in the literature. Here we work in the reverse
direction, seeking the extent to which the hot hands we observe at the aggregate level

translates back to individual behaviour.

Even a casual inspection of the data suggests that not all jockeys have hot hands. If we
compare the actual and expected numbers of streaks for each jockey individually, without
normalising by the number of rides, we do find jockeys for whom the actual is less than the
expected®’ for each streak size. Furthermore, a straight comparison of actual with expected
streak numbers fails to take into account that a jockey can ride more than her expected
number of any streak size in the absence of hot hands (i.e., without any change in her strike

rate from one ride to the next). Evidence of hot hands requires not just that a jockey has more

67 Although the number where actual exceeds expected is always larger. Thus Ak; > (<)Ekj for 77% of jockeys
in 2BB, 65% in 3BB, 38% in 4BB and 14% in 5BB.
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streaks than expected given her strike rate, but that she is unlikely to have ridden her actual

number of streaks given that strike rate.

To investigate further we construct the relevant statistics for a t-test of the difference between
the actual number and expected number of each streak length for each jockey as follows:

tk _ Akj—Ekj

| = s (33)

where var(Ek;) is the sample variance of the expected number of kBB winning streaks for

jockey j and is obtained using a bootstrap sample of 100 000 replications from all possible

combinations of wins and rides (Cﬁé).

Table Al in the Appendix records these test statistics and results for all 249 jockeys included
in our study. A summary of the aggregated results is presented in Table 3.4, where we record
the numbers of jockeys who do and don’t exhibit hot hands at each streak length in columns 2
and 3, respectively. In the remaining columns we also record how these jockeys progress
through the streak lengths. Of the 67 jockeys who exhibit hot hands at 2BB, 43 also exhibit
hot hands at 3BB and 24 do not. Of the 182 jockeys who did not exhibit hot hands at 2BB, 24
did at 3BB and so on.

Table 3. 4 Aggregated Hot Hand Results for Individual Jockeys

Streak | With | With- | Progression Patterns
Length | HH | out

HH
2BB |67 |182 |67 182
3BB |67 |182 |43 24 24 158

4BB 45 204 | 20 23 3 21 12 12 10 148

SBB 22 227 |9 (112 121|030 |21{4 8|1 |11 |3 |7 |3 |145

Notes: A shaded cell indicates the number of jockeys with hot hands (HH).
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While it is true that 145 jockeys (58% of the total) give no evidence of hot hands at any streak
length, a quick glance at Table 3.4 will dash any hopes that the remaining 104 jockeys form a
homogeneous group exhibiting hot hands after any win and for all streak lengths. Only 9
jockeys fit this description. An examination of the progression patterns in Table 3.4 does
allow us to make the following observations, however. First, there is variation across jockeys
in the number of consecutive wins needed to trigger hot hands. For 67 one win is enough, but
others are late starters - 24 need 2 consecutive wins, 10 need 3 and 3 need 4. Second, there is
variation across jockeys in the number of streak lengths for which hot hands remains active
once triggered. For 19 jockeys hot hands stays active for all longer streaks (9 jockeys starting
at 2BB, 4 at 3BB, 3 at 4BB and 3 at 5BB); for 39 jockeys, hot hands only lasts for one streak
length and is never retriggered (21 jockeys at 2BB, 11 at 3BB and 7 at 4BB); for 29 jockeys
hot hands lasts for two streak lengths and is never retriggered (21 at 2BB and 8 at 3BB); and
lastly for 11 jockeys, hot hands once triggered (at 2BB) lasts for three streak lengths and is
never retriggered. Finally, there is a small group of jockeys (6 of 104) that have gaps between

their hot hand’s streaks.

In summary: only 42 percent of individual jockeys exhibit hot hands for at least one streak
length, and these jockeys differ both in the number of consecutive wins necessary to trigger

hot hands and in the number of consecutive rides for which hot hands persists.

What are the relationships, if any, between hot hands and a jockey’s ‘experience’ (number of
rides), “ability’ (strike rate) and gender?®® Livingston (2012) finds some evidence that golfers
with more experience are better able to maintain positive momentum. Is the same true for

jockeys? We investigate by constructing the following dummy variables:

HH; = 1, if j exhibits hot hands at some streak length, and = 0 otherwise; and
Hk; = 1, if j exhibits hot hands at streak length k, and = 0 otherwise.

For each of these five dummy variables we run a binary-logit regression with results as
reported in Table 3.5. The results for the HH dummy reported in the second column of Table
3.5 show that the probability that a jockey has hot hands is positively related to that jockey’s
experience (rides) and ability (strike rate) but is unrelated to gender. The same is true for the
dummies showing hot hands at specific streak lengths, except that ability seems irrelevant to

%8 These are the jockey characteristics available in our data set.
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2BB and experience seems irrelevant after 3BB. Indeed, the pattern of coefficients suggests

that ability becomes more important and experience less important at longer streaks.

Table 3. 5 Binary Logit Regression Relating Hot Hands to Jockey Characteristics

Dependent Variable
HH H2 H3 H4 H5
(Hot hands at | (Hot hands (Hot hands at | (Hot hands at | (Hot hands at
some streak at 2BB) 3BB) 4BB) 5BB)
length)
Rides 0.14*** 0.162*** 0.089* -0.0290 0.001
(000) (0.05) (0.0514) (0.0494) (0.0589) (0.0702)
SR 14.25%** 7.68 11.47** 14.3** 28.7***
(4.64) (4.77) (4.68) (5.15) (7.0)
Gender -0.163 -0.634 -0.526 0.075 -0.79
(0.37) (0.48) (0.45) (0.45) (1.07)
Cons -2.3*** -2.3*** -2.46%** -2.87*** -6.01***
(0.48) (0.51) (0.51) (0.57) (0.96)
Diagnostics
Serial 3.17 2.58 0.14 2.60 1.47
Correlation
(p =0.08) (p=0.11) (p=0.71) (0.12) (p=0.23)
(LM)
JB Test 1.95 3.92 3.54 1.46 2.09
(p =0.38) (p=0.14) (p=0.17) (p =0.23) (p =0.35)
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Predicting Hot Hands

HH=0 [ HH=1 [ H2= [H2=1 [H3=0 [H3= [H4=0 [H4= [H5=0 |H5=1
0 1 1

Total Obs | 145 104 182 | 67 182 67 204 45 227 22

% Correctly | 63.6 | 49.25 | 76.0 | 34.85 | 75.27 |32.8 | 8253 |20.8 [923 |20.73

Predicted

Note: Standard errors in parenthesis. Significance *10%, **5% and ***1%. Rides is number
of rides; SR is strike rate (win percentage); Gender is a dummy variable which =1 if a jockey
is female.

The lower part of Table 3.5 investigates whether these regressions can be used to predict
which jockeys exhibit hot hands. From this perspective the results are disappointing. The
equation predicts only half of the general HH jockeys correctly and no more than 35% of
those at any specific streak length. Note, that our analysis does not include a prize money
variable since this research focuses on jockey hot hands

Finally, in Table 3.6 we summarise the results for the individual jockeys of our ‘hot hands’
wagering strategy discussed earlier (i.e., placing a $1 bet to win on the next ride of any jockey
who won on their last ride). Several points can be made here. First, if we concentrate on the
102 jockeys identified as having hot hands, we see that the vast majority (88%) generate a
negative return. Again, this is consistent with the hot hands effect being reflected in the
market odds, though clearly not all individual cases were identified. Second, we see that there
are jockeys without hot hands who also generate a positive return on our hot hands wager. But
these are few in number (2) and only comprise just over 1% of these jockeys. Although only
14 of 247 jockeys (5.7%) yield a non-negative return under this strategy, 12 of these have hot
hands. Third, since our wagering strategy is specifically intended to cover 2BB hot hands, we
separate our hot hands cases into those including 2BB (and possibly longer streak lengths) in
column 4 and those excluding 2BB in column 5. Only one jockey provides a positive return in
the latter group, a percentage broadly consistent with the no HH category in column 2. In
contrast, nearly 17 percent of jockeys in the former group yield a positive return. Finally, we
focus on those jockeys with hot hands only at 2BB in column 6. The fact that this group
shows the highest percentage (19) of jockeys showing a positive return, may indicate that

jockeys whose hot hands have brief persistence (in this case only one ride) are the hardest for
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the market to identify.%® Thus, while the presence of hot hands is broadly reflected in the
market odds, there is evidence that the market’s identification of hot hands at the individual

jockey level is incomplete.

Table 3. 6 Returns from Hot Hands Wagering: Individual Jockeys

Jockeys No HH HH HH HH HH

Incl.2BB But Not Only 2BB
2BB

# Positive | 2 12 11 1 4

Return (1.4%) (11.8%) (16.7%) (2.8%) (19.0%)

# Negative | 143 90 55 35 17

Return (98.6%) (88.2%) (83.3%) (97.2%) (81.0%)

Total 145 102 66 36 21

59 However, confining our wagering strategy to this group (of 21 jockeys) would still yield a negative return
overall, as the losses on the other 17 jockeys far outweigh the gains on the 4.

81



3.4. Further Evidence

Our previous tests obtained the expected number of sequences of each length using the
assumption of a constant strike rate equal to the jockey’s sample average. This strike rate was
determined from the jockey’s actual number of rides and wins. If this jockey exhibited hot
hands, the elevated hot state strike rate triggered by a streak of wins would result in the jockey
having a larger number of winning streaks than his (hypothetical) single state equivalent. But
even a jockey in a permanent cold state is likely to find her strike rate changing over time -
increasing as she gains experience, fluctuating in periods of minor injury and perhaps
declining as she ages. Could some of our positive findings for individual jockeys be

attributable to these variations?

In order to investigate whether our finding of hot hands for some jockeys can be explained by
variations in their strike rates unrelated to hot hands, we consider each jockey’s annual racing
records over the years 2000 to 2016. In each year we determine the number of rides, the
number of wins and the number of 2BB streaks in each year. As noted earlier, winning
streaks are relatively rare in horse racing. A typical jockey with a strike rate of 10%, can
expect roughly 1 2BB streak for every 100 rides, 1 3BB streak for every 1000 rides, 1 4BB
streak for every 10,000 rides etc. Few jockeys in our sample have as many as 1000 rides in
any year let alone consistently across years during their racing careers. In considering annual

data we therefore restrict attention to 2BB streaks.

We first calculated the expected number of 2BB streaks for each jockey based on their strike
rate across all 17 years in this sample and then compared this with the actual number recorded
in the data. The number of jockeys for whom the actual 2BB is significantly different from the
expected 2BB based on their strike rate over the full period is reported in column 2 of Table
3.7. 7 We then reran the test aggregating only those years in which the annual strike rate was
not significantly different from the 17-year average strike rate. The corresponding results,
which are shown in column 3 of Table 3.7, reveal the extent to which our tests are susceptible
to these extraneous strike rate variations. Correcting for changes in the strike rate in this way

we find the number of jockeys exhibiting hot hands is reduced by 40% (from 71 to 43).

70 This is the same test as above. Although our data comes from the same sources as before, our selection
criteria are different and so we repeat the tests on the new sample.
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Allowing for variations in the cold state strike rate reduces but does not eliminate the

instances of hot hands.’*

Since the shorter the interval the more stable the strike rate is likely to be, we applied our tests
to 2BB streaks at the annual level. This is the shortest interval we can consider while retaining
an adequate sample of jockeys with enough rides to generate 2BB winning streaks. We only
consider years in which the jockey had at least 200 rides (giving our typical jockey an
expected number of at least 2 such streaks in any year considered).’? The results for this
restricted sample are reported in column 4 of Table 3.7. Over 40% of these jockeys have hot
hands for at least one year. The density plot of hot hands years is reported in Panel A of
Figure 3.3. The maximum number of years with hot hands is 4 (the maximum number of

consecutive years is 3).

We then add the second constraint that jockeys must meet the minimum ride requirement for
at least 8 years during this period. This helps isolate the more experienced jockeys by
eliminating the not inconsiderable number who only exceed 200 rides in a few years. The
results are shown in column 5 of Table 3.7 and the density plot of hot hands years is reported
in Panel B of Figure 3.3. Sixty-five percent of these jockeys exhibit hot hands in at least one
year. Even though our test has low power on annual data we still find evidence of hot hands
for the majority of the most active and experienced jockeys, an outcome consistent with the
argument that jockeys with more competitive experience are better able to maintain positive

momentum (Livingston, 2012).

Table 3. 7 Incidence of 2BB Hot Hands

Full Sample Restricted samples

Minimum rides Minimum
per year rides and
minimum

years

11t is perhaps worth reminding ourselves that hot hands itself is a (temporary) increase in the strike rate, so
that our attempts to eliminate the effects of unrelated strike rate variations may also erase some evidence of
hot hands.

72 This removed 36 jockeys who did not have at least 200 in any single year from consideration. These jockeys
have too few rides in any year to exhibit hot hands even if they have them.

83



All Years Years where HH in at least HH in at least
Combined ASR=LSR one year one year
combined
#Jockeys with 71 (29%) 43 (17%) 86 (41%) 49 (65%)
HH
#Jockeys 176 (71%) 204 (83%) 125 (59%) 26 (35%)
without HH
Total Jockeys 247 247 211 75

Notes: LSR is lifetime strike rate. ASR is annual strike rate. Minimum rides per year is 200.

Minimum years of minimum rides is 8.

Figure 3. 3 Distributions of HH Years
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3.5. Conclusion

So, do Australian Jockeys have hot hands? The evidence that we have presented suggests that
enough of them do for an observer who focussed on jockeys’ collective performance, taking
account of differences in ability only, to answer in the affirmative. For each jockey in our
sample, we compared their actual numbers of winning streaks of four different lengths with
the expected numbers of these streaks based on the jockey’s strike rate. When we aggregated
these numbers by strike rate, we found that the actual almost always exceeded the expected
for all streak lengths. We concluded that jockeys collectively have more winning streaks than
would be expected based on their strike rates, and this conclusion was confirmed by a
regression of actual streaks on expected streaks, at each strike rate. The coefficient on

expected streak numbers was significantly greater than unity at all streak lengths.

Do all Australian jockeys have hot hands? Our evidence suggests otherwise. Using a simple t-
test of the likelihood of the actual number of streaks being explained by a jockey’s strike rate,
we found that 58 percent of the jockeys in our sample did not exhibit hot hands at any streak
length. The other 42 percent exhibited hot hands for at least one streak length, but only 3.6
percent had hot hands at all streak lengths. Corrections for variations in the strike rate
unrelated to hot hands reduced the instances of hot hands in two-win streaks by about 40
percent. Hot hands appear to be positively related to a jockey’s experience (hnumber of rides)
and ability (strike rate), but to be unrelated to gender. However, experience and ability alone
are not sufficient to predict which jockeys have hot hands. Jockeys with hot hands exhibit a
range of behaviour, differing in both the number of consecutive wins required to trigger hot
hands and the number of rides for which hot hands persist once triggered.

Is information on hot hands reflected in the betting odds? Broadly, it appears that it is. Our
strategy of betting to win on the next ride of any jockey who won on their last ride returned a
loss when applied to: (a) all jockeys; (b) all jockeys identified as having hot hands; (c) all
jockeys identified as having hot hands at streak lengths of two (and perhaps longer) rides; and
even (d) all jockeys identified as only having hot hands at a streak length of two rides. But,
that said, our (retrospective) wagering strategy did yield a positive return for twelve percent of
the individual jockeys identified as having hot hands. Perhaps there is some scope for a

positive return from carefully targeted hot hands wagering.
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Finally, we return to the exploits of jockey Jeff Lloyd mentioned in the introduction. Was
Lloyd’s achievement of five back-to-back wins on that day an instance of hot hands at play?
Unfortunately, Lloyd is not in our sample, but we were able to use information on his 3180
rides and 539 wins in Australia over the period 2011 to 2017 to perform the same hot hands
tests as above (see the final row in Appendix Table Al). We found that Lloyd was one of
those few jockeys who exhibit hot hands at all streak lengths. In his case the hot hands label

seems to have been quite appropriate.
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Chapter 4

Do Jockeys ‘look to’ or ‘rest on’ their laurels after a sequence of
winning rides?

4.1 Introduction

In chapter 3, we considered the hot hands phenomenon in the context of thoroughbred racing
using evidence on jockey winning streaks from the complete riding history of a sample of 249
jockeys. We concluded that while jockeys collectively have more winning streaks than would
be expected on the basis of their strike rates, this did not imply that all jockeys individually
had hot hands. Using a t-test of the likelihood of the actual number of streaks being explained
by a jockey’s strike rate, we found that 58 percent of the jockeys in our sample did not exhibit
hot hands at any streak length. The other 42 percent exhibited hot hands for at least one streak
length, but only 4 percent had hot hands at all streak lengths. Hot hands appeared to be
positively related to a jockey’s experience (number of rides) and ability (strike rate), but to be
unrelated to gender.

An important assumption underlying our streak-comparison test was that we observed enough
winning streaks for each jockey to neutralise the effects of what are known as ‘situational
variables’.” After all, jockeys ride different horses and face different fields of competitors in
consecutive races. It is possible that for a given jockey, a larger than expected number of
streaks of wins, given the jockey’s strike rate, could be explained by the jockey having streaks
of rides on race favourites; or, more generally, that the jockey’s “better’ rides (not necessarily
the race favourites) come in streaks. Assuming that, even if this does sometimes occur, it is
not a systematic feature of riding allocations, then a large sample of rides/streaks should

neutralise its influence. But this is something that we would clearly like to check.

In this chapter we use a different methodology and a wider data set (based on all rides in
Australia over 6-year period between 2011 and 2016 for 426 jockeys)’* to explicitly consider

73 Situational variables are factors in the environment that can affect the outcome of an event. In horse racing
they could include such things as the barrier position or the assigned weight.
74 This data set involves just over 999,000 jockey rides between 2011 and 2016.
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the influence of situational variables on jockey winning streaks. Rather than comparing the
actual number of streaks with an expected number based on the jockey’s strike rate, we

estimate the effects of a past sequence of wins on the odds of a jockey winning on her next
ride, taking into account situational variables intended to capture the relative quality of the

horse and jockey (relative to the others in the field) and aspects of the race itself.

A positive and statistically significant estimated effect on a sequence of n wins means that
the jockey is more likely than otherwise to win on her next ride — i.e., is more likely to have a
sequence of n +1 wins than otherwise.™ It’s as though the initial win initiates a psychological
force that enables the jockey to perform at a level not ordinarily possible. 1so-Aholo and
Mobily (1980) refer to this emergence of hot hands as “psychological momentum”
(PM).”®They define PM as an added or gained psychological power which changes
interpersonal perceptions and influences an individual’s mental and physical performance.
The tendency to see short-run sequential dependencies (momentum) occurs in most
competitive environments. They include business (forecasting fads and fashion) and financial
activities (the ups and downs of the stock market) but how momentum is created and then
dissipates is mostly discussed in relation to sporting endeavours. For example, in table tennis,
winning a sequence of points can provide the precipitating event (“momentum starter”) that
leads to the emergence of momentum (Den Hartigh and Gernigon (2018). In baseball, it can
be a game-changing home run. Other momentum triggers include negative body language of
opponents, opponents’ mistakes, refereeing decisions and a coach’s encouragement and
positive attitude. What is triggered by these precipitating event includes, increased
confidence, perceived success, feelings of invincibility and doing things not normally
attempted (Briki and Markman, 2018). When it comes to thoroughbred racing, there is a belief
by bettors, commentators, trainers, and jockeys alike that momentum, once triggered, plays an
important role in the outcome of a horse race. Therefore, any insights into how jockey

momentum emerges and breaks down is of relevance to both research and practice.

Iso-Ahola and Dotson (2014) draw attention to three further elements affecting momentum -
intensity, frequency, and duration. The greater the intensity of the precipitating event (e.g., the
initial win), the greater the momentum and the greater the likelihood of subsequent success. In
horse-racing, a jockey finishing amongst the prizemoney in a prior race may provide the

> This test is equivalent to the test using the difference in numbers between expected and actual winning
streaks used in the previous chapter.
7% In chapter 4, we use PM, and hot hands interchangeably when referring to winning momentum.
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necessary intensity to initiate hot hands, but a winning ride is more likely to be the
precipitating event. The frequency of successful actions is also relevant. A jockey who
typically wins one race in five rides (a 20% strike rate) will perhaps need wins at a
significantly higher frequency before hot hands emerges. The greater the number of
successes, particularly if they are achieved sequentially, the stronger the intensity generated.
Both frequency and intensity can contribute positively to the duration of momentum. In
general, momentum dissipates after a sequence of unsuccessful actions by a contestant or a
period of inactivity (Iso-Ahola and Dotson, 2014). In horse racing this could be a losing ride

by the jockey or the end of the day’s racing.

In this chapter, we assume the ‘precipitating event’ for the creation of momentum is a

sequence of winning rides (e.g., BB2, BB3). Once momentum is observed, we can:

(a) identify and estimate the marginal effect of an additional win (in a sequence) on the
likelihood of a jockey winning on her next ride.

(b) identify and estimate the total effect of a sequence of wins on the likelihood of a jockey

winning on her next ride.

In terms of the discussion above: (a) gives us an indicator of the power (intensity) initiated by
the initial win and all subsequent individual wins in a sequence; while (b) provides an
indication of the duration of hot hands (PM) - i.e., the point at which hot hands ceases to have

a significant effect on the likelihood of a further back-to-back win.”’

It is possible of course, that the estimated marginal and total effects of a sequence of wins
might be negative and significant. This would indicate that the jockey is less likely to win
than otherwise on her next ride — a response opposite to that which leads to the *hot hand’.”
Just as some jockeys may ‘look to their laurels’ and are able to exert extra effort following a
win on their previous ride, others may ‘rest on laurels’ and relax a little on their next ride
following a winning ride. For such jockeys a sequence of n winning rides is more likely to be
followed by a loss, and they are less likely to have a sequence of n +1 wins, other things

equal.

7 Note that an assumption underlying this formulation is that PM is lost as soon as the jockey has a losing ride.
78 |t seems inappropriate to label this a ‘cold hand’. The notion behind the hot hand is that ‘success breeds
success’ —i.e., a win on the previous ride makes a win on the next ride more likely. By analogy, a cold hand
would arise if ‘failure breeds failure’ —i.e., a loss on the previous ride makes a loss on the next ride more likely.
The case we are considering is where a win on the previous ride makes a loss on the next ride more likely.
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In the following section we discuss the literature surrounding the hot hand phenomenon that
specifically includes the influence of situational variables on the outcome of event as well as
the role intensity frequency and duration effects play in the creation of momentum
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4.2 Literature Review

Gilovich et al. (GVT, 1985) is credited with the original study that sparked academic interest
in the hot hands (PM) phenomenon. It no doubt sparked interest because it was provocatively
contrary to the belief of fans, coaches, commentators, and athletes themselves that hot hands
existed. However, Adler (1978) earlier had defined PM (later referred to as hot hands) as a
bidirectional concept affecting either the probability of success or failure as a function of the
preceding event. In other words, momentum is the propensity of the outcome of an event to be
followed by a similar outcome and not the result of any specific situational factors. GVT
(1985), as mentioned in chapter 3, based their finding predominately on nine players’(from
the basketball team) making a successful basket based on their overall season strike rate.
However, their finding that hot hands did not exist because of no serial correlation between
shots initiated a number of challenges. These challenges came from studies in basketball
(Forthofer, 1991; Larkey, Smith,& Kadane, 1989; Mace et al. 1992; and Wadrop (1995) as
well as from a broad range of different sports, like darts (Otting et al. 2020), baseball (Stern,
1993), and tennis (Jackson 1993 and 1995). The contrary argument presented by these studies
is that the perception of fans and others that hot hands is real is justified. In the introduction to
chapter 3 we highlighted the achievement of jockey, Jeff Lloyd, in riding seven winners on
the 12-race card, bettering the previous record for the most wins in a day at an Australian
metropolitan racetrack. His performance highlights the momentum concept since his overall
strike rate did not suggest this (extraordinary) outcome would occur. Burns (2004) adds to the
debate by pointing out how shifts in momentum provide an opportunity for adaptive
responses to these temporary and often infrequent periods. For example, in basketball, the

adaptive response to the perception of momentum is to double team the “hot” shooter.

Yaari and Eisenmann (2011) make good use of a large data set of over 300 000 free throw
shots from five NBA seasons by showing the second shot was significantly more successful
(at the individual, and aggregated level) if the first attempt was successful. In a comparative
study, Arkes (2013), using both a small data set (common to earlier hot hand studies e.g.,
Albright,1993) and a much larger data set reports that many of the earlier studies had little
chance of detecting hot hands since the small sample size lacked the necessary statistical
power. Arkes (2013) points out the infrequency of the occurrence of hot hands contributes to
the understated estimates and the inability of tests to detect significance. Despite hot hands
being both short-lived and infrequent, Arkes (2003), and Hamberger and 1so-Ahola (2004),
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both use a large sample to show a significant but infrequent hot hand effect on the outcome of

an event.

Bar-Eli, Auvgos and Raab (2006) believe hot hands is more likely to be detected in individual
sports (e.g., horseshoe pitching and golf) than team sports such as football. However, Raab

et.al. (2012) in a later study reveal volleyball players display hot hands. The suggestion is that
volleyball is a more suitable activity for detecting momentum than basketball because the net
has a moderating effect on the opposing team using adaptive strategies to lessen the impact of
the “hot” player. Horse racing is, in some ways, similar because jockeys have limited scope to

use counterstrategies to blunt the momentum of another jockey with hot hands.

Studies involving ten pin bowling report evidence of hot hands (e.g., Dorsey-Palmateer and
Smith, 2004 and Yaari and David, 2012). This is not surprising since this sport involves a
similar action repeated for each trial under similar situational conditions. Oskarsson (2009)
points out the uniformity of the sport allows competitors to feel more in control of the
outcome. In contrast, perhaps the most convincing study on momentum comes from the sport
of tennis (Jackson and Mosurski, 1997) which, like horse racing, is far from being described
as uniform. Using results from 752 matches played at Wimbledon and the U.S. Open, Jackson
and Mosurski (1997) are able to dismiss the idea that the outcome of points are independent
and find that momentum best explains player performance. Their finding is important because
they observe momentum after controlling for a player’s skill and ability. In other words, when
competitors are evenly matched in terms of ability momentum plays a significant role in
determining the outcome of the event. Marsh and Perry (2005) highlight this point clearly
when they test the relative contribution of ability and psychological factors such as self-
esteem or self-perception to the performances of more than 200 swimmers at an international
swimming meet. Although a swimmer’s previous personal best time (PB) proves as an
excellent indicator of the likely winner of an event, psychological factors explained over 10%
of variation in results. A horse race is similar in that the jockey’s strike rate and the horse’s
quality are good indicators of success but not perfect indicators. So, when ability and
situational factors are controlled, the contribution of momentum to the outcome of an event

can be observed.

Albright (1993) uses archival baseball data to see if batting streaks occur more often than
would be considered as random. His main contribution is the use of situational variables

(score, number of runners on bases, left or right-hand pitcher, etc.) in a logistic regression
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model to predict batting success. Albright looks to see if players exhibit streakiness over the
course of a season and also whether some players are perennially streaky. He asks whether the
number of successes (k) in the most recent K at-bats, for various values of k, is an explanatory
variable for the probability of success in the current at-bat. He varies k arbitrarily from 1 to 20
to capture whether there is short term streakiness and/or long-term streakiness. Albright
exponentially weights the sum of the batter’s last 20 at-bats to give more weight to the more
recent at-bats. For Albright, a positive coefficient indicates streakiness, a negative value
indicates stability, and a zero value is consistent with randomness. While Albright finds no
evidence of momentum playing a significant role, its main improvement on the GVT analysis
(besides a larger data sample) is that when testing for streaks, Albright, adjusts success
probabilities for the varying situational variables that occur in the sport. These variables
included pitcher characteristics (e.g., ability and handedness) as well as game characteristics

(e.g., day or night games, home, or away game).

Stern and Morris (1993), in their comment on Albright’s work, state that a logistic regression
model has almost no power to detect streak-hitting behaviour because of insufficient
observations. They believe the small sample size bias of the logistic autoregression estimate is
substantial for samples corresponding to one year of batting data. Since Albright looks at data
for a single player-season the bias it introduces strongly masks streaks in his analyses. For
Stern and Morris combining players provides the best statistical means to discover hitting
streaks because of the limitations presented by only looking at the data for one season.

Stern and Morris are critical of the regression approach because finding evidence of a
significant streak-heating effect requires either a large sample or that the effect size be
substantial. For them, Albright’s study did not meet those requirements. To address the
sample size issue, Stern and Morris, run 10 000 simulated player-seasons. In the simulation, it
is assumed that a single season consists of 560 batting attempts.”® Stern and Morris show that
extending the season to 560 batting attempts is still not sufficient to detect streaks. Their
conclusion is that streaks in sports should be assumed to occur at least until reasonably

powerful approaches fail to reject plausible alternatives.

Kerick et. al. (2000) uses a sample of 18 novice clay shooters to examine whether momentum

is associated with affective changes and whether such affective responses, in turn, are

72 On average, professional baseball players average 129 at-bats (very different from 560) in a season.
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associated with performance variance. This study is done in the context of a closed skill &
fine motor task with a multidimensional model of momentum.®! Participants were initially
given no feedback on their shooting results and later provided with false feedback (both
negative and positive) on their performances. Results support the belief that deviations in
performance (both perceived or real) above or below one’s subjective norms can act as the

precipitating event that triggers a change in the competitor’s immediate outcome.

Klaassen and Magnus (2001) make use of 86 298 points (481 matches) at Wimbledon (1992-
1995) to investigate and reject the hypothesis that points in professional tennis are
independent and identically distributed (iid). Winning the previous point has a positive effect
on winning the current point, and at important points the server has a disadvantage. The
results indicate that higher APT- ranked players record a smaller deviation from the iid
hypothesis than lower ranked players.8?

Connolly and Rendleman (2008) use a fixed effects regression model to find evidence of
permanent skill changes for golfers on the PGA tour. They suggest accounting for these
effects is important because it could be mistaken for streaky play. After accounting for

permanent skill changes, they do not find evidence of streaky play among golfers.

Yang (2003) applies a Bayesian binary segmentation procedure to locate changepoints (a
change in the distribution of outcomes in a sequence) in binomial sports data (e.g., hit or miss,
win, or lose). This procedure is based on the Bayesian information criteria (BIC). The first
step in this approach compares a constant model (no change in the distribution of outcomes in
a sequence) with a single changepoint model by using the BIC approximation. If the test is in
favour of the constant model, the success rate is based on the whole data and conclude that the
rate is constant (no streakiness). If not, then the data is divided into two segments and two
tests are run based on the BIC as before on each of the subsegments. If the test suggests a
streaky model, the changepoints are located and so continue splitting the data. This is

continued until no more changepoints are found. This procedure indicates the Golden State

80 Closed skills are skills that are not affected by the environment examples include a golf swing, discus
throwing and trampolining.

81 A multidimensional model proposes a series of 6 changes that result in the development of momentum:
precipitating event(s), change in cognition, change in affect, change in physiology, change in behaviour and
change in performance.

82 APT refers to the governing body of the Men’s Professional Tennis Association.
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Warriors of the NBA were streaky in 2000-2001 as well as Tiger Woods of the PGA from
1996-2001.

Green and Zwiebel (2018) examine panel 12 years of panel data (over two million
observations) from Major League Baseball to find support for the existence of hot hands.
They argue that much of the literature that purports to show competitors do not have a
propensity for hot or cold streaks (contrary to the perceptions of many fans, coaches and
players) does not take into account endogenous strategic response. Using basketball to
support this endogeneity criticism, they explain how the better players draw more defensive

pressure that masks any evidence of hot hands.

Therefore, Green and Zwiebel (2018) choose baseball to search for the presence of hot hands
in sport because this endogeneity problem is far more limited than in basketball. Green and
Zwiebel (2018) differ from other statistical analysis studies on baseball in that they estimate
regressions across a full panel of data and look at both pitchers and batters. Their logistic
regression equations measure how well a player has performed recently while including a
vector of control variables that includes a player’s ability and the ability of the opposing

batter/pitcher and find strong evidence for hot hands.

Green and Zwiebel (2018) hypothesize that skilled activity will generally exhibit streakiness
(transitory components to ability as well as long-run components). They expect to see
evidence of hot hands if the activity does not permit an endogenous response such as in
basketball. For this reason, they suggest sports where hot hands could be present. The list
includes sports that have no defence such as, golf, bowling, track and field and shooting and

sports with a limited scope for transferring defensive resources such as baseball and boxing.

In contrast, Ding et.al. (2021) use logistic regression on the performance of National Hockey
League (NHL)® goaltenders in their study. Their data consists of 48,321 shots faced by 93
goaltenders over NHL seasons. After controlling for situational variables (e.g., game score,
difficulty of the shot and where the game was played) their main finding is that a goaltender’s

recent save performance has a negative effect on the chances of making the next save.

Clearly, the discussion surrounding the hot hand phenomenon is on-going, but we can

summarise what has been established. First, coaches, commentators and fans alike believe that

8 The National Hockey League is a professional ice hockey league in North America comprising 32 teams, 25 in
the United States and 7 in Canada
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hot hands or momentum is real despite the early findings by GVT (1985) and later by others
(e.g., Ding et.al. 2021) that sporting streaks are a cognitive illusion. Second, this cognitive
bias finding has been challenged chiefly because of a fundamental bias in the original study
(e.g., Stone, 2012 and, Miller and Sanjurjo, 2018). Third, recent research (e.g., Green and
Zwiebel, 2018) finds that hot hands may be real after all. Fourth, when momentum is given
the opportunity to emerge (frequency effect) it can be detected (Arkes, 2010) and finally,
different sports are more useful than others for detecting the presence of hot hands. The sports
where the activity is relatively uniform throughout the contest are likely to demonstrate a
contribution from momentum to the outcome (Oskarsson et.al. 2009). It is not to say that
momentum is not present in other less uniform activities, but that because of situational

factors and the frequency of precipitating events.
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4.3 Data and Methodology

Tversky (1985) himself, acknowledged the contention that success breeds success remained
unresolved.34 Our contribution to the debate is to build on the model introduced by Iso-Ahola
and Dotson (2014) that distinguished intensity, duration and frequency effects of initial
success on momentum and subsequent success. Specifically, we examine how these effects
link a jockey’s sequence of wins. In other words, to what extent is the initial win or wins by a
jockey providing a precipitating event(s) that creates hot hands and influences the consecutive
wins that follow.

Intensity Effect

For some jockeys the initial win may lead them to relax (psychologically) and so rest on the
laurels. However, for other jockeys the initial win will see them reach for their laurels,
which, among other things, means they have an increased likelihood of future success because
they are feeling more competent and confident (Iso-Ahola and Dotson, 2014). This is
especially true if the initial win is associated with a “‘wow’ factor. In golf, it could be
something like Tiger Woods and his long birdie putt on the 17%" hole that provided the wow
factor for him to win the first of his two player championships in 2001, or in football, a stroke
of luck like Diego Maradonna’s “hands of God” goal®. In horse racing, it could be a jockey
winning a marquee event such as the Melbourne Cup®. It follows, that for some jockeys the
more extraordinary the precipitating event (win) the more substantial is the intensity effect on

momentum.
Frequency Effect

Instead of one wow factor event providing the necessary stimulus for the creation of
momentum, there are other jockeys who need two or more consecutive wins before it
emerges. For these jockeys, it is a win followed by other wins that creates the necessary
intensity for subsequent wins. This means isolated wins (without any intensity attached) here

84 Tversky said about his momentum research: “I’'ve been in a thousand arguments over this topic. I've won
them all and convinced no one.”

8 The 'hand of god' refers to a goal scored by Maradona during the match between Argentina and England on
June 22, 1986, in Mexico. Maradona had jumped to head the ball but ended up hitting it with his hand (and
therefore should have been disallowed) and went past the goalkeeper Peter Shilton to give Argentina a lead of
1-0 during the match.

8 The Melbourne Cup is considered Australia’s most prestigious horse race with prizemoney of A$8million.
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and there will fail to produce momentum. However, when there is immediacy associated with

the wins it allows a jockey to link the events and thus momentum emerges.
Duration Effects

There is always an end of the line for hot hands. It comes to an unavoidable end for a number
of reasons. A jockey may be on a losing ride after a sequence of wins and momentum stops.
Or the day’s racing comes to an end and momentum wanes between race meetings. Both
frequency and intensity contribute to the duration of hot hands. In racing, this means the more
intense the initiating win the more enduring is momentum and of course, the more frequently

a jockey experiences momentum the longer it can last (Iso-Ahola and Dotson, 2014).

Jockeys competing in a horse race provide one of the few opportunities to examine the role
momentum on the outcome of an event because not only is a jockey competing directly
against other jockeys he or she is also competing against other horses. Therefore, to
disentangle the contribution of momentum to the winning of a race from other influences it is
necessary to control for not only jockey characteristics but also horse and race characteristics.
To do this, we collected data on every thoroughbred horse race held at the 176 metropolitan,
provincial, and country turf clubs in Australia between January 1, 2011, and December 31,
2016. This data includes information about jockeys, horses and many race specific features
from 98,577 races. The data is used to explicitly consider the influence of situational variables
on jockey winning streaks and allows us to estimate the effects (including intensity,
frequency, and duration) of a past sequence of wins on the odds of a jockey winning on their
next ride. The situational variables capture the relative quality of the horse and jockey

(relative to the other competitors in the field) as well as aspects of the race itself.
Situational Variables

A racing unit comprises a horse and jockey.®” Therefore, when considering hot hands and its
effect on a race outcome we need to distinguish not only a jockey’s skill relative to other
jockeys in the race, but also the relative quality of the horses being ridden by the jockeys. The
racing unit has certain characteristics that we transform into measurable variables. These

characteristics and their transformations are summarized in Table 4.1. For horse

87 In practice the racing unit is always referred to by the name of the horse, suggesting an implicit presumption
by those in the racing industry that the horse is ‘more important’ (in some sense) than the jockey.
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characteristics we include horse quality, horse success and horse handicap.® To control for
thoroughbred quality we make use of the unitab rating system. Rating (RAT) is a numerical
measure calculated to provide information to bettors about the quality of each horse in an
upcoming race. It is based on a horse’s past performance and is used by bettors to help them
select the likely winner of a race. The higher the rating the ‘better’ the horse’s chances of
winning (Australian Thoroughbred Directory.com.au).®® The unitab wagering website assigns
100 as its highest possible rating for a horse entered in a particular race. Therefore, horse

rating serves as a proxy for horse quality.

Table 4. 1 Summary of Jockey and Horse Characteristics

Characteristic Base Variable Included as
Horse Quality Rating Relative Rating Rating Tipped
(RRAT) (RATTIP)
Horse Success Earnings Earnings Tipped
(ERNTIP)
Horse Handicap | Weight Relative Weight
(RWGT)
Jockey Quality Strike Rate Relative Strike Strike Rate Tipped
(wins/rides) Rate (RSR) (SRTIP)
Jockey Success Number of Wins | Relative Wins Win Tipped
(RWIN) (WINTIP)
Starting Inside Barrier Dummy Variable
Advantage lto7 (BAR)

8 |In horse racing, horses carry a predetermined weight, based on the horse’s past performances. The added
weight levels the playing field by assigning horses with better records to carry more weight. In theory,
handicaps give all the horses an equal chance of winning.

8 For a discussion of horse ratings and their construction see https://www.betfair.com.au/hub/introduction-
to-ratings/.
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Length of Race Distance Distance (DIST)

Novice Jockey Apprentice Dummy Variable
(APR)

Notes: (i) R*X’ refers to the value of X for this racing unit divided by the average X for all the racing units in the
field. (ii) “X TIP is unity if this racing unit has one of the 3 highest values of X in the field and is zero otherwise.

Average prizemoney (prizemoney per start) is included in most thoroughbred wagering form
guides. Its purpose is to inform bettors how a horse has performed in the past and provide a
guide as to the class of a horse (Winning Edge Investments). Obviously, if a horse has a high
prizemoney per start, then the suggestion is it has won good quality races in the past. This
means average prizemoney is an important measurement of thoroughbred quality. We include
earnings (ERN), as average prize money per race earned by the horse prior to the current race.
Weight (WGT) is the third horse quality characteristic. This is the weight to be carried by a
horse in the current race. Handicappers assign weights to each horse in a race with the
purpose of equalising their chances of winning (Racing Australia). Handicappers use criteria
from a horse’s past performance and their professional judgement when assigning the weight
a horse will carry in a particular race. Handicappers must be able to provide logical and
reasoned explanations for the weights they assign each horse (racing.com). So, to equilise
each horse’s chance of winning, better-quality horses (according to the handicapper’s criteria)

will generally be assigned higher weights.

For jockey characteristics we include jockey success and jockey quality. Wins (WIN) is the
number of wins by a jockey prior to the current race and is used to measure jockey experience
(of winning). This number of wins is often used by racing authorities to determine who is the

‘best’ jockey.*

Strike rate is the proportion of winning rides by a jockey prior to the current race
(RacingandSports). Thus, strike rate is considered by some commentators as a better indicator
of who is ‘best’ jockey (flatstats).** Accordingly, we include jockey strike rate (SR) as a

jockey quality variable.

Barrier (BAR) is used as a specific race feature that provides information about the starting

position of each horse in a race. The BAR is a dummy variable taking the value 1 if this

% Jamie Kah was considered the most successful jockey at Melbourne metropolitan racetracks in the 2020-
2021 season because she won more races (105) than any other rider.
%1 Jamie Kah in her jockey premiership win in 2020-2021 had a strike rate of 20%.
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racing unit is allocated one of the seven inside gates (barrier). It is considered to be an

advantage if a horse is drawn closer the running rail (RacingandSports).

Distance (DIST) is the length of the current race (measured in kilometres). Thoroughbred
races in Australia generally fall into three categories (unitab). These are sprints (800 metres to
1200 metres), middle distance (1400 metres to 1800 metres) and staying races (over 2000
metres). Some jockeys are considered to be exceptional at rating a horse (control a horse’s
speed) during a race. This skill becomes more important over longer races. For example,
champion Australian jockey, Hugh Bowman, has a preference is for long-distance races
because not only is it more of a test for the horse, but also more of a test of the jockey
(Racing.com) A staying race is preferred by some jockeys because it allows them to overcome
any situational issues the race throws up and still win. For this reason, we include this variable

to control for jockeys that are better suited in longer races.

Apprentice (APR) is a dummy variable taking the value one if the jockey is still an apprentice
jockey and zero otherwise. Other things equal, apprentice jockeys are less likely to win

because of lack of experience and strength; but apprentices can also claim a weight allowance
(which is appealing to the connections of the top-weighted horses) to compensate for this lack

of experience.®®

Because it is the quality of the racing unit relative to its competitors in the field rather than its
absolute quality that is likely to determine its success in the race, where relevant we transform
our variables so that they capture the corresponding attribute of the racing unit relative to the
average in the race field. This gives us relative rating (RRAT) for the horse characteristic and
for the jockey characteristics the transformations become relative strike rate (RSR) and
relative wins (RWIN).** We also include relative weight (RWGT) on the grounds that it is the

relative weight a horse carries in a race rather than the absolute weight penalty that matters.

Further, since we are looking for the ‘best’ performance, it seems sensible that further
emphasis should be given to those racing units that rank highest on each of the quality
measures. We therefore include rating tip (RATTIP), earnings tip (ERNTIP), strike rate tip

9 For example, at the Gold Coast racetrack, inside barriers are distinct advantage in 1000 metre races and have
a big advantage in 1200 metre race. The advantage is the horse has slightly less distance to cover.

% Entering jockeys complete an indentured apprenticeship with a licensed trainer. Apprenticeships are
state regulated and end once a certain number of wins has been achieved or a certain time has elapsed
(e.g., in NSW 40 wins or 4 years).

% For many races the measurement of the earnings data (in $ millions) is too coarse for us to construct a
relative earnings variable, particularly where many relatively inexperienced horses are involved.
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(SRTIP) and win tip (WINTIP). These are dummy variables that take the value 1 if the
corresponding racing unit is one of the top three with that relative attribute in the field, and

zero otherwise.®
Sequential Variables

As noted in the Introduction, in chapter 3 we tested for the presence of jockey hot hands by
comparing the actual and expected numbers of sequences of winning rides for individual
jockeys. The expected number was calculated from a binary distribution based on the jockey’s
total rides and actual strike rate over the sample period. An equivalent approach is to test
whether an immediate past sequence of K wins has a significant positive effect on the
probability of a jockey winning on her next ride, other things equal (including her strike rate).
If it does, then her numbers of winning sequences of length K+1 are likely to be higher than
her strike rate would suggest. It is as if a win shifts the jockey into a “hot hand’ state in which
her probability of a win is higher than if her previous ride had resulted in a loss. This
alternative test has the advantage in that it allows us to control for other situational variables

besides her strike rate.

In order to perform this test, we define S, x = Hfiller_i, where X;,._; is a dummy variable
taking the value 1 if jockey j won on ride r-i and 0 otherwise. Thus, S;, x is equal to 1 if

jockey j has had a sequence of K wins on her last K rides, where K =1, ...,4.%

Including both situational and sequential variables for each jockey (j) we estimate

Pir
Ln I:l_;jrjl = (Xj + 5]1 Sjr,l + 5]2 SjT,Z + 5]3 Sjr,3 + 514 Sjr,4- + B]Z]T + gjr (41)
. o . .. P . . .
where P;,.is the probability that jockey j wins race r (so [1—;)] is the odds ratio), Zj, is a vector
P

of situational variables for jockey j at the time of race r and ¢;,. is the error term. Since few
jockeys have multiple observations of the longer winning streaks, we are unable to include all
the sequential variables in the estimating equation for every jockey. We cannot reliably

estimate &y if Sj,. x has few non-zero observations. Specifically, our sample of “eligible’

% The ‘tipped’ label seems appropriate since racing tipsters often provide the names of the three horses they
think most likely to feature in the top three placings.

% A win is a relatively rare event for a jockey, with the typical jockey having about ten times as many losses as
wins and many more losing than winning streaks of any given length. Therefore, we select 4 consecutive wins
for the model.
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jockeys at each sequence length is restricted to those that have at least K winning sequences

of length K (i.e., at least 2 winning sequences of length 2, 3 of length 3 etc.).

For those jockeys that completed an apprenticeship within our sample period we amend (4.1)

to

Py
Ln [1__;)"] = aj + 5]1 SjT.l + 512 Sjr,z + 513 Sjr,3 + 6]4 SjT‘A- + ﬁ]Z]r + ]/]APRjr + Ejr (413)

The estimated coefficient y; can have either sign and indicates whether the apprentice status

has a significant effect on a jockey’s odds of winning, other things equal (including jockey

ability and winning experience).

Note that if jockey j wins 2 races in a row, then both S, ;and S;,., equal 1. Thus, &;, picks
up the marginal effect of the second win, and this effect can be positive or negative.
Similarly, 6;3 and &, pick up the marginal effects of a third and fourth sequential win,
respectively. Therefore, 4; = Yi<, §;; denotes the cumulative or total effect of a sequence
of K wins on the odds of a K+1 win. If the prior winning sequence (of length K) has no effect
on j’s odds of winning on her next ride, then 4,; will be insignificant; if it encourages the
jockey to “look to her laurels” and strain to continue her winning streak, then 4, ; will be
positive and significant (and j is more likely to have a sequence of K+1 wins than otherwise);
if it allows the jockey to relax and to ‘rest on her laurels’ for the next race, then 4, ; will be
negative and significant (and j is less likely to have a sequence of K+1 wins). The
correspondence with the ‘numbers of sequences’ tests used in chapter 3 therefore is that more

actual than expected back-to-back wins (2BB) matches 4;; being positive and significant;
3BB matches 4, being positive and significant; 4BB matches 4;; being positive and

significant; and 5BB matches 4;, being positive and significant.
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4.4 Results

The apprentice variable was observed for 164 jockeys. Equation (1a) is estimated for these
164 jockeys. For the remaining 262 jockeys, equation (1) is appropriate. Table 4.2 reports the
summary statistics on the estimated coefficients for the 11 situational variables discussed
earlier and defined in Table 4.1. Table 4.3 reports the results corresponding to the sequential
variables. These variables are expected to influence the outcome of a horse race. The mean
and median coefficients for each situational variable are reported in column 1 and 2
respectively. For example, the results show that, on average, a one per cent increase in a
jockey’s relative strike rate will increase the odds ratio of hot hands occurring by 5.4 per cent.
Similarly, an increase in the relative weight carried by a horse increases a jockey’s odds ratio
of experiencing hot hands by 175%. In Appendix Table A2 we document these same
coefficients individually for all jockeys. Further, columns 6 and 7 report the percentage of
jockeys with a significant positive or negative coefficient for each of the situational variables.
Once again, in Appendix Table Al we individually record the significance or otherwise of

these variables for all jockeys.

Table 4. 2 Regression Coefficients - Situational Variables

MEAN | MEDIAN [ STD | MAX | MIN | %POS | % NEG | OBS
DEV & &

SIGNIF | SIGNIF
(PSG) | (NSG)

BAR 0.054 | 0.055 0.105 | 0.508 -0.319 | 22* 4* 426
DIST -0.02 -0.01 0.21 0.763 -0.95 | 11* 12* 426
RWGT | 1.750 1.803 2.337 |10.327 | -4.061 | 38* 4* 426
RRAT | 3.661 3.635 1913 | 12.142 | -1.113 | 80*° 0 426

RSR 0.023 0.000 0.523 | 2.210 -2.750 | 18* 11* 426

RWIN 0.060 | 0.053 0.312 | 1.170 -1.497 | 20* 9* 426
RATTIP | 0.117 0.103 0.164 | 0.642 -0.922 | 32* 0 426
ERNTIP | 0.252 0.264 0.146 | 0.742 -0.225 | 78*° 0 426
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SRTIP | 0.125 |0.106 0.305 | 2.469 -0.829 | 26* 3 426

WINTIP | 0.144 | 0.111 0.339 | 2.738 -1.090 | 27* 3 426

APPR 0.058 | 0.013 0.590 | 3.659 -2.110 | 15* 6* 164

Notes: (i) PSG (NSG) represents the percentage of jockeys with an estimated coefficient that
is positive (negative) and significant at the 10% level of significance. (ii)* indicates
proportions are significantly different from zero at the 5% level of significance.®’ (iii) °
indicates proportions are more than 50% at the 5% level of significance.

The data reveals that jockeys are not homogeneous. We find significant positive and
significant negative estimated coefficients for different jockeys for most of these situational
variables. There are 20 jockeys for whom all situational variables are insignificant and jockey,
Jake Duffy (see jockey entry 62 in Appendix Table A1) has the largest number of significant
situational coefficients of all jockeys (9). For the barrier variable (BAR), the evidence is that
some jockeys (22%) are more likely to win if their mount draws an inside barrier. Only a few
(4%) have more success from an outside barrier. For the majority (74%) of jockeys, the
barrier draw does not seem to significantly affect their chances of winning. With the distance
variable (DIST) the riding success of about the same share (76%) are not significantly
affected by the race distance. But distance does matter for the likely success of the remaining
23% of jockeys, split about equally between those more likely to win on shorter races (11%)

and those more likely to win on longer races (12%). %

As noted, if the handicapping system worked perfectly, then the relative weights (RWGT)
carried by the racing units should exactly offset the differences in horse ability, leaving the
race outcomes to be determined by other factors, jockey ability in particular. For 58% of
jockeys the relative weights assigned to their mounts have no significant effect on the
jockey’s odds of winning. However, our results suggest that riding a horse that has been
assigned a higher weight does make a winning ride more likely for 38% of the jockeys (and
less likely for only 4%). If relative weight is an indicator of horse quality, then other things
equal, these are the jockeys that should be riding the better horses.® Surprisingly, for the

majority of jockeys (71%), the relative strike rate (RSR) does not seem to significantly affect

9 The test statistic is: (p™-0)/V((p'(1-p’))/n) where p'is the sample proportion and n is the number of jockeys.

% Note the power of the test is 93.5% at the 5% level of significance power based on the simulation of 10 000
replications.

% M Elliot (jockey entry 330 in Appendix Table A.1)has the highest positive and significant coefficient on RWGT
with 10.3.
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their chances of winning.'® For only 18% of jockeys is the relative strike rate (RSR) positive
and significant in increasing a jockey’s chances of winning. This suggests the importance of
horse quality (and other situational and sequential variables) in the likely outcome of a race.

Two of the measures of horse quality and success are found to have a positive and significant
effect on the likelihood of success for the vast majority of jockeys. As Table 4.2 shows, riding
a relatively highly rated horse (RRAT) or one of the top three earners in the race (ERNTIP),
raises the chance of success for 80% and 78% of jockeys, respectively. At the same time,
column 7 in Table 4.2 shows that no jockey’s prospects were being significantly harmed in

these situations.

As previously noted, apprentice jockeys receive a weight allowance intended to compensate
for their inexperience. The estimated coefficients on the apprentice (APPR) variable suggest
that, for the majority of jockeys (79%), their odds of winning are not significantly different
before and after they complete their apprenticeships, other things equal. For 15% their
likelihood of success is significantly higher post-apprenticeship and for 6% it is significantly

lower.

Finally, we consider the indicators of jockey ability - strike rate (RSR, SRTIP) and winning
experience (RWIN, WINTIP). For just over 26% of jockeys being in the top three on either of
these criteria improves their odds of winning; but the odds of 71% are unaffected (the
remainder are less likely to win if tipped). Just being above average on these criteria has a
significant positive effect for around 20% of jockeys, no significant effect for 70% and a

significant negative effect for the remainder (10%).

While we would not seek to make too much of it, we note that the relatively weak
performance of jockey attributes, compared with that of horse attributes, is consistent with the
view that, on average, the jockeys may be of secondary importance to the overall performance
of the racing unit.

Sequential Variables

As noted, the coefficients on the sequential variables give us the estimated marginal effects of

a winning ride, in a sequence of winning rides, on the likelihood of the jockey winning on her

100 \Wagering websites highlight jockey strike rates as an important factor in determining the likely winner of a
horse race.
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next ride, other things equal. From these coefficients we can calculate the corresponding total

effects, which tell us whether this jockey is more likely to have a sequence of wins.

The estimates in Table 4.3 indicate that, in this sample, the riding records of 52 jockeys are
likely to exhibit more (positive and significant) back-to-back two (2BB) winning sequences
than expected; 39 more back-to-back three wins (3BB); 15 more back-to-back (4BB) wins;
and 3 more back-to-back (5BB) wins. While the numbers of jockeys drop off quite sharply as
sequences lengthen, their percentage of the eligible jockeys is remarkably stable, suggesting
the decline in numbers is mainly attributable to the shrinking eligible sample size (an
indication of the difficulty for a jockey to ride multiple successive winners). Similarly, the
riding records of 34 jockeys are likely to exhibit fewer (negative and significant) 2BB
winning sequences than expected; 32 fewer 3BB; 2 fewer 4BB and 2 fewer 5BB. These
numbers are all much smaller than the corresponding positive numbers, and again the
numbers decline quite sharply, but only after 3BB (we present the results for each individual

jockey in Appendix Table A2).

Table 4. 3 Results for Sequential Coefficients

Marginal Effects Total Effects

51(: A1) (o7 83 84 A, A Ay

PSG |52 (12%) |34 (8%) |11(7%) |1(3%) |39(10%) |15(9%) |3 (10%)

NSG |34 (8%) |18(4%) |2(1%) |1(3%) |32(8%) |2(1%) |2 (7%)

27 24
ISG | 340 (80%) | 358(88%) | 153(92%) | (94%) | 339(82%) | 148(90%) | (83%)

Eligible
Sample
size 426 410 166 29 410 166 29

Notes: PSG, NSG and ISG are positive and significant (at 10%), negative and significant and insignificant,
respectively. The sample of “eligible’ jockeys at each sequence length is restricted to those that have at least K
winning sequences of length K (i.e., at least 2 winning sequences of length 2, 3 of length 3 etc.). The figure in
brackets in each cell is the corresponding % of eligible jockeys.

So, where does it all start i.e., when is momentum created? It is not surprising that the

coefficient (§;;) attached to the initial win in the sequence of wins becomes the pivotal factor
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in the formation of momentum i.e., the precipitating event. If this coefficient is positive and
significant in increasing the odds of two consecutive wins (2BB) then the conclusion is that
momentum is the mediating mechanism linking the 2BB sequence. From Table 4.3 we see
that for 52 of the 426 jockeys this initial win generated the required intensity for the genesis of

positive momentum (hot hands).%

What is of interest now is the duration (i.e., the combination of intensity and frequency) of
momentum. Experiencing momentum, as the literature points out (Iso-Ahola and Dotson,
2014), is fleeting and temporary and so this seems to be true for jockey momentum. As Table
4.4 (Panel A) shows, of the 52 jockeys that had momentum triggered by the initial win, for
only five jockeys was the marginal effect of the next win in the sequence (&) also positive
and significant. This means the marginal effect of the second win in the sequence for the vast
majority of the 52 jockeys (40) is insignificant. The results in Table 4.4 (Panel A) also show
that the second win in the sequence can have the tendency to counteract a jockey’s feeling of
positive momentum because 5 of the 52 jockeys (triggered for momentum by the initial win)

have a marginal negative and significant coefficient for the second win.

Taken together (6; + &), the two marginal coefficients give rise to the total effect of two
consecutive wins. These estimated effects are given in Table 4.4 (Panel B). The 52 jockeys
that had momentum triggered by the initial win, only 10 retain momentum after the second
win. Of these 10 jockeys, five are showing significantly positive marginal effects for both
wins, but the other five jockeys the intensity of their initial win was stronger enough for
positive momentum to continue (duration effect). For 3 of the 52 jockeys the second win
triggered negative momentum of such intensity that the positive momentum taken into the
second ride is reversed for the third. For the remaining 38 jockeys the duration of their
momentum was limited to a single ride. A similar analysis applies to the 34 jockeys for whom

the initial win precipitated negative momentum.

Table 4.4 (Panel A) also draws attention to the large number of jockeys (340) that were not
triggered (either negatively or positively) by the initial win in the sequence. For 27 of these
jockeys, the second win in the sequence did trigger momentum i.e., it is the combination of
the two wins (frequency effect) that allows these jockeys to link the achievements and

momentum is created.

101 The size(intensity) of the coefficient for this initial win in the sequence is recorded in Appendix Table A1 for
all 426 jockeys (see column A;).
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Table 4. 4 Results for marginal and total effects after two consecutive wins (2BB)

(Panel A) Marginal Effects (Panel B) Total Effects
52
61 + 62 == Az
(4 |PSG NSG ISG DO PSG NSG ISG DO

PSG
(52) 5 6 40 1 10 3 38 1
NSG
(34) 5 0 29 0 2 6 26 0
ISG
(340) 27 12 286 15 27 23 275 15

Notes: PSG, NSG and ISG are positive and significant (at 10%), negative and significant and insignificant,
respectively. (DO) indicates the number of jockeys that drop out of the analysis due to insufficient number of
observations at this sequence of wins.

The total effect of the 2BB wins for all 426 jockeys is summarized in Panel B of Table 4.4.
For example, if we focus on the 52 jockeys that were significant after the initial win, we see
that following the second win (2BB) only 10 of the 52 jockeys have remained positive and
significant. Three of the 52 jockeys are now negative and significant and a further 38 jockeys
have a total effect that is insignificant. Note that one of the 52 jockeys has insufficient
observations and drops out (DO) of the analysis after 2BB. What is important when
considering the duration effects of momentum is the number of jockeys with momentum after
two consecutive wins. We see that 39 jockeys have a total effect that is positive and
significant (PSG) after two wins. As noted, momentum is temporal and what is of interest
now is for how many of these 39 jockeys the duration of momentum extended by 3
consecutive wins (3BB) and whether any of the large number of jockeys remaining
insignificant after two consecutive wins are triggered for momentum by 3BB wins. The

answers to these questions are revealed by the results reported in Table 4.5.
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Table 4. 5 Results for marginal and total effects after three consecutive wins (3BB)

(Panel A) Marginal Effects (Panel B) Total Effects
83
62 + 63 == A3

(4,) | PSG NSG ISG DO PSG NSG ISG DO
PSG
(39) 0 2 32 5 4 0 30 5
NSG
(32) 2 0 1 29 0 0 3 29
ISG
(339) 9 0 119 211 11 2 116 210
DO (16)

Notes: PSG, NSG and ISG are positive and significant (at 10%), negative and significant and
insignificant, respectively. (DO) indicates the number of jockeys that drop out of the analysis

due to insufficient number of observations at this sequence of wins.

Of the 39 jockeys with momentum after 2BB wins (i.e., A, is PSG), none have a positive and
significant marginal effect from 3BB (65). Once again, the vast majority of the jockeys (32)
the marginal effect of 3BB &5 insignificant. We see the counteracting tendency of the
marginal win continue because two of the 39 jockeys with momentum after B2B have a

negative and significant reaction to the third consecutive win.

This time, it is the combination of the total effect after BB2 and the marginal effect of 3BB
(A, + &3) that produces the total effect for BB3 ( A3). The total effect result is recorded in
Table 4.5 (Panel B) and shows that four of 39 jockeys still have positive momentum after
three consecutive wins despite none of the jockeys having a positive and significant marginal
effect from the third win in a row. This indicates the intensity of the two earlier wins sustains
the duration of momentum through to 3BB. Again, we see some jockeys (11) with an
insignificant response to earlier consecutive wins showing momentum now because the

intensity of three wins in a row is stronger enough to trigger momentum.

Finally, Table 4.6 shows just how difficult a task it is for a jockey to maintain (and a

researcher to detect) winning momentum. Even with a large data set (991, 614 jockey rides in
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98,577 races), 260 jockeys drop out (DO) of the analysis because they do not have multiple
observations of longer winning streaks. Only one jockey in the sample shows a positive and

significant marginal effect for the fourth consecutive win.

Table 4. 6 Results for marginal and total effects after four consecutive wins (4BB)

(Panel A) Marginal Effects (Panel B) Total Effects
64 63 + 64, == A4
(A;) | PSG NSG ISG DO PSG NSG ISG DO
PSG
(15)
0 1 6 8 0 0 7 8
NSG (2)
0 0 0 2 0 0 0 2
ISG
(149)
1 0 21 127 3 2 17 127
DO
(260)

Notes: PSG, NSG and ISG are positive and significant (at 10%), negative and significant and
insignificant, respectively. (DO) indicates the number of jockeys that drop out of the analysis
due to insufficient number of observations at this sequence of wins.

Taken together the results for the sequential variables (both marginal and total effects) show
considerable support for the Iso-Ahola and Dotson (2014) theoretical model by distinguishing
intensity, frequency and duration effects on momentum and subsequent wins. The results
indicate that for some jockeys, momentum or hot hands is a central ingredient in the outcome
of a horse race and reveal that while some jockeys look to their laurels there are others who

are willing to rest on their laurels.
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4.5. Conclusion

In this chapter we track the rides of 426 jockeys in 98,577 races over a six-year period. We
use the wide data set to search for the existence and origin of hot hands (psychological
momentum). By controlling for situational variables relating to jockey and horse
characteristics we find (for some jockeys) that momentum has a clear positive and significant

causal effect on winning.

We show that jockey momentum, once triggered by the precipitating event of a sequence of
winning ride(s), is short-lived because it is easily disrupted by situational factors and because
of the sheer difficulty in riding consecutive winners. For momentum to be created, the
precipitating event must have a wow factor attached to the performance otherwise it does not
emerge. Our results show that the intensity of the initial win is crucial, and the marginal effect
of each subsequent win may amplify or moderate the total effect of momentum. The

combination of the frequency and intensity of the wins determines the duration of hot hands.

The literature surrounding the success breeds success phenomenon suggests people with
momentum feel more confident, competent and can perform tasks out of the ordinary because
of a combination of greater effort and task perseverance. In horse racing, this feeling explains
why some jockeys ride multiple back-to-back winners (look to their laurels) while others

appear more reluctant to seize the moment (rest on their laurels).

There is scope for further research looking at the role momentum plays in the outcome of
events. For example, our sample of jockeys is made up of both female and male jockeys, and
so gender analysis of momentum is possible. Specifically, we can test the conjecture that
males respond more positively to momentum than females because of the increase in
testosterone following a victory (Krumer,2016). Finally, a future study may involve capturing
the effects of PM by constructing a ‘momentum indicator’ based on the jockey’s recent racing
results and estimating the effects of this indicator on the odds of a jockey winning on their

next ride.
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6.0. Appendix A

Table Al. Individual Jockey Data

Wager
2BB 3BB 4BB 5BB Outcome
Strike t t t

Jockey Rides | Wins | Rate Actual | Expected | Stat | Actual | Expected | Stat | Actual | Expected | t stat | Actual | Expected | Stat | $
Grant Buckley 18336 | 1596 | 0.09 166 138.83 253 | 23 12.07 298 |2 1.05 086 |1 0.09 2.75 | -494.75
Greg Ryan 13691 | 2622 | 0.19 556 501.95 299 | 111 96.06 141 | 20 18.38 032 |4 3.52 0.22 | -408.00
Jeff Penza 13593 | 1351 | 0.10 166 134.18 3.06 | 16 13.32 069 |0 1.32 -1.05 | 0 0.13 -0.33 | -300.00
Brad Rawiller 12977 | 2225 | 0.17 428 381.32 2.87 |83 65.33 203 |12 11.19 021 |1 1.92 -0.56 | -217.00
Kerrin McEvoy 8890 1190 | 0.13 162 159.16 0.26 | 24 21.27 055 |2 2.84 -0.44 1 0 0.38 -0.53 | -228.69
Peter Graham 12724 | 1454 | 0.11 188 166.04 192 |19 18.95 001 |1 2.16 -0.71 | 0 0.25 -0.44 | -435.96
Robert Thompson 12053 | 1674 | 0.14 260 232.36 211 |40 32.24 1.27 | 10 4.47 231 |2 0.62 1.53 | -184.67
Jim Byrne 11388 | 1616 | 0.14 237 229.17 0.60 |33 32.48 0.08 |3 4.60 -0.66 | 0 0.65 -0.70 | -443.22
Dale Spriggs 11230 | 1314 | 0.12 158 153.63 0.40 |15 17.95 -0.65 |1 2.10 -0.68 | 0 0.24 -0.44 | -415.38
Hugh Bowman 10814 | 1748 | 0.16 294 282.39 0.82 | 60 45.60 198 | 12 7.36 148 |2 1.19 0.64 | -257.58
Luke Nolen 10134 | 1411 | 0.14 221 196.32 2.04 | 46 27.30 333 |8 3.79 191 |1 0.53 0.57 | -113.78
Jason Taylor 10079 | 723 | 0.07 58 51.79 093 |2 3.71 -0.84 |0 0.26 -0.48 0.02 -0.94 | -177.80
Jay Ford 9916 873 | 0.09 87 76.77 1.28 | 10 6.74 118 |1 0.59 049 |0 0.05 -0.20 | -112.95
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Andrew Gibbons 9793 661 | 0.07 55 44.55 1.67 |11 3.00 4.40 0.20 1.70 |0 0.01 -0.11 | -256.20
Linda Meech 9578 1292 | 0.13 184 174.15 0.87 | 24 23.46 0.10 |7 3.16 192 |2 0.42 213 | -262.24
Dwayne Dunn 9330 1265 | 0.14 188 171.38 147 |33 23.20 190 |2 3.14 057 |0 0.42 -0.57 | -271.52
Brendan Ward 9257 1138 | 0.12 165 139.78 243 | 34 17.15 3.79 |5 2.10 179 |0 0.26 -0.45 | -247.00
Corey Brown 9092 1337 | 0.15 216 196.46 1.63 | 39 28.85 1.76 |8 4.23 162 |2 0.62 1.52 | -150.65
Christian Reith 9047 986 | 0.11 129 107.35 235 | 22 11.68 284 |2 1.27 059 |0 0.14 -0.34 | -278.08
Terry Treichel 9032 974 1 0.11 160 104.93 6.04 |33 11.29 6.06 |38 121 5.61 |3 0.13 7.17 | -119.00
Glen Boss 8892 1211 | 0.14 173 164.79 0.74 | 23 22.41 012 |6 3.04 151 |3 0.41 3.54 | -348.76
Chris Whiteley 8850 1279 | 0.14 206 184.70 1.84 | 27 26.65 0.06 |3 3.84 -0.38 | 0 0.55 -1.01 | -323.94
Matthew Paget 8837 720 | 0.08 57 58.58 -0.23 | 10 4.76 227 |2 0.39 241 | 0O 0.03 -0.16 | -282.35
Glen Colless 8702 1425 | 0.16 285 233.19 4.06 |63 38.14 3.73 |12 6.23 200 |4 1.02 2.53 | -204.00
Damien Oliver 8537 1423 | 0.17 243 237.03 047 | 54 39.46 215 | 15 6.56 286 |4 1.09 2.36 | -218.15
Scott Thurlow 8508 603 | 0.07 59 42.67 269 (4 3.01 054 |0 0.21 -043 |0 0.01 -0.12 | -240.00
Chris Munce 8475 1217 | 0.14 179 174.62 0.39 | 24 25.04 -0.19 |1 3.59 -1.20 | O 0.51 -0.62 | -225.81
Michael Travers 8417 828 |0.10 101 81.35 241 |9 7.98 034 |0 0.78 081 |0 0.08 -0.25 | -133.00
Darren Gauci 8246 765 | 0.09 79 70.88 1.06 |7 6.56 016 |1 0.61 046 |0 0.06 -0.21 | -70.50
Kathy O'Hara 8204 755 ] 0.09 78 69.39 114 |6 6.37 -0.14 | 0 0.58 -0.70 | O 0.05 -0.21 | -134.25
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Larry Cassidy 8168 1026 | 0.13 133 128.75 043 | 17 16.14 020 |3 2.02 061 |1 0.25 1.31 | -290.00
Joe Bowditch 8078 809 |0.10 98 80.92 211 |12 8.08 129 |0 0.81 082 |0 0.08 -0.26 | -55.20
Stephen Baster 8003 801 |0.10 105 80.07 3.10 | 16 7.99 266 |2 0.80 123 |1 0.08 2.97 |-191.00
Nash Rawiller 7815 1534 | 0.20 314 300.91 0.94 |58 59.00 -0.12 | 13 11.56 036 |3 2.26 041 | -217.95
Mathew Cahill 7790 1152 | 0.15 178 170.21 0.70 | 22 25.13 -0.58 | 2 3.71 -0.78 | O 0.55 -0.64 | -287.41
Ben Melham 7640 978 | 0.13 142 125.07 1.74 | 14 15.98 -0.46 | 3 2.04 060 |1 0.26 1.29 | -69.65
Rod Quinn 7474 762 | 0.10 102 77.59 3.10 |21 7.89 439 (4 0.80 326 |1 0.08 2.92 | -102.00
Michael Heagney 7440 469 | 0.06 27 29.50 -049 |0 1.85 -1.30 |0 0.12 -032 | 0 0.01 -0.08 | -143.70
Paul Hammersley 7428 899 | 0.12 84 108.68 -270 | 9 13.13 -1.06 |1 1.58 -041 |10 0.19 -0.39 | -416.96
Michael Rodd 7428 1137 | 0.15 189 173.89 135 |41 26.57 259 |10 4.06 257 |3 0.62 2.60 | -35.05
Danny Nikolic 7307 919 0.3 142 115.46 282 |23 14.49 208 |4 1.82 144 |0 0.23 -0.42 | -182.29
Tim Clark 7235 795 ]0.11 97 87.25 1.17 | 16 9.56 194 |2 1.05 084 |0 0.11 -0.30 | -216.65
Daniel Griffin 7196 %60 | 0.13 146 127.94 1.84 | 31 17.03 313 |6 2.27 220 |1 0.30 1.12 | -199.80
Justin P Stanley 7185 708 | 0.10 75 69.67 071 |7 6.85 0.06 [0 0.67 -0.75 | 0 0.07 -0.23 | -273.06
Scott Pollard 7173 548 | 0.08 50 41.79 138 |8 3.18 255 |1 0.24 142 |0 0.02 -0.12 | -164.25
Craig Williams 7126 1058 | 0.15 178 156.93 1.98 | 38 23.26 285 |8 3.44 216 |2 0.51 181 |-70.50
Mitchell Bell 7066 798 | 0.11 99 90.01 1.07 | 15 10.14 143 |2 1.14 072 |1 0.13 219 | -30.79
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Steven Arnold 6956 892 |0.13 137 114.26 244 | 28 14.62 326 |2 1.87 0.09 |0 0.24 -0.43 | -120.25
Brad Clark 6819 534 | 0.08 56 41.74 240 |7 3.26 19 |1 0.25 137 |0 0.02 -0.13 | -138.00
Tommy Berry 6771 808 |0.12 106 96.30 1.12 | 20 11.47 236 |3 1.36 126 |1 0.16 1.85 | -137.75
Matthew Bennett 6769 665 | 0.10 65 65.23 -0.03 | 10 6.39 134 |1 0.63 043 |0 0.06 -0.23 | -270.45
Andrew

Bloomfield 6688 600 | 0.09 71 53.74 258 |5 4.81 0.08 |0 0.43 -061 | 0 0.04 -0.18 | -165.33
Richard Bensley 6569 650 |0.10 69 64.22 0.66 |8 6.34 062 |1 0.62 043 |0 0.06 -0.23 | -229.43
Brenton Avdulla 6432 754 | 0.12 97 88.27 1.06 | 13 10.32 078 |1 121 -0.17 | 0 0.14 -0.33 | -195.60
Jon Grisedale 6325 518 | 0.08 44 42.34 028 |4 3.45 028 |0 0.28 -0.49 | 0 0.02 -0.14 | -204.40
Glenn Lynch 6236 596 |0.10 57 56.87 002 |5 5.42 -0.17 | 0 0.52 -0.65 |0 0.05 -0.20 | -186.80
James Winks 6229 645 | 0.10 70 66.68 045 |7 6.88 0.04 |1 0.71 031 |0 0.07 -0.24 | -203.20
Kevin Sweeney 6125 754 | 0.12 111 92.70 217 |13 11.38 045 |2 1.40 046 |0 0.17 -0.36 | -111.40
Darren Beadman 6124 1235 | 0.20 278 248.86 231 |63 50.11 1.70 | 16 10.08 159 |3 2.03 0.56 |-127.18
Jamie Mott 6044 844 | 0.14 140 117.72 238 |25 16.40 198 |2 2.28 -0.17 | 0 0.32 -0.49 | -161.46
Raymond Spokes 5910 604 | 0.10 57 61.63 -0.66 | 5 6.28 -0.48 | 0 0.64 -0.72 1 0 0.06 -0.23 | -136.80
Davin Green 5902 331 | 0.06 23 18.51 111 |3 1.03 185 |0 0.06 -0.23 |0 0.00 -0.05 | -119.03
Nicholas Hall 5868 737 |0.13 92 92.44 -0.05 | 18 11.58 1.76 |4 1.45 189 |0 0.18 -0.38 | -185.00
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Scott Seamer 5780 725 |0.13 125 90.81 411 |20 11.36 239 |3 1.42 118 |0 0.18 -0.37 | 0.00
Jim Cassidy 5688 769 | 0.14 129 103.83 286 |24 14.00 248 |3 1.89 072 |0 0.25 -0.45 | 64.10
Leanne G Henry 5682 369 |0.06 30 23.90 133 |3 1.54 112 |0 0.10 -0.30 | O 0.01 -0.08 | -198.20
Steven King 5621 575 10.10 60 58.72 019 |7 5.99 039 |0 0.61 -071 |0 0.06 -0.22 | -252.10
Bradley Vale 5565 285 | 0.05 17 14.54 068 |1 0.74 029 |0 0.04 -0.18 | 0 0.00 -0.04 | -130.60
Timothy Bell 5396 647 | 0.12 86 77.46 1.10 | 10 9.26 023 |1 1.11 -0.09 | 0 0.13 -0.33 | -199.30
Darryl McLellan 5394 689 | 0.13 103 87.88 1.85 |13 11.19 050 |0 1.42 -1.07 | O 0.18 -0.37 | -19.41
Ben Looker 5352 526 | 0.10 68 51.60 254 | 6 5.05 040 |1 0.49 066 |0 0.05 -0.20 | -170.75
Noel Callow 5337 943 | 0.18 174 166.44 0.71 | 36 29.35 114 | 8 5.17 1.07 |3 0.91 184 |-17.88
Brad Pengelly 5335 736 | 0.14 101 101.40 -0.05 | 12 13.95 -0.49 |0 1.92 -1.23 |0 0.26 -0.45 | -264.00
Roly Saxton 5174 504 | 0.10 49 49.00 0.00 |6 4.75 030 |1 0.46 033 |0 0.04 -0.07 | -177.70
Dale Missen 5135 715 0.14 113 99.42 158 | 15 13.81 030 (4 1.92 134 |1 0.27 1.25 | -199.75
Glyn Schofield 5084 664 | 0.13 82 86.59 -0.57 | 8 11.28 -091 |0 147 -1.07 | 0 0.19 -0.38 | -49.65
Nick Souquet 5058 728 |0.14 108 104.64 0.38 | 14 15.02 -025 |1 2.15 -0.69 | O 0.31 -0.48 | -267.26
Dean Tanti 4947 426 | 0.09 50 36.60 243 |9 3.14 312 |1 0.27 130 |0 0.02 -0.14 | -51.10
Trinity Bannon 4809 465 | 0.10 47 44.87 035 |4 4.32 -015 |0 0.42 -059 |0 0.04 -0.18 | -235.00
Ken Dunbar 4795 402 | 0.08 46 33.62 233 |8 2.81 293 |1 0.23 147 |0 0.02 -0.13 | -86.00
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Adrian Layt 4731 298 | 0.06 23 18.71 1.06 |0 1.17 -1.04 | 0 0.07 -0.26 | 0 0.00 -0.06 | -67.90
Anthony Cavallo 4699 390 | 0.08 28 32.29 -0.82 | 3 2.67 019 |1 0.22 154 |0 0.02 -0.13 | -225.67
Tegan Harrison 4678 466 | 0.10 48 46.32 0.27 | 4 4.60 -0.26 | 0 0.46 061 |0 0.04 -0.19 | -192.40
Kody Nestor 4652 564 | 0.12 74 68.26 0.79 |10 8.25 057 |1 1.00 0.00 |0 0.12 -0.30 | -203.50
Robbie Brewer 4497 365 |0.08 38 29.54 169 |5 2.39 160 |1 0.19 170 |0 0.02 -0.11 | -86.70
Sheree Drake 4480 340 |0.08 29 25.73 070 |0 1.94 -132 |0 0.15 -0.36 | 0 0.01 -0.10 | -139.80
Jeff Kehoe 4471 205 | 0.05 14 9.35 159 |0 0.42 -063 |0 0.02 -0.13 |0 0.00 -0.03 | -112.95
Geoffrey Snowden | 4465 352 | 0.08 29 27.67 0.27 |3 2.17 053 |0 0.17 -0.38 | O 0.01 -0.10 | -184.60
Joshua Parr 4462 655 | 0.15 112 96.00 192 | 25 14.05 273 |7 2.05 3.04 |2 0.30 2.71 | 40.95
Matthew Palmer 4447 385 | 0.09 38 33.24 090 |4 2.86 063 |0 0.25 -0.46 | O 0.02 -0.13 | -109.45
Blake Spriggs 4445 436 | 0.10 43 42.67 0.06 |5 4.17 038 |1 0.41 085 |0 0.04 -0.18 | -168.80
Jake Noonan 4417 421 | 0.10 40 40.03 -0.01 |4 3.80 010 |1 0.36 098 |0 0.03 -0.17 | -125.10
Terry Jones 4359 262 | 0.06 17 15.69 035 |1 0.94 0.06 |0 0.06 022 |0 0.00 -0.06 | -104.10
Garry Murphy 4240 406 | 0.10 50 38.78 200 |38 3.70 211 |1 0.35 1.00 (O 0.03 -0.17 | -60.35
Bryan Murphy 4179 306 | 0.07 26 22.33 084 |0 1.63 -1.21 |0 0.12 -0.32 |0 0.01 -0.09 | -135.30
Nathan Berry 4169 348 | 0.08 31 28.97 041 |2 2.40 -025 |0 0.20 -041 10 0.02 -0.11 | -90.50
Luke Rolls 4164 344 | 0.08 38 28.34 198 |6 2.33 228 |1 0.19 171 |0 0.02 -0.11 | -121.90
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Peter Wells 4155 375 |0.09 45 33.75 213 |7 3.03 215 |1 0.27 128 |0 0.02 -0.14 | -34.40
Skye Bogenhuber 4101 504 | 0.12 60 61.82 -0.26 | 7 7.57 -0.19 |1 0.93 0.07 |0 0.11 -0.30 | -240.65
Kevin Forrester 4067 368 | 0.09 41 33.21 149 |6 2.99 163 |1 0.27 128 |0 0.02 -0.14 | -58.25
Darren Jones 4004 482 | 0.12 68 57.90 151 |10 6.94 1.08 |0 0.83 -0.81 |0 0.10 -0.28 | -43.90
Chris O'Brien 3967 455 | 0.11 64 52.07 1.86 | 10 5.95 155 |2 0.68 145 |0 0.08 -0.25 | 7.70
Simon Miller 3929 359 | 0.09 37 32.71 083 |4 2.97 056 |0 0.27 -0.48 | 0 0.02 -0.14 | -174.30
Michael Squires 3911 307 | 0.08 24 24.02 0.00 |3 1.87 0.78 |2 0.15 452 |1 0.01 8.69 | -172.05
Cecily Eaton 3776 253 | 0.07 29 16.88 317 |3 1.12 169 |0 0.07 -0.25 | 0 0.00 -0.06 | -53.00
Michael Hackett 3712 247 | 0.07 19 16.37 070 |1 1.08 -0.07 | 0 0.07 025 |0 0.00 -0.06 | -153.40
Libby Hopwood 3675 324 | 0.09 39 28.48 216 |6 2.50 210 |1 0.22 155 |0 0.02 -0.12 | -87.90
Robyn Freeman-
Key 3664 373 ]0.10 40 37.87 039 |3 3.84 -0.40 | O 0.39 -0.56 | 0 0.04 -0.18 | -81.80
Stephen Treacy 3565 380 |0.11 61 40.40 3.63 | 10 4.28 259 |3 0.45 343 |0 0.05 -0.20 | 18.00
Allan Chau 3502 336 |0.10 37 32.14 095 |4 3.07 050 |0 0.29 -0.50 | 0 0.03 -0.15 | -93.70
Sam Clipperton 3439 355 ]0.10 44 36.54 138 |1 3.75 -133 |0 0.38 -0.56 | 0 0.04 -0.18 | -25.85
Jason Collett 3439 426 | 0.12 72 52.65 3.03 | 16 6.49 347 |1 0.80 020 |0 0.10 -0.28 | N/A
Jake Duffy 3436 294 | 0.09 26 25.07 020 |2 2.13 -0.08 | 0 0.18 039 |0 0.02 -0.11 | -104.90
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Joe Galea 3386 300 |0.09 29 26.49 053 |0 2.33 -1.44 1 0 0.20 041 |0 0.02 -0.12 | -88.05
Luke Cumberland | 3372 171 | 0.05 13 8.62 157 |1 0.43 083 |0 0.02 -0.14 |0 0.00 -0.01 | -45.60
James McDonald 3371 680 | 0.20 147 136.97 1.07 |41 27.56 239 |13 5.54 271 |4 111 2.27 |-20.51
Cameron Quilty 3265 174 | 0.05 8 9.22 -042 |1 0.49 071 |0 0.03 -0.15 | 0 0.00 -0.03 | -127.50
Cyril Small 3236 190 | 0.06 11 11.10 -0.03 |1 0.64 042 |0 0.04 019 |0 0.00 -0.04 | -131.85
William Pearson 3173 334 | 011 39 35.05 075 |5 3.67 065 |0 0.38 -1.00 | 0 0.04 -0.06 | -123.24
Lane Moloney 3122 261 | 0.08 24 21.74 053 |4 1.80 154 |0 0.15 -035 |0 0.01 -0.10 | -115.43
Priscilla Schmidt 3122 285 | 0.09 22 25.93 -085 |1 2.35 -083 |0 0.21 -042 1 0 0.02 -0.13 | -138.80
Anthony Allen 3054 313 |0.10 36 31.98 079 |5 3.26 091 |1 0.33 1.06 |0 0.03 -0.17 | -87.20
Jasen Watkins 3043 241 | 0.08 19 19.01 0.00 |1 1.49 -0.38 | 0 0.12 -0.32 | 0 0.01 -0.09 | -113.00
Jason Maskiell 3041 316 | 0.10 38 32.73 103 |6 3.38 134 |0 0.35 -053 | 0 0.04 -0.17 | -122.50
John Kissick 3029 374 |0.12 42 46.06 -0.68 | 2 5.66 -144 11 0.69 033 |0 0.08 -0.26 | -1156.30
Justin W Stanley 2983 236 | 0.08 20 18.59 035 |0 1.46 -1.14 | 0 0.11 -0.32 |0 0.01 -0.09 | -122.70
Daniel Ganderton 2967 297 | 0.10 24 29.63 -1.15 |1 2.95 -1.07 | 0 0.29 -0.50 | O 0.03 -0.16 | -93.80
Shaun Guymer 2948 211 | 0.07 16 15.03 0.27 |3 1.07 177 |0 0.08 -0.25 |0 0.01 -0.07 | -49.80
Patrick Murphy 2895 292 |0.10 26 29.35 -0.69 | 1 2.94 -1.06 | O 0.29 049 |0 0.03 -0.15 | -96.40
Joseph Azzopardi 2886 245 | 0.08 24 20.71 0.78 |4 1.74 161 |2 0.15 443 |0 0.01 -0.10 | -136.50
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Robert Agnew 2884 189 | 0.07 18 12.32 1.74 |4 0.80 341 |2 0.05 814 |0 0.00 -0.05 | -42.40
Mark Newnham 2815 328 |0.12 51 38.10 236 |10 441 249 |2 0.51 188 |1 0.06 3.43 | -119.84
Craig Franklin 2815 225 |0.08 23 17.90 1.30 |2 1.42 046 |0 0.11 0310 0.01 -0.09 | -78.45
Jamie Anstice 2800 264 | 0.09 25 24.80 0.04 |2 2.32 -0.20 | O 0.22 -042 1 0 0.02 -0.13 | -131.20
Scott Sheargold 2796 283 1 0.10 42 28.54 281 |7 2.87 231 |1 0.29 122 |0 0.03 -0.15 | -44.70
Josh Adams 2796 253 | 0.09 20 22.80 -0.65 | 0 2.05 -135 |0 0.18 039 |0 0.02 -0.11 | -110.60
George Scimone 2733 195 | 0.07 18 13.84 121 |4 0.98 291 |1 0.07 333 |0 0.00 -0.06 | -74.90
Michael Palmer 2668 196 | 0.07 22 14.33 219 |3 1.04 183 |0 0.08 -0.26 | O 0.01 -0.07 | -62.85
Marc Munday 2662 245 1 0.09 34 22.46 2.68 |7 2.05 3.27 |2 0.19 387 |0 0.02 -0.12 | 7.30
Alison Threadwell | 2654 190 | 0.07 19 13.53 160 |0 0.96 -093 |0 0.07 -0.24 |1 0 0.00 -0.07 | -69.30
Neil Paine 2628 237 1 0.09 21 21.28 -0.07 | 3 1.90 075 |0 0.17 -0.38 | O 0.02 -0.12 | -126.70
Tim Phillips 2621 359 |0.14 68 49.04 3.13 | 16 6.68 335 |5 0.91 3.79 |2 0.12 4.65 |-112.00
Lorna Cook 2612 212 1 0.08 18 17.13 023 |3 1.38 131 |1 0.11 249 |0 0.01 -0.09 | -69.00
Chad Schofield 2606 277 1011 38 29.34 1.79 |4 3.10 048 |0 0.33 -0.52 | 0 0.03 -0.17 | 44.10
Matthew McGuren | 2533 380 |0.15 73 56.86 252 |16 8.49 240 |5 1.26 293 |2 0.19 3.65 |-47.10
Serg Lisnyy 2483 172 | 0.07 21 11.85 286 |4 0.81 336 |0 0.06 022 |0 0.00 -0.06 | -10.20
Josh Cartwright 2477 255 1 0.10 31 26.15 106 |6 2.67 192 |0 0.27 -0.48 | 0 0.03 -0.15 | -71.05
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Belinda Hodder 2474 189 | 0.08 19 14.36 132 |1 1.09 -0.08 | 0 0.08 -0.27 | 0 0.01 -0.07 | -49.50
Danny Peisley 2460 254 1 0.10 31 26.12 1.07 |3 2.68 019 |0 0.27 -047 | 0 0.03 -0.15 | -79.05
Dar Lunn 2455 133 | 0.05 11 7.15 152 |0 0.38 -0.59 | 0 0.02 -0.14 |0 0.00 -0.03 | -83.60
Jess Taylor 2448 182 | 0.07 19 13.46 163 |4 0.99 288 |1 0.07 320 |0 0.01 -0.07 | -32.90
Mark Lister 2430 253 10.10 36 26.24 213 |5 2.71 131 |0 0.28 -0.48 | 0 0.03 -0.15 | -80.74
Robert Beattie 2404 167 | 0.07 14 11.53 078 |1 0.79 022 |0 0.05 022 |0 0.00 -0.06 | -97.25
Rachael Murray 2402 299 | 0.12 44 37.09 129 |6 4.59 062 |0 0.57 -0.68 | 0 0.07 -0.23 | 37.70
Adrian Robinson 2361 236 | 0.10 30 23.49 149 |4 2.33 103 |0 0.23 -0.44 1 0 0.02 -0.14 | -78.95
Adam Hyeronimus | 2349 303 |0.13 35 38.96 -0.73 | 8 4.99 126 |1 0.64 041 |0 0.08 -0.25 | -121.10
Ashley Butler 2317 295 |0.13 55 37.43 3.29 |16 4.74 484 |7 0.60 736 |3 0.08 9.39 | -17.00
Kacie Chater 2247 112 | 0.05 5 5.53 -0.24 | 0 0.27 -0.50 | 0 0.01 -0.11 | 0 0.00 -0.02 | -75.00
Kayla Nisbet 2245 200 | 0.09 16 17.73 -0.45 | 2 1.56 033 |1 0.14 213 |0 0.01 -0.10 | -95.90
James Geppert 2244 170 | 0.08 16 12.80 097 |0 0.96 093 |0 0.07 025 |0 0.01 -0.07 | -60.20
Jason Lee 2239 177 | 0.08 19 13.91 147 |0 1.09 -099 |0 0.08 -0.27 | 0 0.01 -0.08 | -90.52
Daniel Northey 2152 144 | 0.07 14 9.57 153 |4 0.63 4.04 |1 0.04 447 |0 0.00 -0.05 | -77.30
Daniel Edmonds 2128 158 | 0.07 15 11.66 1.06 |2 0.85 118 |0 0.06 024 |0 0.00 -0.06 | 16.60
Brent Evans 2039 295 |0.14 47 42.54 0.80 |12 6.12 222 |6 0.88 483 |3 0.13 7.10 | -30.10
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Wager

2BB 3BB 4BB 5BB Outcome

Strike t t t
Jockey Rides | Wins | Rate Actual | Expected | Stat | Actual | Expected | Stat | Actual | Expected | tstat | Actual | Expected | Stat | $
Shane Scriven 2037 367 |0.18 57 65.94 -1.34 | 6 11.82 -158 | 1 211 -0.66 | 0 0.38 -0.52 | -111.95
Alex Stokes 2028 158 | 0.08 11 12.23 -0.38 | 2 0.94 103 |0 0.07 025 |0 0.01 -0.07 | -79.50
Tiffany Jeffries 1991 126 | 0.06 17 7.91 345 |3 0.49 341 |1 0.03 522 |0 0.00 -0.04 | -47.00
Matthew Dracos 1924 150 | 0.08 23 11.62 3.60 |5 0.89 410 |1 0.07 328 |0 0.01 -0.07 | -22.00
Aaron Huke 1891 125 | 0.07 8 8.20 -0.07 | 1 0.53 061 |0 0.03 -0.17 |0 0.00 -0.04 | -69.15
Adam Gain 1866 206 |0.11 32 22.63 222 |2 2.48 -0.28 | 0 0.27 -047 1 0 0.03 -0.15 | 31.90
Pietro Romeo 1862 105 | 0.06 5 5.86 -0.38 | 0 0.32 -055 |0 0.02 -0.13 |0 0.00 -0.03 | -67.00
Amanda Masters 1843 136 | 0.07 9 9.96 -033 |0 0.72 -0.81 |0 0.05 -0.21 |0 0.00 -0.05 | -84.30
Ben Hull 1821 170 | 0.09 19 15.78 089 |1 1.46 -0.36 | 0 0.13 034 |0 0.01 -0.10 | -31.95
Taylor Lovelock-
Wiggins 1770 194 |0.11 21 21.15 -0.04 | 2 2.30 -0.18 | 0 0.25 -0.45 | 0 0.03 -0.15 | -82.60
Shaun Nolen 1734 187 |0.11 20 20.06 -0.01 |3 2.14 055 |0 0.23 -043 | 0 0.02 -0.14 | -31.95
Jamie Quinnell 1682 166 | 0.10 19 16.28 0.75 |3 1.59 105 |0 0.15 -0.36 | 0 0.01 -0.11 | -58.15
Ben Cornell 1663 304 |0.18 67 55.39 191 |16 10.06 1.75 | 4 1.82 139 |1 0.33 0.99 | -47.89
Shirley Hunter 1662 107 | 0.06 10 6.82 130 |1 0.43 083 |0 0.03 -0.15 | 0 0.00 -0.04 | -60.50
Rebecca Williams | 1646 144 | 0.09 9 1251 -1.09 |0 1.08 -098 |0 0.09 -0.28 | O 0.01 -0.08 | -63.60
Shane Moses 1639 105 | 0.06 6 6.66 -0.27 | 0 0.42 -0.62 | 0 0.03 015 |0 0.00 -0.04 | -55.10
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Wager

2BB 3BB 4BB 5BB Outcome
Strike t t t

Jockey Rides | Wins | Rate Actual | Expected | Stat | Actual | Expected | Stat | Actual | Expected | tstat | Actual | Expected | Stat | $

Jessie Whipp 1603 160 | 0.10 15 15.87 -0.24 | 2 1.57 033 |1 0.15 196 |0 0.01 -0.11 | -44.90
Samantha Clenton | 1596 217 ] 0.14 32 29.37 056 |4 3.96 0.02 |1 0.53 057 |0 0.07 -0.23 | -22.65
Emily Kehoe 1577 86 0.05 7 4.64 1.16 |0 0.25 -0.48 | 0 0.01 011 |0 0.00 -0.03 | -44.00
Vicky Milligan 1566 110 | 0.07 7 7.66 -025 |0 0.53 -0.69 |0 0.04 -0.18 | O 0.00 -0.05 | -30.60
Natalie Lye 1565 62 0.04 3 242 039 |0 0.09 -0.29 | 0 0.00 -0.06 | 0 0.00 -0.01 | -41.60
Jessica Drury 1554 164 | 0.11 21 17.20 1.02 |2 1.79 014 |0 0.19 -0.39 | 0 0.02 -0.12 | -46.66
Dallas Auckram 1547 107 | 0.07 14 7.33 266 |0 0.50 -0.67 |0 0.03 -0.17 | 0 0.00 -0.04 | -36.12
Yusuke Ichikawa 1530 116 | 0.08 9 8.72 0.10 | O 0.65 -0.77 |0 0.05 -0.20 | O 0.00 -0.05 | -44.45
Jessica Payne 1512 108 | 0.07 9 7.64 053 |1 0.54 0.60 |0 0.04 -0.18 | 0 0.00 -0.05 | -25.20
Jason Collins 1510 144 | 0.10 14 13.64 011 |1 1.28 -0.23 |0 0.12 -0.32 | 0 0.01 -0.10 | -17.00
Kayla McEwen 1457 102 | 0.07 9 7.07 078 |1 0.49 070 |0 0.03 -0.17 | 0 0.00 -0.05 | -37.70
Bradley Wallace 1452 152 | 0.10 19 15.81 0.89 |3 1.63 101 |0 0.17 -0.38 | 0 0.02 -0.12 | -54.80
Teresa Nikora 1434 94 0.07 5 6.10 -0.48 | 0 0.39 -0.60 | O 0.02 015 |0 0.00 -0.04 | -63.60
Stacey Rawiller 1421 101 | 0.07 8 7.11 036 |1 0.50 068 |0 0.03 -0.17 | 0 0.00 -0.04 | -46.60
Brett Poulus 1396 126 | 0.09 15 11.28 122 |0 1.00 -0.94 | 0 0.09 -0.27 | 0 0.01 -0.08 | -52.20
Patrick Keane 1390 119 | 0.09 11 10.10 031 |2 0.85 118 |1 0.07 320 |0 0.01 -0.07 | -56.40
Kasie Stanley 1377 107 | 0.08 5 8.24 -1.22 |0 0.63 -075 |0 0.05 -0.20 | O 0.00 -0.05 | -85.20
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2BB 3BB 4BB 5BB Outcome

Strike t t t
Jockey Rides | Wins | Rate Actual | Expected | Stat | Actual | Expected | Stat | Actual | Expected | tstat | Actual | Expected | Stat | $
Matthew Gray 1360 84 0.06 4 5.13 -0.26 | 0 0.31 -0.16 | 0 0.02 -0.02 |0 0.00 0.00 | -45.40
Kane Bradley 1358 93 0.07 8 6.30 073 |1 0.42 085 |0 0.03 -0.16 | 0 0.00 -0.04 | -34.40
David Pisani 1356 116 | 0.09 9 9.84 -0.29 | 0 0.83 -0.86 | 0 0.07 -0.24 |0 0.01 -0.07 | -28.70
Ben Vassallo 1354 107 | 0.08 5 8.38 -1.27 | 0 0.65 -0.76 | O 0.05 -0.21 |0 0.00 -0.06 | -92.60
Donald Barron 1353 113 | 0.08 8 9.35 -048 | 0 0.77 -0.82 | 0 0.06 023 |0 0.01 -0.06 | -52.20
Murray Lord 1306 36 0.03 2 0.96 1.08 |0 0.03 -0.15 | 0 0.00 -0.02 |0 0.00 0.00 | -23.90
Aaron Austin 1305 93 0.07 4 6.56 -1.07 | 0 0.46 -0.64 | 0 0.03 -0.17 | 0 0.00 -0.05 | -73.30
Sarah Gaffaney 1277 68 0.05 5 3.57 080 |1 0.18 182 |0 0.01 -0.09 | 0 0.00 -0.02 | -38.10
Shelley Walsh 1275 88 0.07 11 6.00 220 |0 0.41 -0.61 | 0 0.03 -0.16 | 0 0.00 -0.04 | -33.50
Wayne Wheatley 1262 127 | 0.10 22 12.68 291 |3 1.26 146 |1 0.12 226 |0 0.01 -0.10 | 6.00
Andrew Banks 1257 113 | 0.09 12 10.07 067 |1 0.89 011 (O 0.08 -0.26 | O 0.01 -0.08 | -33.10
Lisa Cropp (N2) 1229 105 | 0.09 15 8.89 224 |3 0.75 248 | 0 0.06 023 |0 0.01 -0.07 | 13.00
Brooke Timmis 1226 56 0.05 3 2.51 032 |0 0.11 032 |0 0.00 -0.07 | 0 0.00 -0.02 | -21.30
Gabrielle Coleman | 1212 63 0.05 5 3.22 104 |0 0.16 -0.39 |0 0.01 -0.08 | 0 0.00 -0.02 | -27.50
Bruce Powell 1205 68 0.06 3 3.78 -043 |0 0.21 -0.44 | 0 0.01 -0.10 | 0 0.00 -0.02 | -57.20
Andrew Stead 1202 106 | 0.09 9 9.26 -0.09 | 1 0.80 021 |0 0.07 -0.24 | 0 0.01 -0.07 | -23.70
Ashley Thompson | 1199 126 | 0.11 10 13.14 -0.96 | 2 1.36 051 |1 0.14 208 |0 0.01 -0.11 | -54.20
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2BB 3BB 4BB 5BB Outcome

Strike t t t
Jockey Rides | Wins | Rate Actual | Expected | Stat | Actual | Expected | Stat | Actual | Expected | tstat | Actual | Expected | Stat | $
Hari Singh 1163 65 0.06 2 3.58 -0.88 | 0 0.19 -0.43 |0 0.01 -0.10 | 0 0.00 -0.02 | -51.50
Jeremy Starr 1141 65 0.06 4 3.65 020 |0 0.20 -0.43 |0 0.01 -0.10 | 0 0.00 -0.03 | -51.20
Daniel Pitomac 1086 62 0.06 5 3.48 086 |0 0.19 -0.42 |0 0.01 -0.10 | 0 0.00 -0.03 | -12.70
Tim Mclintosh 1082 100 | 0.09 10 9.15 048 |0 0.83 -1.82 |0 0.07 -0.72 1 0 0.01 -0.28 | -23.30
Melissa Brown 1043 93 0.09 12 8.20 146 |2 0.72 143 |0 0.06 -0.23 |0 0.01 -0.07 | -20.00
Tasha Chambers 1026 143 | 0.14 19 19.79 -0.21 | 2 2.72 -041 |0 0.37 -054 |0 0.05 -0.20 | -68.50
David Sparks 1016 59 0.06 7 3.37 210 | O 0.19 -041 | 0 0.01 -0.10 | O 0.00 -0.02 | -15.10
Mitchell Wood 969 103 |0.11 12 10.84 039 |3 1.13 165 |1 0.12 235 |0 0.01 -0.10 | -37.50
Ben Moffat 935 79 0.08 11 6.59 188 |1 0.54 059 |0 0.04 -0.20 | 0 0.00 -0.06 | -10.50
Kacie Adams 932 118 | 0.13 26 14.81 332 | 8 1.85 420 |2 0.23 329 |0 0.03 -0.15 | -5.00
Nicholas Perrett 917 89 0.10 15 8.54 245 |1 0.81 020 |0 0.08 -0.25 | 0 0.01 -0.08 | 31.10
Codie McPherson | 911 60 0.07 2 3.89 -1.02 | 0 0.25 -0.48 | 0 0.02 012 |0 0.00 -0.03 | -47.20
Anna Hozack 904 84 0.09 7 7.71 -0.28 |1 0.70 034 |0 0.06 023 |0 0.01 -0.07 | -57.80
Samantha Munro 893 82 0.09 7 7.44 -0.18 | 2 0.67 153 |1 0.06 353 |0 0.01 -0.07 | -14.60
Jake Hull 885 108 | 0.12 15 13.06 061 |0 1.57 -1.17 | 0 0.19 039 |0 0.02 -0.13 | -30.60
Elizabeth
Weiszbach 872 31 0.04 2 1.07 094 |1 0.04 496 |0 0.00 -0.03 |0 0.00 -0.01 | -22.50
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2BB 3BB 4BB 5BB Outcome

Strike t t t
Jockey Rides | Wins | Rate Actual | Expected | Stat | Actual | Expected | Stat | Actual | Expected | tstat | Actual | Expected | Stat | $
Motoki Okada 855 56 0.07 2 3.60 -0.90 | 0 0.23 -0.45 | 0 0.01 011 |0 0.00 -0.03 | -36.00
Dean McWhinney | 826 65 0.08 7 5.04 095 |2 0.38 247 |1 0.03 528 |0 0.00 -0.04 | -17.00
Ashlee Beer 810 63 0.08 8 4.82 157 |0 0.36 -0.57 | 0 0.03 015 |0 0.00 -0.04 | -14.20
Troy Phillips 799 75 0.09 3 6.95 -165 |0 0.64 -075 |0 0.06 -0.22 |1 0 0.01 -0.06 | -58.60
Brett Fliedner 753 33 0.04 1 1.40 -0.36 | 0 0.06 -0.23 |0 0.00 -0.05 |0 0.00 -0.01 | -30.38
Cameron Lammas
(N2) 740 124 | 0.17 20 20.61 -0.16 | 5 3.40 081 |2 0.56 168 |1 0.09 259 | N/A
Neil Perryman 738 79 0.11 10 8.35 064 |2 0.87 113 |0 0.09 -0.27 | 0 0.01 -0.09 | -21.50
Terry Gillett 712 42 0.06 4 242 1.08 |0 0.14 -035 |0 0.01 -0.08 | 0 0.00 -0.02 | -22.00
Eleanor Webster-
Hawes 686 48 0.07 2 3.29 -0.76 | 0 0.22 -0.45 | 0 0.01 012 |0 0.00 -0.03 | -11.00
Andrew Woods 672 58 0.09 8 4.92 152 |2 0.41 235 |1 0.03 495 |0 0.00 -0.05 | 19.30
Annelise King 652 60 0.09 5 543 -0.20 | O 0.48 -0.66 | 0 0.04 -0.19 | 0 0.00 -0.06 | -34.00
Brian Wood 647 23 0.04 1 0.78 026 |0 0.03 -0.16 | O 0.00 -0.03 | 0 0.00 -0.01 | -15.00
Scott Hughes 587 27 0.05 2 1.20 077 |0 0.05 -0.22 | 0 0.00 -0.04 |0 0.00 -0.01 | -19.60
Paul Timbery 583 26 0.04 1 1.11 -0.11 (0 0.05 -0.21 |0 0.00 -0.04 | 0 0.00 -0.01 | -22.20
Simone
Montgomerie 579 67 0.12 9 7.64 056 |2 0.86 115 |0 0.10 -0.28 | O 0.01 -0.09 | -35.80
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2BB 3BB 4BB 5BB Outcome

Strike t t t
Jockey Rides | Wins | Rate Actual | Expected | Stat | Actual | Expected | Stat | Actual | Expected | tstat | Actual | Expected | Stat | $
Billy Owen 569 90 0.16 19 14.08 156 |6 2.18 241 |1 0.33 101 |0 0.05 -0.19 | -24.10
Malcolm Duce 551 30 0.05 3 1.58 120 |0 0.08 -0.27 | 0 0.00 -0.06 | 0 0.00 -0.01 | -22.30
Jonathan Riddell
(N2) 521 110 |0.21 27 23.01 1.05 |4 4.78 -033 |0 0.99 -0.84 | 0 0.20 -0.37 | N/A
Michael Fitzgerald | 503 36 0.07 2 2.50 -0.34 |0 0.17 -0.40 |0 0.01 -0.10 | O 0.00 -0.03 | -29.00
Jeff Lloyd 3180 539 | 0.17 100 91.2 312 | 24 15 213 |8 2.6 2.9 3 0.44 3.26

Note: Shaded t-stats are significant at least the 10% level
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Table A2. Sequential and Situation coefficients for all jockeys.
X2 =BAR; X3 = DIST; X4 = RWGT; X5 =RRAT,; X6 = RSR; X7 = RWIN; X8 = RATTIP; X9 = ERNTIP; X10 = SRTIP; X11 = WINTIP; X12 =

APR
Jockey Entry Ride Situational Variables
Number Jockey s | Wins Estimates with situational variables

52 & [ [ a [ &2 [ & A X2 | X3 | X4] X5] X6| X7 | X8| X9]| X0 X1l | Xi2
L AALLEN o874 | 297 | 002 | 048 005 | 003 | 051 006 | -0.03 | 476 | 514 | -031 | 001 | 002 | 049 | 017 | 015 | 011
2. ABOYD 671 43 -0.15 010 | 019 | 645 | 156 | 034 | -0.39 | 010 | 009 | 022 | 0.00 | 0.00
3 A BULLOCK 730 90 | 011 -0.08 | 0.04 022 | -007 | 200 | 422 | 140 | -0.07 | 002 | 025 | 0.16 | -0.35 | -0.35
4. ABUTLER 1368 | 171 | 020 | 0.76 | -1.01 | 0.22 | 043 | 1.19 | 018 | 024 | 007 | 140 | 541 | -0.01 | -0.25 | 005 | 017 | 030 | 022 | -0.22
5. A FANCOURT gas | 107 | 645 -0.37 | -6.81 025 | -0.24 | 345 | 200 | 034 | -002| 027 | 038 | -0.22 | 063 | 096
6. A HEARN 1043 | 114 | 538 -0.43 | -5.81 -001 | 035 | 439 | 494 | 035 | -021| 001| 014 | 012 | 1.00 | -1.36
7. A HERRMANN 2811 | 198 | 016 -0.06 | 0.10 -0.04 | 001 | 026 | 597 | 005 | 001 | 004 | 024| 007 | 021 | -0.03
8. AHYERONIMUS | 1474 | 200 | 052 | 003 -0.16 | 036 | 0.39 000 | 002 | 208 | 087 | -020| 023 | 022| 033 | 009 | -0.10 | -0.11
8. A MCCABE 1393 | 124 | 645 -0.15 | -6.60 004 | 002 | -090 | 444 | 015 | -0.07 | 001 | 016 | 008 | 019 | 0.0
10. A STOKES 1066 66 | -5.56 -0.15 | 5.71 008 | 017 | 541 | 565 | 052 | 016 | 010 | 001 | 031 | -0.26 | 0.7
1L ATHREADWELL | 1878 | 125 | -6.90 028 | -6.62 004 | 012 | 112 | 322 | -047 | 019 | 019 | 031 | -068 | 026 | 0.22
12 ALSHA s | e | 629 001 | -6.28 004 | 015 | 194 | 184 | 027 | -011 | 034 | 040 | 005 | -003| 013
13 Q"/ﬂ?ygg 053 60 -0.32 -018 | 028 | 431 | 253 | -066 | 011 | 012 | 063 | 057 | -026 | 022
14. B AINSWORTH 1077 95 | 641 0.00 | -6.42 015 | -0.19 | -0.62 | 1.36 | 054 | 0.74 | 044 | 049 | -0.02 | -0.28 | -1.18
15. B ALLEN 131 | 127 | 634 0.03 | -6.31 002 | -012 | -1.79 | 192 | -0.14 | -0.18 | 023 | 043 | 020 | 011 | 0.0
16. B AVDULLA 4262 | 539 | -0.09 | -0.14 0.00 | -0.09 | -0.22 000 | 009 | -0.05| 378 | 098 | -0.18 | 000 | 048 | 008 | 030 | 011
1. B EGAN 2023 | 159 | 040 | 5.41 016 | 055 | -4.86 013 | -0.09 | 457 | 398 | 084 | -041 | 012 | 022 | -002 | 022 | 0.0
18. B EVANS 777 | 104 | 027| 069 003 | 023 | 092 007 | 001 | 316 | 264 | -033 | 016 | 034 | 019 | 025 | 017 | -0.04
10. B GRYLLS 1081 92 | 010 003 | 013 009 | -0.32 | 435 | 401 | 027 | -042 | 0.00 | 030 | -0.01 | 006 | 0.0
20. B HODDER 1915 | 130 | 010 022 | 0.12 -0.09 | 001 | 167 | 488 | -001 | 006 | 015 | 031 | 065 | -0.09 | 001
21. B KENNEDY 1187 | 186 | 001 | 0.24 002 | 004 | 028 001 | 032 | 318 | 204 | 047 | 022 | 037 | 0.14 | -015 | 027 | 0.16
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22.

B KNOBEL ‘ 1630 ‘ 102 ‘ 0.15 ‘ ‘ ‘ 0.19 ‘ 034 ‘ ‘ 0.01 ‘ 0.18 ‘ -1.05 ‘ 3.62 ‘ -0.40 ‘ 0.17 ‘ 0.13 | 0.30 ‘ -0.08 ‘ 0.01 ‘ 0.24 ‘
23. B LOOKER 3183 | 306 | 018 | 015 022 | 004 | 019 001 | -006 | 308 | 697 | 009 | -0.04 | -0.01 | 027 | 025 | 0.19 | -0.04
24. B LOY 1615 | 166 | 018 | -7.00 012 | 029 | -6.71 005 | -002 | -2.30 | 233 | 000 | -0.25 | 018 | 039 | 008 | 0.17 | 002
25. B MERTENS 182 | 110 | 042 | 563 -018 | 024 | 539 011 | 000 | 032 | 112 | 000 | -0.09 | 017 | 023 | 034 | 000 | -0.01
26. B MUHCU 1486 | 147 | 060 | -5.94 -003 | 057 | -537 003 | 021 | 211 | 287 | 008 | 017 | 018 | 040 | 008 | -0.26 | 0.12
21. B PATERSON oaa1 | 219 | 031 -6.10 018 | 050 | -561 018 | 021 | 1.11 | 544 | 028 | 006 | -0.03 | 018 | -0.13 | -0.09 | 018
28. B RICHARDSON | 706 | 61| 630 -0.18 | -6.48 002 | -026 | 505 | 494 | 037 | 002 | -017 | 024 | -0.08 | 008 | 124
29. B SPRIGGS 2000 | 284 | 017 -0.08 | -0.25 011 | 006 | 392 | 452 | 114 [ -024 | 017 | 027 | 014 | 0.23 | -0.14
30. B THOMPSON 1455 | 128 | 641 -027 | -6.68 003 | -004 | 272 | 129 | -018 | -0.05 | 028 | 019 | 022 | 049 | 008
3L B WALLACE 61 | g2 | 044 0.14 | -0.29 012 | -010 | 165 | 662 | 043 | -0.15 | -0.06 | 036 | 0.10 | -0.12 | 0.75
32. BEAU APPO 2016 | 137 | 012 024 | 012 006 | 011 | 327 | 382 | 006 | 024 | 024 | 022 | 035 | 005 | -0.29
8. C HUNTER 6o | an | 064 033 | 097 011 | o008 | os2 | 02| 074 | 027 | 031 | 042 | 048 | 274 | 0.99
3. SSSEQSTON' g | 143 | 016 018 | 001 012 | 003 | -0.08 | 610 | -067 | 015 | 007 | 032 | 031 | -0.02 | 000
35. C MCCALLUM 1000 | 78| 447 -0.25 | -4.72 005 | 023 | 114 | 407 | 053 | 016 | 000 | 040 | -009 | 0.18 | 0.35
36. ¢ MCIVER 912 | 52| 578 -001 | -5.79 004 | -095 | -062 | 032 | 160 | -061 | -0.12 | 070 | -0.34 | 051 | 031
3r. ¢ PORTER 2730 | 268 | 047 | 055 -020 | 026 | 081 004 [ 021 | 1.33 | 359 | 049 | -0.08 | 016 | 014 | -0.04 | 017 | 006
38. C SCHMIDT 2316 | 241 | 026 -0.14 | -0.39 003 | -021 | 359 | 681 | -024 | 008 | -0.01 | 006 | 020 | 007 | 000
39. C SCHOFIELD 2503 | 266 | -017 | -5.68 047 | 000 | -5.69 001 | 014 | 093 | 249 | 041 | -0.18 | 001 | 027 | 013 | 019 | -0.11
40. SV\E’QL\‘ DER ocs | ea | 636 021 | -6.57 001 | -020 | 150 | 229 | 004 | -0.13 | 018 | 044 | 047 | -0.01 | 001
4L . 4075 | 530 | 016 | 019 | -7.84 | 002 | 019 | 038 | -7.46 | 006 | -0.06 | -165 | 1.10 | 007 | -0.14 | 025 | 032 | 015 | 020 | -0.15
42. D NORTHEY 133 | 70| L0t 022 | 079 012 | -021 | 437 | 652 | -012 | 046 | 011 | -004 | 073 | -0.07 | -0.33
43. D PISANI 1023 | 81| 615 0.05 | -6.10 009 | -0.04 | -0.44 | 431 | -055 | 006 | 013 | 034 | -0.05 | 030 | 0.14
44. D STACKHOUSE | 3673 | 412 | -0.14 | 057 018 | 005 | 061 006 | 002 | 041 | 464 | 017 | -0.06 | -0.03 | 022 | 016 | -0.02 | 001
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45,

D THORNTON 3089 | 261 | 029 -024 | 005 008 | 009 | 292 | 552 | -058 | -0.03 | -0.11 | 022 | 033 | 0.12 | -0.04
46. E COCKRAM 0218 | 121 | 049 0.07 | 056 000 | 018 | 488 | 7.56 | 006 | 001 | 005 | 008 | 053 | 045 | 017
47, E LIUNG 978 | 115 | -6.69 0.15 | -6.54 005 | -007 | -0.37 | 183 | -022 | 048 | 028 | 054 | -0.11 | 014 | -155
48. FBERGSTRAND | 916 | 142 [ -0:89 012 | -0.77 010 | 001 | 290 | 193 | -064 | 038 | 021 | 020 | 008 | 000 | 027
49. G GOOLD 1742 | 181 | -064 | 115 0.24 | -040 | 0.75 032 | -002 | 453 | 143 | 028 | 004 | 019 | 026 | 014 | 011 | 009
50. H COFFEY 2720 | 254 | 0.6 0.00 | -0.16 010 | 017 | 243 | 308 | -012 | 023 | 017 | 020 | 008 | -0.16 | 014
5L H DIENER 638 | 43| 451 0.15 | -4.36 028 | 010 | 155 | 210 | -055 | 000 | 031 | 029 | -0.19 | 012 | -0.12
52. | GUNDOGDU 2018 | 212 | 059 | -7.32 000 | 058 | -6.74 -001 | 008 | -1.33 | -0.35 | 061 | 002 | 057 | 028 | -0.12 | 0.10 | -0.02
5. | TOKER 1160 | 137 | 019 | -7.08 003 | 022 | -6.86 010 | -049 | 157 | 140 | -042 | 002 | 026 | 037 | 042 | 015 | 007
4. J ADAMS 1237 | 105 | 473 002 | -472 008 | -0.13 | 049 | 302 | 001 | 006 | 040 | 015 | -0.10 | 027 | 0.09
55. JBAYLISS 688 | 54| 637 -0.11 | -6.48 001 | 002 | 439 | 082 019 | 063 | 026 | 036 | -058 | 1.32 | -0.54
56. J BERIMAN 2225 | 240 | 008 | -6.97 010 | 019 | -6.78 000 | 007 | 155 | 304 | 016 | -0.07 | 016 | 037 | 008 | 0.21 | -0.01
57. JCARTWRIGHT | 2371 | 243 | 060 | -7.33 002 | 063 | -6.70 003 | -022 | -0.07 | 220 | -009 | 028 | 023 | 027 | -0.04 | -0.07 | -0.06
o8, J CASEY 1390 | 137 | 057 -024 | 033 015 | -004 | 182 | 523 | -030 | 006 | 011 | 030 | -0.01 | -0.55 | 0.00
59. JCOLLETT 315 | 378 | 082 | -0.33 013 | 045 | 0.12 004 | -018 | -0.10 | 429 | -054 | 023 | 010 | 027 | 006 | 0.18 | 028
60. JCOLLINS ga | 67| 013 010 | 022 029 | 049 | 816 | 508 | -040 | -0.44 | -0.04 | 021 | 010 | 084 | 000
61. JDRURY 569 | 60 | 021 0.17 | -0.05 006 | -033 | 610 | 283 | 113 | -020 | 001 | 038 | -043 | 043 | 019
62. J DUFFY 2885 | a4 | -0.63 0.05 | -0.58 012 | -018 | 170 | 394 | -065 | 015 | 018 | 022 | 027 | 020 | 019
63. JERY 3542 | g5 | 009 -008 | 0.02 009 | -007 | 186 | 431 | 000 | 012 | 002 | 022 | 027 | 003 | -011
64. J GEPPERT 939 | a3 | 673 0.44 | -6.28 023 | -005 | -2.37 | 538 | -041 | 048 | -0.02 | 036 | 028 | -0.56 | -0.11
65. 7K JOHNSON 1005 | 108 | 017 -028 | -0.12 013 | 012 | 270 | 762 | 036 | -0.52 | 001 | 027 | 011 | 032 | 045
66. JKAH o718 | 404 | 015 | -0.35 -007 | 007 | -0.28 016 | -010 | 304 | 339 | 008 | 011 | 000 | 020 | 030 | 002 | 003
67. JKISSICK 588 | 304 | 011 -0.14 | -0.25 001 | 024 | 021 | 512 | 022 | -041| 001 | 0382 | 017 | 017 | 000
68. 1 KROPP 507 | 34 -0.10 014 | 068 | 673 | 812 | 023 | 004 | -023 | 004 | 026 | 084 | -0.15
69. JLETHERBY 662 | 52 -0.49 018 | 019 | 282 | 293 | 068 | 031 | 029 | 006 | 009 | -0.12 | 029
70. IMALLYON 1635 | 99 | 144 -0.35 | 1.09 002 | 017 | 742 | 408 | -016 | 011 | 024 | 032 | 116 | 037 | 017
. IMASKIELL 958 | 109 | 021 -042 | -0.21 003 | -015 | 099 | 295 | -069 | 025| 013 | 032 | 025 | -0.23 | 021
2. I MATTHEWS 955 | gs | 032 0.23 | -0.09 001 | 000 | 378 | 290 | -002 | 067 | 027 | 006 | -0.05 | -0.89 | -0.05
7. J MCDONALD 538 | 74| 0.18 -0.06 | 0.12 002 | -046 | 225 | 407 | 016 | 002 | 002 | 013 | 022 | 031 | -0.07
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74.

I MCNEIL 3102 | 275 | 023 018 | 005 010 | -005 | 202 | 445] 026 | 003 | 0.05] 026 -0.11 | 021 000
75, 1 NOONAN a3 | 318 | 009 | 069 013 | 004 | 065 004 | 018 | -202 | 452 | 020 | 003 | 005 ] 015 | 017 | 029 | o000
76. 1 ORMAN 2005 | 202 | 032 | -6.33 001 | 031 | -6.02 004 | 006 | 025 | 395 | 007 | 014 009 | 037 000 -015| 006
77, JPAYNE 1302 | 94| 027 0.09 | 036 009 | -026 | 492 | 483 001 | 000 000 000 000 000/ 000
8. LPRACEY was | 10| 006 007 | 001 003 | 025 | 387 | 634 | -018 | 017 | 001 | 027 | 024 | 049 | 000
79. JRULE 2077 | 164 | 05| 030 030 | 015 | 045 004 | 022 192 | 537 | 070 o019 | -008 | 033 | 031 016 | 010
80. JTOEROEK oagl | 237 | 012 | -436 013 | 001 | -435 009 | 003 | 172 | 273 | 033 | 024 | 015] 031 | 037 o010 011
81. JTURNER 5o | 139 | 034 006 | 028 011 | 003 | 200 | 414 025 | 015 | 005 | 026 -007 | 014 | 000
82. JACK HILL a6 | 208 | -0.05 0.03 | -0.03 008 | 002 | 324| 284| 024 | 012 009 | 028 000 003/ -005
83. JARRAD NOSKE | 3387 | 331 | 001 | 507 025 | 023 | -484 007 | 005 | -051 | 283 | 004 | 008 | 023 ] 014 | 012 | 020 o002
84. JERRY NOSKE | 2340 | 206 | 030 | 022 010 | 020 | 042 007 | 001 | 320 | 689 | -034 | 009 | 0.04| 010 046 -002]| 010
8. RN par1 | 174 | 040 | -684 041 | 050 | -6.34 011 | 010 | 208 | 332 | 014 | 010 | 039 | 027 | 021 | 045 | -0.00
86. JORDAN FREW | 1055 | 103 | 019 | 031 010 | 030 | o061 003 | 019 | 215 | 542 | 036 | 011 | 010 | 006 | 022 | 034 ] -005
87. K BISHOP 2035 | 145 | 0.6 001 | 017 018 | 030 | 204 | 625| 001 | 006 | 004 | 020 | 081 000/ 000
8s. K BOHORUN 3 | ea| 640 039 | 679 004 | 012 | 153 | 258 | 040 | -024 | 0.02 | 038 -009 | -0.04 | 016
89. K CONNOR 60 | 104 | 034 069 009 | 042 | 027 018 | 002 | 067 | 274 | 003 | 036 | 018 | 033 011 -022 | 049
90. K CROSS esr | gs | 012 001 | 0.12 004 | 032 | 305 | 452 075 | 060 | 019 | 023 030 | -013| 016
91. K FURNESS 200 | 65| 626 035 | 591 004 | 067 | -024 | 162 | 066 | 003 | 010 | 066 | 020 | 086 | -1.10
92. K JENNINGS 71 | 141 | 012 o080 004 | 016 | 096 002 | 023 ] -013| 265] 001 | 039 010 022 013 | 035 -043
9. K MALLYON 2310 | 208 | 051 0.02 | -0.49 005 | 010 | 121 | 396 | 025 | 010 011 | 023 | 032 001 | 006
94. K MANOUKIAN | 520 | 50| -6.46 031 | 676 011 | 004 | 127 | -111| 034 | 073 | 045| 036 | 018 | 038 | 272
9. KMATHESON | 1311 | 150 | 031 020 | 011 021 | -023 | 194 | 586 | -008 | -016 | 001 | 024 017 039 o013
96. K NISBET ooa6 | 182 | 039 011 | 028 007 | 012 | 152 | 552 | -017 | 010 -008 | 021 -002 | -013 | -0.26
97. K STANLEY 1201 | 100 | 625 0.01 | -6.24 021 | 017 | 625 | 116 | 076 | 048 | 015 | 040 | 033 | 044 | 054
98. K YUILL 3108 | 205 | 016 | -6.61 005 | 011 | -651 004 | 009 | -036 | 58| 033 | -007| 008 | 02| 007 012 006
99. L DITTMAN 276 | 101 | 086 0.09 | 077 016 | 011 ] -025 | 609 | 024 | 013 | 012 | 036 | 006 | 029 | 014
100. L GRACE 1506 | 150 | 021 | 088 021 | 000 | o087 001 | 000 | 193 | 419 | 021 | 018 | 014 | 028 | 024 014 | -070
101. L HOPWOOD 1877 | 10| 075 015 005 | 080 095 029 | 012 ] 315 | 458 | 149 | 014 | 014 | 028 -007 | 018 025
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102.

L LONDREGAN g13| 1| 679 017 | -6.61 020 | 022 | 279 | 378 | -005| 006 | 017 | 032 | 017 | 0.62 | -0.06
103. L ROLLS 2600 | 197 | 034 | 026 011 | 045 | 0.71 019 | -018 | 201 | 361 | 057 | -0.10 | 016 | 012 | -0.29 | 0.21 | -0.31
104. LsTolakovic | 1631 | oo | -6:44 -0.03 | -6.47 006 | -0.27 | -1.86 | 404 | -072 | 004 | 008 | 056 | 1.74 | -007 | 0.26
105. L TARRANT 1784 | 237 | 019 | -6.66 002 | 017 | -6.49 020 | 017 | 365 | 508 | 015 | -0.09 | 009 | 042 | 024 | 023 | 000
106. L TILLEY 669 | 76| 677 0.06 | -6.71 020 | 017 | -1.34 | 165 | 013 | 05| 010 | 045 | -0.17 | 0.21 | 021
107. L WARWICK 1567 | o258 | 017 | -0.48 004 | 021 | -0.28 021 | -007 | 012 | 566 | -013 | 022 | 004 | 039 | 014 | -0.03 | 019
108. L WRAY s10| 70| 559 0.00 | -5.59 005 | 025 | 216 | 599 | -032 | -0.38 | 008 | 019 | 014 | 020 | -0.12
109. M BROWN 615 | 40| 027 015 | 043 001 | 015 | 456 | 629 | -039 | 014 | 000 | 013 | 041 | 059 | 000
110. M CHUI 635 | 54| 051 0.00 | 051 012 | -044 | -0.64 | 399 | 005 | 020 | -0.03 | 052 | -0.15 | 0.22 | -0.04
111. M DEE 1280 | 123 | 054 -0.22 | 031 014 | 025 | -0.69 | 506 | -008 | 022 | 006 | 025 | -007 | 043 | 000
112. M GRANTHAM 705 | g2 | -0.01 -0.19 | -0.20 003 | -006 | 235 | 317 | 008 | 030 | 007 | 027 | 037 | -0.61 | 0.00
113. M HELLYER 4073 | 265 | 030 000 | 031 007 | 020 | 346 | 370 | 031 | 013 | 001 | 028 | 052 | 008 | -0.04
114. M MCGUREN 2369 | 361 | -001| 037 | 022 | 016 | 015 | 052 | 0.74 | 012 | 014 | 317 | 384 | -0.24 | 014 | 005 | 026 | 0.11 | 005 | -0.02
115. M MCKENZIE 500 | 59| 6.78 0.01 | -6.77 003 | 017 | 318 | 175 | -004 | 052 | 030 | 044 | 011 | 110 | -0.71
116. M OBRIEN 755 | a3 | 5.96 0.03 | -5.94 020 | 020 | 846 | 073 | -052 | 067 | 0.64 | 031 | 006 | -0.18 | 001
1. M PATEMAN 1822 | 200 | 024 038 -007 | 018 | 056 -004 | 021 | -0.14 | 497 | -001 | 013 | 005 | 016 | 011 | 024 | 004
118. M TYNDALL 152 | 95| 015| 058 033 | 048 | 106 000 | 005| 007 | 169 | 041 | 019 | 021 | 034 | 032 | 006 | -0.04
119. M VANCE g9 | 81| 556 0.00 | -5.56 020 | -026 | 402 | 404 | 115 | 013 | -0.08 | 036 | -0.63 | 048 | 032
120. MITCHELL BELL | 3147 | 403 | 023 | -6.40 0.00 | -024 | -6.63 010 | -012 | 313 | 261 | 077 | -0.14 | 024 | 033 | -001 | 0.20 | 0.00
121. N BERRY o145 | 174 | 027 0.04 | 030 017 | 004 | -153 | 259 | -065 | 050 | 0.11 | 040 | 058 | 005 | 0.10
122. N FAITHFULL 2305 | 219 | 029 | -6.26 -002 | 027 | -5.99 -007 | -004 | 073 | 502 | -012 | 020 | -002 | 033 | 002 | 007 | 020
123. N ROSE 1307 | 92| 620 001 | -6.19 -0.08 | -068 | -2.56 | 478 | -047 | 020 | 008 | 050 | 0.25 | -0.07 | 023
124. N YAMADA 726 | 55| 667 -0.13 | -6.80 001 | -057 | -0.86 | 139 | -020 | -0.26 | 0.24 | 067 | 040 | -0.45 | 007
125. P KEANE 1113 |  oa | 619 -0.14 | -6.33 032 | -010 | 112 | 392 | -041 | 039 | 020 | 032 | -001 | 007 | 022
126. P MOLONEY 2613 | 277 | 024 | 067 014 | -0.10 | 057 011 | -014 | 205 | 457 | 004 | 010 | 008 | 025 | 014 | -0.11 | 008
121. P ROMEO 1219 | 57| 529 0.38 | -491 0.00 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000
128. P SCHMIDT 2733 | 247 | 6.26 -0.16 | -6.42 001 | -009 | 345 | 222 | -010 | 000 | 021 030 | 023| 011 | 186
128. R BAYLISS 1898 | 214 | 009 | -7.28 -0.06 | 0.03 | -7.26 014 | 013 | 045 | 493 | 004 | 023 | 019 | 031 | -0.12 | 036 | 294
130. R CROSS 621 | a0 | -001 011 | 013 010 | 023 | 231 | 085 | -102 | 117 | 003 | 062 | 022 | 084 | 0.00
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131.

R HILL 2067 | 234 | 030 001 | -031 012 | 008 | 512 | 345 | -017 [ -005 | 010 | 036 | 016 | 031 | 0.02
132. R HURDLE 1406 | 143 | 047 004 | 044 003 | 012 | 370 | 357 | -038 | 012 | 032 | 005| 012 | -0.07 | 0.09
133. R HUTCHINGS si0 | 70| 062 -052 | 0.10 012 | 030 | 146 | 451 | 047 | -045 | 016 | 042 | 027 | -0.13 | 034
134. R JAMIESON 1542 | 121 | 009 -0.10 | -0.01 0.09 | 006 | 443 | 361 | -009 | 011 | 010 | 033 | -0.80 | 041 | 0.00
135. R MURRAY 2095 | 237 | 011 | -6.68 001 | 0.12 | -6.56 008 | -011 | -1.02 | 150 | 053 | 0.12 | 021 | 051 | -0.04 | 002 | -0.09
136. R PAYNE 959 | 65| 638 028 | -6.66 005 | 023 | 407 | 519 | 145 [ -009 | 010 | 024 | 088 | -0.17 | 3.66
137. R VIGAR 813 | 122 | 027 | 0.19 014 | 013 | 032 035 | 045 | 161 | 389 | 002 | 042 | 009 | 038 | 000 | -0.05 | 005
138. R YETIMOVA 1286 | 87| 580 0.02 | 5.78 009 | 008 | 176 | 319 | 074 | -055 | 0.04 | 039 | -0.17 | 040 | 029
139. S ALTIERI 706 | 59| 124 -064 | 060 022 | 019 | 016 | 592 | 021 | -019 | -019 | 065 | -0.67 | 0.24 | -0.37
140. SBOGENHUBER | 2543 | 343 | 058 | -0.19 -019 | 040 | 021 008 | 017 | 7.26 | 506 | -021 | 002 | 004 | 008 | 024 | 035 | 008
141. S CARR 2026 | 229 | -0.76 0.15 | -0.62 004 | 0.09 | 275 | 378 | -002 | 0.09 | 014 | 024 | 008 | 036 | -0.02
142. S CLENTON 1566 | 212 | -016 | 076 0.08 | 0.09 | 0.68 009 | 014 | 469 | 414 | -002 | 022 | 010 | 021 | 017 | 049 | 0.00
143. SCLIPPERTON | 3341 | 347 | 0.9 0.08 | 0.7 004 | 012 | 192 | 249 | 044 | 013 | 016 | 035 | 012 | 033 | 0.02
144. S FAWKE 1558 | 119 | 042 -013 | 0.29 007 | -018 | 284 | 213 | -015 | 041 | 036 | 031 | 055 | -0.76 | 0.00
145. S GUYMER o544 | 178 | 071 | -7.40 002 | 073 | -6.66 009 | 010 | -1.67 | 124 | 070 | 013 | 000 | 000 | 000 | 000 | 0.00
146. S LISNYY oaa5 | 168 | 054 | -7.22 0.25 | 0.79 | -6.44 003 | 018 | 140 | 683 | 006 | -045 | -017 | 037 | -0.83 | 0.63 | 0.02
147. SPAYNE 1004 | 104 | 633 -0.29 | -6.62 017 | 007 | 344 | 740 | 010 | 059 | 0.23 | 045 | 008 | 022 | 043
148. S WESTOVER 1251 | 135 | -0.04 020 | -024 003 | 007 | 222 | 298| 006 | 019 | 010 | 028 | 013 | 014 | -0.11
149. S WISEMAN 209 | 90| 007 | 155 020 | -0.13 | 142 003 | -027 | 659 | 110 | -024 | 018 | 023 | 029 | 021 | 029 | 023
150. S YOUNG 1090 | 105 | 100 -036 | 0.65 001 | -019 | 267 | 435 -045| 003 | 011 | 044 | -0.03 | 006 | 003
151. SHANE ARNOLD | 745 | 56| -6.60 0.14 | -6.46 009 | 012 | 339 | 533 | -112| 056 | 011 | 019 | 019 | 023 | 0.25
152. TBELL 3794 | 459 | -0.04 | -0.12 0.00 | -0.04 | -0.16 008 | -007 | 415 | 343 | 026 | 016 | 012 | 028 | 0.10 | -0.16 | 001
153. T BERRY 4133 | 516 | 051 | -048 | 090 | -0.03| 048 | 000 | 091 | 013 | 004 | -115 | 289 | 060 | -0.20 | 006 | 029 | 012 | 002 | -0.29
154. T HARRISON 4518 | 445 | 031 | -6.41 0.02 | -029 | -6.70 011 | -013 | 224 | 402 | 038 | -011| 010 | 022 | 011 | 018 | 003
155. T JEFFRIES 954 | 43 -0.10 001 | 048 | 916 | 377 | -067 | 013 | -0.01 | 030 | 093 | -0.03 | 0.02
156. ek o6 | 0| 429 0.26 | -4.56 010 | 027 | 247 | 641 | -051 | 037 | -0.14 | 003 | 029 | -039 | 015
157. T NEVE 583 35 | -6.24 035 | -5.89 -0.20 | -0.07 | 024 | 367 | 092 | 045 | -015 | 053 | 058 | -0.17 | 042
158. T O'DONNELL 22 | 36 -0.05 020 | 035 | 415 | 496 | -0.36 | 034 | 000 | 000 | 000 | 000 | 0.00
159. T RODDER 1006 | 78| 004 0.26 | 030 025 | -044 | 495 | 425 | -113 | 012 | 002 | 020 | 033 | 020 | 030
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160.

T SADLER 1657 | 172 | 013 000 | 013 009 | -008 | 128 | 333 | 042 | 008 | 021 | 020 | 003 | -0.20 | 006
161. T WOLFGRAM 1491 | 184 | 020 | -0.30 022 | 032 | 002 019 | -034 | 305 | 235 | 016 | 017 | 012 | 028 | -0.11 | 034 | 000
162. \B{OLOZHINSKYI 1m0 | gg | 666 0.14 | -652 002 | 008 | 020 | 215 | 016 | -0.30 | 036 | 042 | 002 | 069 | -211
163. W COSTIN 2666 | 257 | -015 | 004 038 | 024 | 0.28 011 | 012 | 211 | 607 | -042 | 015 | 002 | 022 | 018 | 020 | 024
164. 2 SPAIN 1359 | 115 | -6.66 -0.02 | -6.68 008 | -006 | 1.13| 132 |-036 | 013 | 028 | 015 | 012 | 013 | -1.84
165. A ADKINS 1501 | 141 | -5:66 0.14 | 552 002 | 022 | 323 | 453 | 038 | 020 | 004 | 021 | 012 | 047
166. A BEST g79 | g7 | 042| 125 011 | 031 | 157 006 | -011 | 310 | 498 | 028 | 007 | -0.09 | 016 | 007 | -0.04
167. ABLOOMFIELD | 1319 | 99 | 0.16 0.04 | 020 -0.03 | -008 | 857 | 178 | 052 | 010 | 021 | 033 | 023 | -0.08
168. A CAVALLO 2605 | 221 | 014 -021 | -0.35 004 | 001 | 195 | 523 | -001 | 005 | -002 | 020 | 030 | 020
169. A CHAU 1460 | 126 | 0.29 -015 | 0.14 015 | -005 | 085 | 7.57 | 041 | 030 | -0.25 | 052 | 012 | -0.17
170. A COOME 2361 | 471 | 039 | 0.64 017 | 022 | 086 030 | 007 | 362 | 461 | -011 | 004 | 005 | 015 | -0.05 | -0.07
171. A DARMANIN 2542 | 310 | 017 | -6.74 0.00 | -0.17 | -6.91 006 | 002 |-1.82 | 201 | 057 | 0.22 | 029 | 036 | 016 | 0.20
172. A GIBBONS 3714 | 351 | 074 | -0.65 002 | 072 | 007 -007 | 005 | 080 | 377 | 053 | -0.18 | 026 | 032 | -0.08 | 022
173. AHOLT 559 | 95 | 0.27 | -6.46 0.26 | -0.01 | -6.47 013 | -024 | 148 | 257 | -082 | 039 | 005 | 054 | 038 | -0.08
174. A KENNEDY g7 | 67| 522 -0.09 | -5.32 -0.17 | 003 | 415 | 485 | 030 | -006 | 007 | 018 | 0.9 | -0.18
1. ALAYT 1777 | 117 | 665 031 | -6.34 007 | 000 | -1.61 | 408 | 089 | -008 | 009 | 035 | 032 | 021
176. A LYNCH 200 | g5 | 041 011 | 053 017 | -009 | 1.83 | 645 | -014 | 027 | 014 | 015 | 0.16 | -0.14
17t AMALLYON 3003 | 390 | 023 | 042 001 | 022 | 020 007 | 0.03 | 316 | 173 | 008 | -0.02 | 025 | 043 | 023 | 013
178. AMITCHELL 1438 | 132 | 024 0.22 | -0.02 021 | -016 | 247 | 360 | 038 | 043 | -0.05 | 026 | -0.37 | 0.7
173. A PATTERSON 9346 | 241 | 014 | 083 -0.07 | 020 | 062 013 | 009 | -0.72 | 507 | 071 | -034 | 008 | 026 | 010 | 0.24
180. APATTILLO 145 | 167 | 074 0.23 | -051 003 | 031 | 418 | 293 | 027 | 003 | 029 | 025 | 013 | 0.5
181. A SEWELL 92 | 67| -6.00 021 | -6.21 002 | -016 | 449 | 954 | 094 | -0.89 | -0.01 | 014 | -0.10 | 057
182 i oiss | 166 | 584 0.03 | -5.87 010 | -0.13 | 1.60 | 486 | -0.33 | 036 | 008 | 031 | -0.16 | -0.06
183. B CLARIDGE 1237 | 126 | 037 014 | -0.23 013 | 003 | 127 | 365 | -022 | -0.08 | 014 | 017 | 027 | 014
184, B DAVIS 928 | 197 | 053 | -0.47 023 | 030 | -0.17 014 | 037 | 526 | 359 | 012 | -0.07 | 0.26 | 033 | 024 | 020
185. B HIGGINS o431 | 101 | 022 | -5.36 022 | 044 | -4.93 007 | -047 | 341 | 475 | 001 | 022 | -001 | 029 | 022 | 000
186. B HUPPATZ a2 | s | 062 011 | 073 022 | -034 | 367 | 344 | -076 | 051 | 032 019 | 022 | -0.02
187. B MCCOULL 1809 | 403 | 0.25 0.08 | -0.17 005 | -037 | -0.23 | 563 | -024 | -0.02 | 0.00 | 000 | 000 | 0.00
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188.

BMCDOUGALL | 620 | 8| 020 -0.07 | -0.26 011 | -001 | 222 | 684 | -026 | 020 | 013 | 034 | -0.03 | 033
189. B MELHAM ooa5 | 421 | 019 | 093 | 044 | 002 | 021 | 072 | 028 | 009 | 000 | -0.95| 316 | -0.30 | -0.11 | 024 | 014 | 018 | 021
190. B MURPHY gas | a4 -0.63 015 | 031 | 328 | 642 | 017 | 047 | -0.04 | 046 | 0.06 | -0.02
19L. B PARK 580 | a2 | 033 0.04 | 037 020 | 000 | 259 | 090 |-078 | 1.09 | 022 | 009 | 034 | -0.27
192. B PARNHAM 3118 | oaq | 434 -011 | -4.44 009 | 007 | 101 | 087 | -021 | -0.05 | 049 | 034 | 009 | 039
193. B PENGELLY 817 | s | 029 -0.05 | -0.34 005 | -011 | 527 | 081 | -003 | -0.12 | 052 | 043 | 031 | 0.23
104. B RYAN 606 | 61| 673 -0.10 | -6.82 002 | 033 | 338 | 286 | -0.10 | 0.16 | -004 | 035 | -0.16 | 0.09
195. B SHINN 3468 | 564 | 063 |-012 | -591| 005| 068 | 057 | -535 [ 042 | -007 | -065 | 240 | 050 | 0.15 | 0.2 | 0.26 | -0.07 | 0.10
196. B STEWART 1082 | 277 | -045| 134 | 032 | 007 | -052 | 083 | 051 | 004 | -008| 143 | 375 | 036 | 003 | 021 | 019 | -004 | 0.27
197. B STOCKDALE 919 | g2 | 633 0.17 | -6.16 008 | 019 | 432 | 276 | -017 | 106 | 040 | 003 | 021 | -0.20
198. B STOWER 1203 | 132 | 614 -0.04 | -6.18 005 | -021 | 361 | 473 | 032 | -003 | 016 | 034 | 036 | 0.38
199. B THORNTON gs7 | g3 | 033 052 038 | 070 | 1.23 016 | 0.10 | 478 | 480 | -065 | 085 | 001 | 041 | 020 | 0.28
200. B WARD 3750 | 503 | 057 | 0.18 | -584 | -0.08 | 049 | 031 | -553 | 008 | -0.14 | 216 | 3.39 | -009 | 007 | 013 | 032 | 046 | -0.03
201. B WERNER 628 | 63| 670 -0.08 | -6.78 009 | 014 | 453 | 473 | 029 | 058 | 000 | 000 | 000 | 0.00
202. C AZZOPARDI 505 | 54| 6.35 0.06 | -6.29 016 | -0.36 | -1.81 | 1.97 [ 003 | 008 | 021 | 053 | 005 | 063
203. C BROWN 1788 | 225 | 037 | 032 -002 | 036 | 004 001 | -006 | 288 | 227 | 048 | -0.07 | -0.01 | 029 | 0.16 | 0.50
204. C BRUCE 700 | a9 | 529 -002 | -5.31 032 | 000 | -335 | 431 | 021 |-041| 034 | 013 | 036 | 012
205. C HADDON 1373 | o3| 042 -017 | 0.25 003 | -024 | -0.76 | 7.01 | 029 | -0.06 | -0.26 | 045 | 0.14 | 031
206. C JONES 832 | 127 | 087 -0.25 | -1.12 002 | 014 | 486 | 009 | 08| 058 | 038 | 019 | 013 | -0.13
207. C LINDOP 3423 | aa7 | 049 | -4.83 0.08 | 041 | 5.24 -007 | 012 | -1.22 | 320 | -002 | 006 | 010 | 038 | 018 | 008
208. C MOON 701 | 105 | 013 -7.26 022 | 035 | -6.90 017 | 044 | 143 | 491 | 051 | 008 | 006 | 016 | 022 | -0.19
209. C MUNCE 2662 | 403 | 013 | -0.25 013 | 001 | -025 017 | 014 | 128 | 272 | 062 | 002 | 047 | 023 | 008 | 0.42
210. C NUTMAN g9 | 101 | 522 -0.40 | -5.61 -010 | 010 | 1.75 | 494 | -055 | 020 | 035 | 020 | 045 | -0.79
211. C O'BRIEN 2088 | 202 | 579 001 | 5.78 013 | 036 | 1.18 | 539 | 014 | 004 | -003 | 031 | 012 | 017
212. C PETTIGREW 502 | 38 -0.58 006 | 012 | 285 | 472 | 007 | 090 | 000 | 000 | 000 | 000
213. C REITH 4322 | 499 | 028 | -0.64 015 | 043 | -0.21 005 | -020 | -0.67 | 1.78 | 050 | 004 | 014 | 030 | 003 | 0.04
214. CROBERTSON | 4405 | 371 | 041 | -4.59 004 | 037 | -421 008 | 019 | 1.32 | 408 | 066 | 004 | 009 | 011 | 008 | 013
215. C SPRY 1300 | 130 | 067 0.38 | -0.30 002 | 006 | 285 | 397 | -0.70 | -0.05 | 028 | -0.04 | 011 | 018
216. C STAPLES o118 | 146 | 012 009 | 021 016 | -0.17 | 388 | 544 [ 008 | 013 | 000 | 000 | 000 | 0.00
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217.

C WHITELEY 2430 | 28p | 033 | -4.68 0.06 | -0.26 | -4.95 014 | 027 | 096 | 415 | 019 | 002 | 016 | 018 | 008 | 0.7
218. C WILLIAMS 2754 | 390 | 053 | 0.73 | -0.66 | 0.07 | 060 | 1.33 | 067 | 000 | 001 | 044 | 253 | 0.6 | -001 | 011 | 026 | 002 | 013
219. CHRISSYMONS | 3912 | 429 | -0.94 0.08 | -0.86 007 | 000 | 027 | 339 | 041 | 008 | 000 | 017 | 0.14 | 0.9
220. C-M PYE 1099 | 103 | 643 -020 | -6.63 019 | -039 | -0.20 | 034 | -1.38 | -0.35 | 040 | 055 | 054 | 001
221. D BROWNE 2237 | 5p5 | 085 | -046| -7.22 | 042 | 098 | 052 | -669 | 009 | -0.08 | 121 | 315 | -0.02 | 045 | 000 | 000 | 000 | 0.00
222. DGANDERTON | 1072 | 93| 578 -055 | -6.33 032 | -087 | 2.00 | 525 | -038 | -0.15 | -0.14 | 039 | 005 | 0.12
223. D GAUCI 2300 | 213 | 025 | 143 047 | -008 | 1.35 006 | 002 | 374 | 374 | 082 | 003 | 011 | 037 | -0.09 | 033
224, D GREEN S . -0.16 019 | 001 10'613 6.88 | -068 | 003 | 0.00| 000 | 000 | 0.00
225. D GRIEFIN 2147 | 335 | 085|029 | 688 | 003 | 038 | 009 | -679 | 006 | -0.14 | 373 | 287 | -0.11 | 014 | 014 | 021 | 032 | 012
226. D HAYSE 1250 | 95| -0.14 018 | 0.04 024 | 036 | 333 | 7.28| -111 | 049 | 006 | 032 | -0.18 | -0.07
221. D MISSEN 1329 | 237 | 017 | 055 | -017 | 005 | -0.11 | 044 | 027 | 006 | -0.02 | 459 | 670 | 0.1 | 013 | 0.00 | 000 | 0.00 | 000
228. D MOOR 3348 | 303 | -0.64 0.00 | -0.64 007 | 010 | 837 | 345 | 055 | -0.37 | 0.24 | 024 | 006 | 0.23
229. D NIKOLIC 1179 | 104 | 055 0.08 | 0.63 004 | 015 | 370 | 269 | -051 | 032 | 040 | 034 | 026 | 0.03
230. D OLIVER 3240 | 491 | 039 | 0.88 -0.04 | -043 | 045 001 | 006 | -1.51 | 262 | 061 | -013 | 013 [ 023 | 002 | 013
231. D PANYA 077 | 75| 436 -0.01 | -4.38 003 | 014 | 072 | 107 | 001 | -1.23 | 064 | 034 | 003 | 232
232. D PIRES 2004 | 300 | 013 | 199 | -1.12 | -0.18 | -0.31 | 169 | 057 | 001 | 001 | 289 | 304 | -0.12 | 016 | 011 | 026 | 008 | 001
233. D ROBINSON ss6 | 37 | 6l 019 | -5.92 025 | -043 | 037 | 098 | 084 | -055| 036 | 022 | 129 | -0.26
234. D SIMMONS 1648 | 133 | 066 -029 | 037 005 | 000 | -1.37 | 592 | -036 | -011 | 007 | 029 | -0.05 | 0.19
233. D SMITH 3124 | 311 | 027 | -6.13 0.09 | -0.18 | -6.31 002 | -018 | 252 | 250 | -018 | 009 | 0.28 | 028 | 049 | 001
236. D SPRIGGS 2209 | 257 | 022 -0.14 | -0.37 001 | -014 | 223 | 592 | 018 | 010 | -0.08 | 028 | 023 | 001
237. D STAECK 1111 | 147 | 018 -0.19 | -0.01 015 | 020 | 091 | 782 | -018 | 017 | -0.15 | 031 | -025 | 0.08
238. D TANTI 1153 | 92| 023 018 | 041 017 | 020 | 334 | 656 | 039 | -0.35 | -0.15 | 033 | -0.13 | 0.32
239. D TOURNEUR 3041 | 529 | 026 | 055 -0.06 | -033 | 023 005 | -0.04 | -097 | 297 | -037 | 003 | 049 | 031 | 012 | 0.10
240. D YENDALL 5697 | 901 | -024 | 056 | -0.16 | 003 | 021 | 035| 019 | 006 | 001 | 217 | 354 | 0.60 | -0.01 | 0.11 | 0.24 | 009 | -0.03
241. DALE EVANS 1085 | 127 | 026 -023 | 003 003 | 011 | 568 | 370 | -007 | -0.01 | 020 | 015 | -028 | 0.14
242. DANNY MILLER | 1247 | 49| 072 022 | 094 000 | 044 | 362 | 830 | -004 | 099 | 000 | 000 | 000 | 0.00
243. DARREN JONES | 1083 | 101 | 012 0.03 | -0.09 008 | 016 | 439 | 571 | -035 | 023 | 005| 016 | 036 | -0.19
244. DEAN HOLLAND | 4300 | 354 | 069 | -027 -009 | 060 | 033 008 | 000 | 273 | 369 | -019 | 028 | 006 | 019 | 017 | 007
245. DWAYNE DUNN | 4082 | 487 | -0.98 | 531 -0.06 | -1.04 | -6.35 001 | 002 | -1.38 | 331 | 061 | -014 | 007 | 026 | 004 | 0.14
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246.

DYLAN DUNN 1100 | 120 | 026 | 040 017 | 044 | 083 008 | -007 | 150 | 535 | -053 | 026 | 032 | 025 | 007 | -0.44
241. E CASSAR 574 | 47 -0.35 015 | 037 | 058 | 169 | -110 | 0.16 | 030 | -0.07 | 012 | 042
248. E CREIGHTON 1286 | 108 | 040 | -7.57 019 | 058 | -6.99 003 | 006 | 055| 239 |-036 | 068 | 015 | 036 | -0.63 | 0.15
249. E EL-ISSA 1273 | 146 | 056 -038 | 0.18 021 | -007 | 529 | 443 | -014 | 008 | 014 | 020 | 022 | 0.22
250. E FINNEGAN 1103 | 141 | 014 | -5.46 007 | 022 | 5.24 012 | -000 | -0.80 | 287 | -068 | 025 | 014 | 031 | 029 | 0.5
251. E WILKINSON 1085 | 200 | 012 -0.17 | -0.05 0.06 | -009 | 244 | 308 | 008 | 019 | 022 | 012 | 009 | 0.34
252. F ALESCI 1062 | 47 -0.24 003 | 0.04 | 484 | 295| 006 | 0.75 | 003 | -0.03 | 045 | 043
253. F R EDWARDS 1001 | 105 | 522 -029 | -5.51 007 | -025 | 545 | 235 | -028 | -0.10 | 043 | 010 | -0.02 | 0.16
254. G BOSS 3031 | 414 | 025 | -476 -0.05 | -0.29 | -5.06 004 | 006 | 173 | 227 | 042 | 001 | 005 | 034 | 017 | 009
255. G BUCKLEY 6086 | 526 | 033 | 013 002 | 035 | 048 006 | 006 | 131 | 306 | 028 | 009 | 021 | 032 | 009 | 0.04
256. G COLLESS 2787 | 364 | 087 | 036 | 055| 002 | 039 | 003 | 058 | -003 | -009| 147 | 373 | 036 | 012 | 009 | 018 | 033 | 030
251. G COOKSLEY 733 | 65| 655 011 | 6.44 011 | 013 | -1.40 | 254 | -050 | 066 | 056 | 003 | 054 | 1.07
258. G GERAN 969 | 108 | 057 -016 | 041 009 | 002 | 316 | 418 | -0.22 | -0.16 | -0.05 | 005 | 0.50 | 0.05
259. G KILLEN 67 | 66 | 657 -0.04 | -6.61 024 | 000 | 004 | 311| 076 | -0.70 | 011 | 050 | -032 | 0.61
260. G KLIESE 016 | 133 | 061 0.05 | -0.56 006 | 002 | -0.45 | 573 | -068 | 023 | 007 | 049 | 0.22 | 0.06
261. G LYNCH 2770 | 215 | 476 -0.11 | -4.88 011 | 032 | 268 | 316 | -005 | 006 | 0.07 | 042 | 009 | 0.10
262. G SCHOFIELD 2012 | 397 | 026 | -7.27 041 | 0415 | -7.12 006 | 001 | -1.95| 095| 001 | 016 | 0.25 | 032 | 008 | 0.06
263. G SMITH 2101 | 201 | 028 | -0.50 -010 | 018 | -0.32 010 | 010 | 289 | 579 | 029 | -0.12 | 010 | 045 | 014 | 038
264. H BOWMAN 3676 | 63 | 023 | -0.33 0.04 | -0.19 | -0.52 001 | 000 | -0.70 | 129 | 009 | 0.6 | 020 | 024 | -0.16 | -158
265. HMCKECHNIE | 2807 | 250 | 033 019 | 015 004 | 020 | 055 | 334 -006 | 004 | 015 | 031 003 | -0.03
266. | TOWARD 676 | 101 | 182 037 | -1.44 024 | 011 | 462 | 305| 021 | 012 | 018 | 028 | -0.11 | -0.03
267. JALLEN 1441 | 216 | 094 | 027 -0.07 | -1.01 | -0.74 004 | 009 | 002 | 666 | 014 | 002 | -0.13 | 003 | 032 | 0.09
268. J BENBOW 3257 | 245 | 038 | -6.94 016 | 054 | -6.40 014 | 013 | 088 | 368 | 110 | -0.13 | 015 | 029 | -0.01 | 0.01
269. J BOWDITCH 2160 | 216 | 049 | -6.83 025 | 0.74 | -6.09 004 | 0.07 | -1.35 | 111 | -026 | 047 | 039 | 035 | 027 | -0.22
270. JBYRNE 1050 | 6o | 079 | 012 0.04 | -0.75 | -0.63 012 | 006 | 143 | 278 | -027 | 008 | 020 | 032 | 021 | 0.20
271. 3 CAMERON 1029 | 116 | 046 | -0.26 007 | 053 | 027 011 | -0.34 | 226 | 340 | -043 | 016 | 011 | 004 | -0.02 | 0.41
272. 1 CASSIDY 1503 | 220 | 019 | -5.58 006 | 0.25 | 5.33 008 | 017 | -1.29 | 232 [ -099 | 072 | 018 | 032 | 025 | 0.3
273. JCHILDS 0377 | 221 | 061 0.20 | -0.42 001 | 005 | -1.44 | 438 | -0.13 | 0.28 | -005 | 027 | -0.03 | 018
274. J DEVRIMOL 517 | a3 -0.38 021 | 014 | 010 | 317 | -0.18 | -150 | 0.6 | 048 | 019 | 131
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275.

JDUGGAN g2 | 102 | 031 -0.06 | 025 007 | 012 | 310 | 466 | -008 | -033 | 010 | 028 | 0.11 | 087
216. JEELIX o1a | 24| 146 015 | 161 018 | 003 | 193 | 47| 052 | 098 | 092 | 007 | 247 | 020
271. JFORD 3888 | 38a | -041 -0.10 | -0.51 0.06 | -009 | 256 | 521 | 056 | -0.20 | 0.09 | 026 | 011 | 0.34
278. J GRISEDALE 147 | o5 | 087 -0.03 | -091 005 | 013 | 567 | 294 | 127 | -022 | 041 | 023 | -011 | 0.08
279. JHOLDER 2885 | 394 | 017 | -6.84 -008 | 010 | -6.74 006 | 007 | 228 | 051 | 1.83 | 041 | 034 | 038 | 001 | 001
280. J HOOPERT 6 | 27 -0.03 001 | 004 | 502 | 3.80 | -031 | 011 | -0.05 | -0.19 | -0.18 | 0.62
281. JLLOYD 2124 | 316 | 042 | -0.33 -0.04 | 037 | 005 007 | 007 | 088 | 477 | -0.10 | 046 | -008 | 013 | 021 | 0.08
282. JLYON 2775 | 169 | 0.30 -002 | 0.28 020 | 008 | 304 | 514 | -020 | 004 | 010 | 014 | 038 | 0.14
283. IMOTT 3594 | 472 | 016 | 0.12 0.0 | -0.07 | -0.18 001 | -0.02 | 243 | 360 | 023 | 006 [ 019 | 005 | 029 | 0.02
284, JOLIVER 629 | o5 | -5.84 -0.11 | -5.96 017 | 025 | 332 | 544 | 015 | 064 | 000 | 000 | 0.00 | 0.00
285. 7P STANLEY oaas | 232 | 021 0.12 | -0.10 010 | 0.28 | 242 | 340 | -003 | 008 | 010 | 025| 013 | 0.15
286. JPARR 1957 | 307 | 049 | -0.38 013 | 063 | 0.25 002 | 008 | -1.27 | 117 | 023 | 032 | 035 | 025 | 031 | 0.10
287. JPENZA soa3 | a7 | 026 | 6.74 005 | 030 | -6.43 001 | 008 | -0.69 | 118 | 058 | 004 | 022 | 035 | 006 | 001
288. JPOTTER 3771 | 386 | 027 | 6.70 0.47 | -0.10 | -6.80 0.06 | 007 | 074 | 491 | -030 | 006 | -002 | 029 | 019 | 0.03
289. JSTEAD 612 | 62| 577 -0.06 | -5.83 -004 | 005 | 248 | 394 | -1.06 | -027 | 013 | 012 | 045 | 1.06
290. 1 TODD 3954 | 241 | 476 -0.17 | -4.93 001 | -0.04 | 164 | 294 | 065 | 006 | 024 | 033 -012 | -0.01
291. JWATKINS 800 | 60| 094 0.00 | 094 -009 | -0.05 | 401 | 931 | -017 | 036 | 037 | 027 | 014 | 0.09
202. JWHITING 4300 | a0 | 044 | 013 0.06 | -0.38 | -0.25 006 | 013 | 178 | 385 | -0.16 | 013 | 016 | 030 | 0.06 | 0.00
293. JWINKS 2284 | 233 | 017 -0.08 | -0.25 008 | -0.08 | -1.33 | 1.86 | 009 | 048 | 019 | 026 | 037 | -0.02
204. JWORLEY 1091 | 94| 065 -017 | 0.49 004 | 005 | 158 | 417 | -0.44 | 003 | 011 | 006 | 0.27 | 046
295. RSN o8 | 116 | 077 003 | 074 013 | 019 | 109 | 254 | 002 | -005 | 041 | 035 | 042 | -0.12
296. JAKE BAYLISS | 1192 | 77| 041 029 | 0.70 016 | 018 | 309 | 390 | 022 | -0.05 | 028 | 012 | 000 | 186
291. ﬂ\'/l“é"'DchN ALD 2030 | a0 | 063 | 045 | -028 | 001 | 062 | 047 | -045 | 002 | 022 | -182 [ 245 | 033 | 008 | 018 | 016 | 012 | 0.00
298. JASON BROWN | 1912 | 180 | -6:38 015 | -6.23 005 | -0.56 | -1.50 | 2.46 | -0.01 | -0.46 | 047 | 000 | 012 | 036
299. JASON TAYLOR | 3299 | 230 | 433 -0.21 | -454 007 | 012 | 197 | 408 | 060 | 023 | 020 | 008 | -018 | 0.08
300. JEFE KEHOE 1140 | 28 0.52 004 | 018 | 378 | 543 | -059 | 005 | 000 | 000 | 000 | 0.00
80L. R ssgl | 235 | 033 0.06 | 0.28 008 | 002 | 276 | 534 | 018 | 034 | 005 | 021 | 145 008
302. K BOYD 1514 | 105 | -6.68 0.24 | -6.44 008 | -080 | -0.13 | 226 | 078 | -021 | 013 | 048 | 071 | 0.33
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303.

K BRADLEY sa3 | 42| 125 -036 | 0.89 003 | -046 | 007 | 283 | 049 | -0.13 | 009 | 013 | 051 | 052
304. K BROOKS 630 | 56 | 128 -0.40 -008 | 120 | 080 007 | 015 | 505 | 207 | -028 | 004 | 020 | 033 | 013 | -0.11
305. K DUNBAR 1449 | o3| -6.46 0.20 | -6.26 004 | -002 | -330 | 279 | 097 | -0.01 | 0.28 | 028 | -0.06 | -0.23
306. K FORRESTER 75| 65| 615 -0.35 | -6.50 014 | 019 | -251 | 263 | 104 | -0.33 | 011 | 021 | -0.49 | 0.44
307. K GLADWIN 923 | 144 | 515 011 | -5.04 011 | -038 | 099 | 319 | -054 | 021 | -0.03 | 035 | 010 | 0.26
308. K MCEVOY 3708 | 523 | 017 | -058 -003 | 0.14 | -044 0.00 | -005 | -0.74 | 339 | -030 | -0.08 | 013 | 018 | 043 | 0.3
309. K NESTOR 2412 | 295 | 049 | -0.13 012 | 061 | 048 009 | -008 | 225 | 219 | 084 | -0.13 | 031 | 026 | 002 | 0.2
310. K OHARA 3507 | 274 | 066 -002 | 0.64 009 | 023 | 228 | 403 | 002 | 003 | 002 | 031 | 024 | 007
311 K POST 50| 62 | 058 0.14 | -0.44 011 | -008 | 204 | 665 | 075 | 023 | -0.03 | 001 | -0.29 | 0.09
312. K SANDERSON | 1194 | 134 | 047 | 537 -0.06 | 042 | -495 000 | 001 | 215 | 185 | -076 | 006 | 027 [ 019 | 018 | 033
313. K SWEENEY 1964 | 212 | -0.76 | -5.60 0.15 | -0.60 | -6.20 014 | -000 | 148 | 538 | 030 | 005 | 015 | 024 | -0.13 | -0.07
314. K WALTERS 1511 | 91| 628 011 | -6.17 019 | 054 | -2.16 | 1.00 | -0.80 | 070 | 042 [ 036 | -0.12 | -0.06
315. K WHARTON 1979 | 154 | 627 0.00 | -6.27 006 | 025 | -1.84 | 361 | -027 | 016 | 011 | 046 | 050 | 0.02
316. K WITTEN 680 | 65| 677 -0.06 | -6.82 013 | 027 | 445 | 547 | 036 | 0.03 | 000 | 000 | 000 | 0.00
317. K YOSHIDA 1809 | 162 | 021 0.01 | -0.20 001 | -001 | 1.74 | 689 | -040 | 012 | -012 | 017 | 002 | 017
318. L CASSIDY a6l | 287 | 066 | -6.43 0.03 | -062 | -7.05 016 | -011 | 036 | 378 | 019 | 021 | 016 | 025 | -0.13 | 0.08
319. L COFFEY 1014 | 55| 576 005 | -5.71 033 | -0.08 | 250 | 696 | 066 | -0.47 | 007 | 012 | -047 | 036
320. L CURRIE 3017 | 338 | 047 0.00 | -0.47 012 | 003 | -065 | 209 | -002 | 024 | 032 | 028 | 011 | 015
321. L DILLON 655 | g2 | 059 0.11 | -0.48 016 | 030 | 7.80 | 597 | -0.83 | 013 | -019 | 022 | 030 | -0.08
822. L G HENRY 2003 | 164 | 063 0.02 | 066 -001 [ -026 | 204 | 450 | 013 | 010 | 006 | 026 | -0.09 | 014
823. L MEECH 3703 | 548 | -047 | 067 | -043 | -0.06 | -0.53 | 0.4 | -0.29 | 006 | -012 | -0.09 | 340 | 000 | 010 | 005 | 026 | 001 | 017
324. L NOLEN 3065 | 469 | 048 | -064 | 057 | 012 | 037 | 0.28 | 030 [ -0.02 | -005 | -0.74 | 422 | -0.07 | 030 | 009 | 031 | 017 | 012
825. L SMITH 6a1 | 33 -0.77 019 | -006 | -4.06 | 366 | 221 | -0.88 | 058 | -023 | 066 | 0.00
326. L STAPLES 1761 | 136 | -0.59 030 | -0.28 003 | 018 | 252 | 519 | -022 | 0.28 | 005 | 029 | 009 | -0.12
827. M BAZELEY 1552 | 108 | 627 -0.02 | -6.29 010 | -002 | -1.83 | 523 | -045 | 023 | 010 | 031 | 025 | 0.12
328. M BENNETT 2350 | 204 | 040 | -0.24 002 | 042 | 018 -009 | 008 | 337 | 522 | 034 | -008| -001| 049 | 003 | 0.00
329. M DOLENDO 1505 | 139 | 086 | -6.18 008 | 094 | 523 0.09 | -0.00 | -1.85 | 2.87 | -0.13 | -0.02 | -0.00 | 050 | 0.18 | 0.05
330. M ELLIOTT 532 | 36 -0.09 051 | 076 | 103 | 573 | -013 | 038 | -0.07 | 074 | -0.46 | -0.11
331 M FORDER 1309 | 100 | 672 0.26 | -6.46 043 | 012 | -1.80 | 1.19 | 031 | -008 | 047 | 039 | 017 | 0.19
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332.

M GRAHAM 538 | 70| 698 -0.02 | -7.01 012 | -0.35 | -0.56 | -0.06 | -020 | -0.78 | 042 | 038 | 0.13| 035
333. MCGILLIVR Ay | 1100 | 144 | 080 | -6.95 042 | -0.08 | -7.02 012 | 0.14 | 266 | 500 | 034 | -031 | 007 | 032 | -0.04 | 0.26
334. M NEILSON o0a5 | 566 | -024 | 044 | 038 | 001 | -023 | 021 | 059 | 004 | -012 | -0.09 | 327 | 032 | -004 | 013 | 028 | -073 | 0.95
335. M PAGET 3165 | 229 | 060 013 | 047 010 | 001 | 378 | 604 | -022 | 005 | -013 | 034 | 036 | 0.09
336. M PAYNE 2355 | 264 | 067 0.09 | -057 004 | 000 | 094 | 429 | 056 | -023 | 009 | 018 | 017 | 0.9
337. M PEGUS 1714 | 229 | 076 | 093 033 | 1.09 | 202 001 | 001 | 1.92 | 227 | -037 | -0.13 | 041 | 022 | 010 | 0.1
338. M POON 671 | a7 | 088 -039 | 049 004 | 040 | 399 | 379 | 015 | -004 | 030 | -0.08 | 007 | 155
339. M RODD 2001 | 302 | 034 012 | -7.27 | 009 | 043 | 055 | -672 | 006 | -0.06 | 1.61 | 345 | -0.18 | -0.03 | 005 | 029 | 016 | 0.20
340. M TRAVERS 3158 | 278 | 013 0.08 | -0.04 007 | 008 | 091 | 265 | 037 | 007 | 030 | 038 | 000 | 0.06
341. M WALKER 3634 | 473 | 017 | 025| 538 | 015 | -0.02 | 022 | -515 [ 041 | 002 | 095 [ 269 | -0.07 | 017 [ 0.5 | 0.24 | -0.09 [ 0.9
342. M ZAHRA 2693 | 390 | -024 | 174 | 115 | 012 | -012 | 162 | 047 | -003 | -017 | 212 | 197 | 072 | -022 | 0.1 | 028 | 007 | 0.23
343. m.ﬁw o777 | 29 | 042 | -5.58 0.41 | -0.31 | -5.89 000 | 0.14 | 036 | 243 | 005 | 001 | 017 | 033 | -0.05 | 0.08
344. A TEW gz | 1g7 | 064 | -059 | 096 | 024 | 040 | 019 | 076 | 011 | 067 | -052 | 390 | 015 | 065| 009 | 020 | 000 | -005
845. o o5 | 1aa | 018 007 | 041 001 | 082 | 252 | 228 | 054 | -006 | 002 | 035 -0.58 | 041
346. UTAEL a0 | agp | 034 | 670 004 | 031 | -6.39 009 | 011 | 204 | 226 | 031 | -011 | 05| 030 | 002 [ 047
347. N DAY 725 | 107 | -L.83 032 | -1.51 010 | 016 | 2.32 | 430 | -025 | 033 | 018 | 049 | 014 | -0.17
348. N EVANS g7 | 77| 622 -0.22 | -6.45 010 | -024 | -1.26 | 267 | 021 | 003 | 017 [ 053 | 052 | -0.07
349. N HALL 2433 | 305 | 057 | -0.65 -0.08 | 049 | -0.16 008 | 005 | -247 | 151 | 018 | 026 | 030 | 040 | 008 | -0.05
350. N HEYWOOD 1066 | 129 | 074 | -0.66 002 | 076 | 0.10 013 | 0.03 | 221 | 407 | 016 | 000 | 013 | 027 | 019 | 053
351. N MASUDA g2 | 63| -468 027 | -495 001 | 025 | -382 | 471 | 002 | -128 | 018 | 049 | 0.8 | 0.96
352. N MCLEAN 2078 | 214 | 035 | -5.42 013 | 022 | 520 016 | -0.05 | 1.83 | 434 | 043 | 004 | 000 | 000 | 000 | 0.03
353. . 1747 | 380 | -014 | -0.15 | -5.48 | 008 | -0.07 | -022 | 571 | -004 | 000 | -342 | 248 | -0.29 | 012 | 041 | 030 | -0.42 | 008
354. N SOUQUET 1712 | 104 | 024 | -650 -016 | 008 | -6.42 014 | 011 | 598 | 441 | 009 | 004 | -001 | 016 | 043 | 007
355. N THOMAS 1392 | 59| 587 -0.03 | -5.90 011 | 018 | 160 | 354 | -1.04 | 0.79 | -0.10 | 054 | 125 | -0.04
356. N TOMIZAWA 1503 | 182 | 026 | -5.27 0.15 | 041 | -4.86 007 | 002 | 117 | 289 | -030 | 002 | 017 | 030 | 009 | 0.08
357. P CARBERY 3304 | 362 | 036 | 6.74 -001 | 035 | -6.40 017 | -006 | 320 | 436 | 003 | -001 | 002 | 029 | 001 | -0.14
358. P CRICH 513 | g | 058 -011 | 047 008 | 012 | 472 | 661 | -275 | 093 | 001 | 014 | 060 | -0.05
359. P CULLEN 1045 | 94| 037 014 | 050 007 | 014 | 421 | 580 | -1.03 | 056 | 001 | 017 | -0.09 | -0.14
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360.

P DENTON g14 | 120 | 643 0.15 | -6.28 004 | -002 | -1.78 | 468 | -059 | 045 | 010 | 044 | -052 | 004
361. P GATT 2380 | 276 | -0.33 0.03 | -0.30 004 | 007 | 188 | 421 | -025| 008 | 013 | 019 | 013 | 005
362. P GRAHAM 4047 | 355 | 069 0.10 | -0.59 -003 | 019 | 299 | 481 | 017 | -010 | 010 [ 047 | 009 | 025
363. P HALL 1716 | 233 | 034 | -0.26 -008 | 0.26 | 0.00 005 | 021 | -088 | 320 | 003 |-023| 013 | 027 | 008 | 0.27
364. B HAMBLIN 507 | 43| 685 0.36 | -6.49 012 | -018 | -054 | 069 | -021 | 022 | 041 | 008 | 031 | 0.24
365. P HAMMERSLEY | 3204 | 372 | 033 | 525 -031 | 002 | -5.24 002 | -001 | -1.74 | 190 | 059 | 005 | 026 | 024 | -0.03 | 0.21
366. P HARVEY 1788 | 321 | 079 | 020 | 165 | 008 | -0.71 | -1.00 | 0.65 | -0.06 | -0.01 | -203 | 506 | -09 | 005 | -0.01 | 029 | -2.41 | -0.13
367. P KING 519 | 190 | -0.23 011 | -0.12 -005 | -011 | 464 | 257 | 080 | -0.10 | 029 | 028 | 0.78 | 023
368. P KNUCKEY 3281 | 37 | 068 0.12 | -056 005 [ -019 | 416 | 389 | 013 | -0.26 | 010 | 032 | 000 | 022
369. P MARKS 1083 | 92 | 042 -0.23 | 019 014 | 008 | 118 | 611 | 063 | 042 | -0.28 | 027 | 035 | -0.08
310. P MERTENS 1633 | 144 | 097 0.00 | -0.97 016 | 022 | 257 | 291 | -08 | 033 | 018 | 012 | 011 | 0.28
371, P MURPHY 1123 | 120 | 011 -0.20 | -0.08 000 | 011 | 085 | 412 | 015 | -0.26 | -0.03 | 028 | 019 | 0.27
3r2. P ROBL 1822 | 245 | -038 | 1.00 | -092 | 019 | -0.19 | 080 | -0.12 | 009 | 020 | 291 | 312 | 019 | -006 | 0.23 | 022 | 039 | 0.14
37s. PWELLS 1087 | 112 | 051 017 | -0.34 -015 | 014 | 416 | 351 | 092 | 006 | 002 [ 022 | -001 | 041
374, R BENSLEY 2490 | 276 | 017 | -0.18 0.06 | 023 | 004 -0.08 | -0.10 | 151 | 201 | -028 | -0.01 [ 019 | 033 | 012 | 013
375. R BREWER 1071 | sa| 020 017 | -0.02 013 | 002 | 470 | 475 | 068 | -0.09 | 007 | 031 | -0.36 | -0.17
376. R FRADD 1566 | 207 | 020 | -6.86 -015 | 005 | -6.81 0.28 | -0.08 | -157 | 248 | 053 | -002 | 014 | 029 | -0.25 | 0.38
3. R FREEMAM gsa | 65 | 630 0.06 | -6.24 007 | -005 | 291 | 358 | 090 | -0.06 | 0.26 | 023 | -0.11 | 0.14
31s. R GOLTZ 1708 | 145 | -023 017 | -0.06 008 | 009 | 438 | 292 | -040 | 013 | -0.03 | 033 | 0.11 | -0.07
879. R MALONEY 2087 | 373 | -084| 145 -682 | 007 | -077 | 068 | -6.15 | 003 | -0.02 | 014 | 319 | 039 | -0.20 [ 020 | 0.08 | 0.15| 0.00
380. R MARKOU g7 | og| 018 -0.06 | 011 -007 | 005 | 162 | 653 | 015 | -014 | 000 | 025 | 085 | -0.10
381. R MCMAHON 618 | 328 | 082 | 067 0.05 | -0.77 | -0.10 -001 | 008 | 343 | 392 | 043 | -009 | 011 [ 018 | 013 | 024
382. R PLUMB 1210 | 80| 436 -0.15 | -4.52 008 | 024 | 316 | 341 | -003 | 046 | 020 | 034 | -023 | -0.15
383. R QUINN g11 | e | 011 020 | 032 005 | -016 | 178 | -0.24 | -167 | 058 | 042 | 038 | 051 | -0.18
384. R RIDE 68 | 73| 054 -019 | 035 030 | -036 | 390 | 274 | 032 | -0.34 | 033 | 041 | -0.14 | 0.2
385. R SAXTON 1414 | 114 | 024 -003 | 021 015 | 010 | 694 | 412 | 084 | -0.04 | 010 | 006 | -038 | 0.07
386. R SPOKES 3041 | 309 | 017 | -6.55 -001 | 016 | -6.39 009 | 005 | -1.30 | 491 | -0.12 | -0.06 | -003 | 030 | 0.22 | 0.12
387. R THOMPSON 4307 | 666 | -08L| 013 | 029 | 010 | -0.72 | -0.58 | -0.30 [ 009 | 010 | 288 | 343 | 030 | 004 | 017 | 022 | 047 | -1.09
388. R WHEELER 1249 | 99 | 013 012 | 026 -021 | 014 | 036 | 673 | 010 | 026 | 013 | 0.28 | 022 | 0.08
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389.

R WIGGINS 2000 | 356 | 024 | 033 005 | 029 [ 062 019 | -005 | 067 | 493 | -006 | 002 | 004 | 031 | 007 | 0.16
390. A 1245 | os| B2 012 | 537 015 | 010 | 224 | 439 | -004 | 035 | 004 | 019 | 034 | 005
39L. S BASTER 2106 | 203 | 034 | -7.12 007 | 041 | 6.72 008 | -007 | -1.70 | -0.08 | 115 | -0.37 | 047 | 025 | -0.22 | 0.00
392. S BOWTELL 1232 | o3| 674 031 | -6.43 004 | -030 | 079 | 011 |-020 | 032 | 048 | 055 | 0.19 | -0.07
393. S CAHILL 2273 | 309 | -026 | -6.44 0.08 | -0.18 | -6.63 -0.06 | 009 | -0.07 | 452 | 035 | -0.08 | -001 | 024 | 007 | 006
394. S EILBECK 9aa | 104 | 025 -008 | 0.17 003 | -017 | 153 | 7.20 | -0.23 | 040 | -029 | 025 | 0.14 | 050
395. S GALLOWAY 1687 | 168 | 012 0.03 | -0.09 015 | 017 | 207 | 219 | 015 | -0.11 | 003 | 040 | 0.8 | 0.23
396. SHILLEBRAND | 543 | 70| 579 -038 | -6.17 027 | 029 | 162 | 226 | -034 | 007 | 045 | 033 | 044 | 009
397. SKING 1600 | 147 | 623 -023 | -6.46 001 | -001 | -1.00 | 251 | 068 | -0.13 | 022 | 014 | 006 | 036
398. S MASKIELL o11 | 162 | 055 | 081 -0.10 | -0.65 | 0.16 011 | 002 | 063 | 327 | 007 | 012 | 012 | 015 | -3.42 | 0.09
399. SMCGRUDDY | 3518 | 354 | -0.16 | -6.37 0.04 | 0.12 | -6.49 001 | 015 | 329 | 345 | -003 | 013 | 026 | 014 | 0.10 | 0.14
400. S MEERES 3423 | o277 | 063 0.07 | -056 001 | -008 | 459 | 654 | -030 | 006 | 004 | 032 | 039 | 0.10
401. S O'DONNELL 3406 | 358 | 022 | 5.28 0.12 | -0.09 | 5.37 008 | 005 | 204 | 534 | 029 |-001 | 004 | 021 | 014 | -0.22
402. S POLLARD 1722 | 104 | 012 -0.06 | 0.06 020 | -015 | -0.20 | 385 | 031 | 058 | 017 | 030 | -0.04 | 0.27
403. SRIDLER 519 | 54| 012 0.0 | 0.23 017 | 042 | 227 | 7.09 | 016 | -011 | -0.03 | -0.02 | -0.06 | 0.27
404. SSHEARGOLD | 1003 | 87| 0.25 031 | 006 019 | 035 | 209 | 161 | -045| 018 | 017 | 034 | -0.04 | 022
405. S THURLOW 2343 | 133 | 644 021 | -6.24 000 | 005 | -176 | 020 | 019 | 028 | 034 | 035 | 092 | 0.03
406. S TRAECEY g4 | 76| 014 | -029 033 | 048 | 0.19 004 | 017 | 298 | 181 | -002 | 007 | 012 | 030 | 030 | 050
407. SIMON PRICE 1682 | 140 | 012 011 | -0.01 007 | -013 | 1.07 | 289 | 049 | -0.06 | 036 | 045 | -062 | 0.12
408. SIMON MILLER | 2500 | 263 | 0.24 | -5.33 021 | 003 | -530 018 | 003 | 110 | 391 | 023 | 014 | 007 | 021 | 009 | 005
409. R o507 | s | 042 | -036 013 | 055 | 0.19 001 | -009 | -021 | 283 | 117 | -042 | 007 | 024 | 007 | 038
410. T ANGLAND 1865 | 241 | 017 | -0.14 022 | 039 | 025 008 | 014 | 274 | 094 | 103 | -0.14 | 026 | 049 | 009 | 022
411. T BANNON 1589 | 140 | 412 -0.36 | -4.48 025 | 018 | -2.60 | 593 | 075 | -0.14 | -0.10 | 045 | 005 | -0.12
412. T BROOKER 009 | 94| 0.4 -0.05 | -0.18 000 | 020 | 556 | 270 | -065 | 042 | 045 | 023 | 032 | 004
A413. T CLARK s008 | 371 | 036 | -0.50 -004 | 032 | -018 004 | 047 | 035 | 416 | 065 | 007 | 006 | 036 | 0.10 | 0.06
414. T HUET 1357 | 195 | 024 | 016 011 | -0.12 | 0.04 014 | 017 | 299 | 225 | 099 | 013 | 018 [ 031 | -0.05 | 0.04
415. T MARSHALL 1276 | 118 | 076 | 029 -006 | 071 | 100 012 | 012 | 083 | 565 | 014 | -020 | -009 | 032 | 008 | 071
A16. T OHARA 1051 | 79 | 539 -0.15 | -554 023 | 035| 694 | 154 [ -023 | 017 | 038 | 036 | 036 | -0.13
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417.

T PANNELL 3003 | 287 | 039 0.04 | -0.36 -003 | 000 | 242 | 515| 011 | 013 | 004 | 014 | -007 | 011
418. T TREICHEL 3837 | 352 | 072 | -0.36 | 038 | 003 | 0.75| 038 | 077 | -0.05 | 017 | 221 [ 471 | 004 | 011 | 007 | 021 | 012 | 017
419. T TURNER 3954 | 375 | -0.78 -0.14 | -0.92 008 | 013 | 333 | 439 | 033 | 024 | -0.01 [ 026 | 0.00 | -0.02
420. TROY BAKER 1650 | 133 | 029 013 | -0.16 -0.28 | -0.19 | 582 | 360 | 047 | 003 | 015| 029 | 008 | 0.8
421. V ARNOTT 719 | 81| 612 -0.11 | -6.23 -003 | 001 | 250 | 296 | -039 | -042 | 037 | 014 | 015 | 022
422. V DURIC 1809 | 269 | -060 | 053 -0.04 | -0.64 | -0.11 011 | -011 | -0.95 | 1.95 | 037 | -022 | 018 | 0.04 | 005 | 023
423. W D'AVILA 1020 | 116 | 080 | 691 025 | 1.05| -5.86 004 | 015 | -080 | 186 | 002 | -022 | 029 | 038 | 017 | 035
424. W DAVIS 014 | 49| 563 0.27 | -5.36 018 | -0.13 | 429 | 516 | 050 | 0.20 | 0.00 | 000 | 0.00 | 0.00
425. W KERFORD 1351 | sa | 017 035 | 053 010 | 028 | 266 | 394 | 070 | 047 | 006 | 039 | 071 | -0.05
426. W PEARSON 774 | g9 | 643 001 | -6.42 002 | 060 | 121 | 280 | -130 | 039 | 025 | 017 | 016 | 0.32

Note: Shaded cells are significant at least the 10% level
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