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Abstract 

The horserace betting market is a subset of the financial market space, and wagering typically 

inherits a defined return – to – risk trade-off. For horserace betting input into institutional 

portfolio to be plausible, the payoff – to – risk trade-off from betting must be acceptable for 

the fund when compared with the return – risk trade-off from the existing mainstream assets 

included in portfolio investment. 

A new paradigm for horserace betting modelling and investing is acclaimed in this thesis, as 

premiss for betting input into institutional portfolio. An exchange traded betting fund is 

developed in the thesis that is able to generate pre-race (and within-race) investment arbitrage 

that offers an acceptable, defined return – risk trade-off for the risk averse investor. The 

extensive former horserace betting market stochastic modelling theory that forecasts racer 

expected outcomes and payoff, is today succeeded by this research that develops a 

deterministic horserace betting model (and algorithm) that generates defined payoff for the 

fund. This deterministic betting model challenges the existing semi-strong efficient market 

hypothesis toward horserace betting that no betting strategy consistently outperforms the 

financial market’s benchmark return. Subsequently, the primary research (alternative) 

hypothesis tested is 𝐻𝑎: profitable exchange traded horserace betting fund with deterministic 

payoff exists for acceptable institutional portfolio investment. 

The exchange traded betting fund is constructed as a savings fund that provides a continuous 

rate of return. The driver for the fund, a deterministic betting model, is constructed from both 

new and existing theory. The deterministic model optimizes field win and place wagering to 

determine a feasible, actual payoff – risk trade-off. Investment arbitrage is defined as a 

positive return to nil risk trade-off and is the optimal solution for the research. 

Mathematically derived in the thesis is the multiple system optimization theorem over 𝐶𝑛 
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space to validate optimal solution generated from the deterministic betting model. The results 

and analysis from statistical testing of a global stratified data sample accept two sub-

hypotheses for the research - 𝐻1𝑎:  DBM outperforms the stochastic horserace model 

benchmark, and 𝐻2𝑎: ETBF outperforms the SPDR S&P/ASX 200 fund. These conclusions 

of acceptance legitimize the research’s primary hypothesis that encompasses the sub-

hypotheses. Essentially, the primary hypothesis was accepted at the ninety-five percent 

confidence level from results of test sample, to endorse an exchange traded horserace betting 

fund with deterministic payoff into financial market. The profound implications by achieving 

successful solution for the primary and secondary research questions is to warrant practical 

examination of horserace betting input in portfolio, for benefit of financial markets.  
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CHAPTER 1 

RESEARCH INTRODUCTION 

1.1 Betting market background  

‘Financial markets are typically defined by having transparent pricing, basic regulations on 

trading, costs and fees and market forces determining the prices of securities that trade’ 

(Investopedia n.d.). Horserace betting markets exhibit typical financial market attributes, 

varying return-to-risk profiles, many participants and expansive information connecting 

investments and participants (Ali 1998). Risk intensive financial markets have undergone 

extensive research toward their market efficiency. Fama (1991) defined the financial market 

efficiency hypothesis (EMH) as security prices of all assets within that market fully reflect all 

available information. Williams (1999) made remark that the horserace betting market is a 

simple financial market that is characterized by a finite termination point at which each asset 

(bet) possesses a definite value. As a consequence it is convenient to conduct horserace 

betting market efficiency tests, and then to draw useful conclusions for the market efficiency 

of the financial capital markets. The semi-strong form for the efficient market hypothesis 

applied to horse racing is of interpretation that all historical and publicly available 

information about the racers are incorporated into their bettor odds. One conclusion drawn 

from this hypothesis is that traders are unable to achieve consistently superior returns from 

either technical or fundamental betting strategies. Much research has been undertaken which 

makes comparison between the technical and fundamental analysis of the horserace betting 

market to generate betting systems, with the technical and fundamental analysis for capital 

market modelling (Edelman 2007). Lessmann and Sung and Johnson (2009) further 

commented that the horserace betting market can be used as an objective benchmark to 

compare the quality of an investment decision from a market with assets that generate an 

http://www.investopedia.com/terms/f/financial-market.asp
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uncertain outcome. This thesis examines horserace betting input for portfolio investment, and 

anomalies in the literature and mathematical theory to be discussed, lead to the primary 

research question asked: does a profitable exchange traded horserace betting fund driven by 

deterministic processes exist for acceptable institutional portfolio investment? 

1.2 Betting exchange theory and technology                           

Betting market elements include institutional regulators (International Horseracing 

Federation), the participants (breeder, trainer, owner, jockey and bettor) and the betting 

products (win, place, quinella, trifecta bet, etc). Global horserace wagering facilities have 

evolved from the track and licensed betting office (LBO) outlets to an electronic exchange 

network of online tote or fixed odd betting, and person-to-person (p2p) betting exchange 

operations (Laffey 2005). A betting exchange is an entity that provides trading facilities for 

retail, professional or bookmaker customers to buy or sell contracts (Koning & Van Velzen 

2009). Horserace wager contracts are structured as binary options (typically European style) 

where the payoff is either some fixed amount from a win or place bet, or nothing from a loss. 

One party is the layer (acceptor) of the bet and the counterparty are the bet taker. Betting 

exchange products include horserace wagering contracts, financial spread betting and 

contract for difference financial derivatives. The betting exchanges can be claimed to have 

brought transparency and trading innovation to horserace betting markets necessary for 

institutional investment (Laffey 2005). 

Electronic exchange networks (EEN) have extended the scope of financial product trading 

from the traditional open outcry floor trading and telephone based trade. Electronic trading 

platforms (ETP) enable direct trading of financial products with a financial exchange (e.g. 

betting exchange) or with a financial intermediary (e.g. market makers, bookmakers and 

brokers). ETP software that facilitates both buy and sell transactions can be classified into 



 13 
 

program trading or algorithmic trading software. Program trading software is used manually 

by the retail or commercial investor to trade financial products without an attempt to 

minimize price change. Algorithmic trading software defines automated trading for 

institutions that divide large batches of financial products into smaller trades to manage the 

market impact and risk. Algorithmic decision making based upon the electronic market 

information on high frequency trade (HFT) quantity, as a function of price movement and 

other variables, results in timed trade automation. During 2009, HFT firms accounted for 73% 

of all US equity trading volume (Lati 2009). 

EEN’s, betting exchanges, and market trade software has extended the scope of trader 

activity with the access of diverse financial markets and products, with liquidity shifts and 

changes in financial market microstructure. Betting activity on the exchange may be 

classified into speculative, hedging or arbitrage trading (Arnold 2002). In 2011, the UK - 

founded Betfair betting exchange recorded an annual sale activity of 916 million bets 

matched; an average of 7 million transactions on the betting exchange daily. The Betfair 

model is based upon the open outcry system whereby backers and layers stakes are pool 

matched (Davies et al. 2005). Moreover, Betfair recorded a new peak load of 30000 bets per 

minute during the 2011 Grand National steeplechase event (Betfair 2011). Several factors 

appear to have contributed to Betfair’s growth that include reduced online bettor transaction 

costs, the implication from Moore’s Law - more affordable computing gives firms and 

customers access to enormous processing power; and the adaptation from Metcalfe’s Law of 

Networks that as the number of customers using Betfair multiplies, so does the utility of each 

customer. Others such as greater liquidity in the market, and hence greater efficiency also 

aided Betfair’s growth (Davies et al. 2005). Trading software’s functionality, whose 

algorithms are developed from both technical and fundamental models, includes market 

making, inter-market spreading, arbitrage and speculation, and fund investment strategy and 
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portfolio return optimization. Goldman Sach’s technological division provides services 

concerning the development of both technical and fundamental model based algorithmic 

trading software. The models generate automatic execution strategies that can be used by the 

banker’s internal equity businesses, as well as external clients such as fund managers and 

hedge funds (Goldman Sachs 2011). Trading software constantly transforms and there is 

demand on infrastructure that can respond to market data with near zero latency for 

competitive, global trading. A reaction of milliseconds faster than competition can mean 

access to prices and liquidity that determine profitability. Apama software is current 

algorithmic software available for institutional financial trading (Software AG 2013). 

Asset class products listed on the ASX include equity, interest rates, property, commodities, 

foreign exchange, energy and environment, and infrastructure; and bet market wagers (assets) 

are listed on betting exchanges. These former asset classes collectively occur in a diverse 

group of exchange traded funds (ETF). ETF’s track specified market indices or asset sectors. 

Attributes of ASX ETF’s include portfolio and risk diversification, intraday pricing 

transparency, on-market bid-ask spread liquidity, and dividend reinvestment (Beta Shares 

Capital 2013). Investment funds collect savings from investors and then channel this cash 

into a portfolio of financial assets such as ETF’s, stocks, bonds and other securities for 

commercial or noncommercial purposes. 

 A blue chip investment is considered by Scott (2010) as a high quality investment involving 

a lower than average risk of loss of principal or reduction in income, in comparison to other 

investments belonging to the same asset class. Blue chip stocks usually pay small but regular 

dividends and maintain a fairly steady price throughout market ups and downs (NYSE 

Euronext 2013). One measure of dispersion used for comparing investment’s stabilities is the 

variance, which is a measure of asset volatility (Kurson 2002). The stable blue chip securities 

have lower volatility than the market variance.  

http://www.goldmansachs.com/
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Fund managers and trustees construct domestic and international investment fund portfolios 

on the basis of country governmental and taxation regulations, investment policy, etc. The 

fund manager’s objective is to maximize shareholder wealth from enhanced financial 

performance from the adaptation and application of optimal market trade software and trade 

strategies. Portfolio optimization techniques calculate optimal capital weightings for a basket 

of investments to provide a maximum return, for a company policy exposure level. 

Subsequently, portfolio optimization techniques are a tool of trade software that can be 

applied to calculate optimal asset weightings (bets) for the investment odds in an attempt to 

generate maximum investment return at minimal racer exposure. 

1.3 General problem  

The Bank for International Settlements (2007) examined institutional investors, global 

savings and asset allocation, and remarked that one important investment decision of 

insurance companies and pension funds is the selection of an optimal asset mix that best 

reflects their risk – reward trade-offs. BIS (2007) states that the traditional investment 

portfolio of pension funds have been heavily weighted towards publicly traded equities, with 

bonds and alternative assets comprising a smaller share of the asset portfolio. No comment is 

made by the central banker on horserace betting input for portfolio institutional investment. 

The general aim of the thesis is to critically examine horserace betting input for institutional 

portfolio investment, which enables retail participation. For this to be plausible for the 

institutional fund manager, trading on the betting markets (exchanges, online bookmakers, etc) 

would be at an acceptable return-risk trade-off. For example, an S&P/ASX 200 exchange 

traded fund exists as input for portfolio investment, but an exchange traded betting fund 

(ETBF) does not. Betting markets, such as betting exchanges, possess properties of liquidity 

and transparency required for institutional investment says Laffey (2005). There has been no 
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research conducted on an exchange traded horserace betting fund into financial market that is 

driven by deterministic betting systems. The Centaur hedge betting fund which was driven by 

stochastic betting systems for horserace wagering was a loss for its investors as reported in 

business insider (Business Insider Australia 2012). Analogous with the equity market, the 

concept of an efficient betting market incorporates forecasting future asset prices and future 

expected return remarked Snyder (1978). However, more recently Law and Peel (2002) stated 

that horserace wagering provides a definite outcome (a winner) and a definite rate of return 

within a finite time frame. This property is not shared with other risk intensive investments 

such as the equity and derivative markets. The global share markets produce expected return, 

the bond markets are identified with fixed return, and the horserace bet as suggested by 

Koning and Van Velzen (2009) are binary option assets that generate a defined return from 

the betting market. Subsequently, horserace betting is a hybrid of unknown outcome that is a 

characteristic of the risk intensive equity investments, and the defined return a property of 

debt. This is in direct conflict with the implication of the semi-strong form of the EMH for 

horse racing. Williams (1999) commented the effective bettor odds are designed so that the 

market maker secures a profit overall; i.e. the sum of prices implied in the odds is greater 

than one, and the average bettor trades at a loss. Importantly, a mathematical principle for 

pool wagering of gross bettor odds requires critical examination, and is fundamental toward 

the development of optimal horserace betting models with deterministic return.   

1.4 Research question and objectives 

The primary research question asked in this thesis is does a profitable exchange traded 

horserace betting fund with deterministic payoff exist for acceptable institutional portfolio 

return-risk? The horserace betting market semi-strong efficiency hypothesis suggests that no 

betting market strategy can consistently generate abnormal future payoff, and the research 

question formulates the alternative. 



 17 
 

The argument above against the literature on the semi-strong EMH applied to horserace 

betting enables a reassessment on whether an exchange traded horserace betting fund with 

deterministic payoff is capable of achieving superior returns to financial benchmarks. The 

mathematical analysis of field pool wagering of the gross bettor odds detailed in the research, 

led to the development of a deterministic optimal horserace betting model to achieve these 

superior returns from existing horserace modelling benchmarks. Developments in betting 

market platforms that  are enclosed by the EEN have been well documented. Betting markets, 

such as betting exchanges, possess properties of liquidity and transparency required for an 

ETBF product to achieve a favourable return-risk trade-off against existing ETF benchmarks, 

and necessary for institutional investment.  

The research’s specific aims is to develop and implement a profitable deterministic horserace 

betting model into financial market, and addresses the alternative primary hypothesis 

formulated from research question which is expressed accordingly;   

 H0: no profitable horserace betting market strategy exists , 

 Ha: profitable exchange traded horserace betting fund with deterministic payoff exists . 

An ETBF driven by deterministic betting model processes conjointly defines the 

deterministic horserace betting strategy for this research. Three specific objectives to address 

the three anomalies in the literature and to answer the primary research question are defined 

accordingly; 

(i) review of the existing technical and fundamental horserace betting model theory for 

institutional market trading;  

(ii) develop mathematically a new deterministic betting model (DBM) and algorithm for 

market trading that calculates prerace (or within race) actual racer field win or place payoff; 
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and demonstrate the horserace DBM on a galloper racing data sample achieves profitable 

payoff against an SBM benchmark at an acceptable level of significance; and 

(iii) demonstrate an ETBF on a galloper racing data sample achieves profitable payoff against 

an S&P/ASX 200 ETF benchmark, at an acceptable level of risk. 

1.5 Significance of research 

Horserace win and place returns have yet to be considered seriously as blue chip portfolio 

inputs in financial trading markets. Global horserace betting turnover represents a significant 

money pool. The global horserace betting turnover is a quarter of a trillion Australian dollars 

annually. Australian horserace annual betting turnover is A$14.4 billion, compared with ASX 

average daily turnover of A$5.5 billion (Australasian Gaming Council 2011). This savings 

from horserace betting as input in portfolio investing would increase the global financial 

trading market’s daily turnover. Institutional betting fund’s entry as new participants would 

provide enormous pools of savings with the capability to provide excellent financial system 

benefit, and payoff for the fund and their risk averse investors. This research aims to develop 

a deterministic horserace betting algorithm that will generate actual payoff at acceptable 

exposure for the fund. 

1.6 Thesis structure                        

Chapter 2 is a mathematical review of the existing literature on optimal horserace wagering 

modelling, and risk - return optimizer techniques that is used for trade software development 

and investment fund manager decision making. Chapter 3 outlines the research methodology 

of the thesis toward the development and implementation of an exchange traded horserace 

betting fund with deterministic payoff. This is succeeded by Chapter 4 which provides the 

mathematics and algorithm for the deterministic betting model (DBM), and the mathematics 
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for the construction of an exchange traded betting fund (ETBF). Chapter 5 provides the 

results and findings from the performance comparison of the DBM to an existing stochastic 

horserace betting model benchmark, and the results from the performance comparison of the 

ETBF with the SPDR S&P/ASX 200 fund. Chapter 6 is the conclusion and implication 

chapter for the research. 

1.7 Chapter summary 

 The financial betting market is a subset of the financial markets population, and existing 

research has conducted testing of its shared attributes for inference to be drawn about the 

larger financial markets. The chapter highlighted the global electronic exchange network that 

encloses the developing financial market products that are available to trade for portfolio 

investment. The general aim of this research is to critically examine betting inputs for 

institutional portfolio investing, arising from little corporate consideration presently toward 

horserace betting as a mainstream or alternative asset for portfolio.  

The chapter further highlighted anomalies evident in the existing horserace betting market 

literature. The semi-strong EMH for horse racing incorporates forecasted return, however 

betting markets provide a defined return. The questioning of the credibility of the EMH 

suggests that a profitable horserace betting strategy may be achievable. A mathematical 

principle on pool wagering has been overlooked that forms the fundamentals for the 

development of a deterministic optimal horserace betting model that may achieve superior 

returns against benchmarks. No exchange traded betting fund driven by deterministic 

algorithm has been developed, and which may achieve acceptable return-risk trade-off for 

institutional portfolio investment. 

The three recognized gaps in the literature are matched by three specific objectives to find 

solution for the primary research question asked; does a profitable exchange traded horserace 
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betting fund with deterministic payoff exist for acceptable institutional portfolio return-risk, a 

premiss for betting input in portfolio. Chapter 2 that follows is a literature review of the 

existing horserace betting model theory for institutional market trading. 
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CHAPTER 2 

LITERATURE REVIEW 

The chapter reviews the existing literature written and research conducted on horserace 

betting models, whose foundation are largely the permutation rank order of stochastic 

processes (Critchlow & Fligner & Verducci 1991).  Horserace betting belongs to the financial 

market product space by sharing a return – risk trade-off. In general, horserace stochastic 

modelling has been classified into technical or fundamental variable analysis.     

2.1 Stochastic horserace betting model theory 

Research in recent times has focused on optimal stochastic horserace betting systems that 

forecast horserace outcomes based on both ‘technical’ and ‘fundamental’ analysis techniques 

(Edelman 2007). The technical betting models utilise horserace market odds that are the 

bettor’s probabilities with assumed market efficiency. The technical models quantify both 

historical and current horserace variable data. The stochastic fundamental modelling 

techniques used in horserace wagering systems utilise selective researched variables for 

optimal race win and place probability forecasts and payoffs (Lessmann & Sung & Johnson 

2009). The first principles of rank order permutation are commonly used with technical and 

fundamental techniques to evaluate racer win and place probability forecasts. 

2.1.1 Set permutation fundamentals 

The relevant fundamental principles of counting, combinations and permutations applied to a 

horserace set to develop the existing stochastic horserace betting model literature are 

discussed in this section. 
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Finite sets containing n elements can be represented as { X1, X2, … , Xn}  and the set is 

independent of order. However, an ordered n-tuple of n distinct elements is denoted as 

( X1, X2, … , Xn). This ordered set does not equal ( Xn+1, Xn+2, … , X2n), unless X1 =  Xn+1,

X2 =  Xn+2, … , Xn =  X2n. These ordered n-tuples of elements can be generated from the 

cartesian product of n external or internal sets. An internal relation is a subset formed from 

the cartesian product of n copies of the same set S; whereas an external relation is formed 

from the cartesian product of different sets; i. e.  n − tuple (X1, X2, … , Xn) ∈ S1  ×  S2  ×

… × Sn ;  ∀Si = S  denotes an internal n-ary relation.  

Several essential permutation probabilities and counting identities are provided in      

Equation 2.1: 

(i)   nPr
=  

n!

(n−r)!
= n(n − 1)(n − 2). . (n − r + 1) ;   nPn

=  n! ,                               

(ii)  nCr
=  

n!

(n−r)!r!
=  

nPr

r!
 ,        

(iii) p(Ɍ) = p(Ɍ1Ɍ2. . Ɍn) = p(Ɍ1) p(Ɍ2|Ɍ1) p(Ɍ3|Ɍ1,Ɍ2) . . p(Ɍn) ,                        

(iv) ∑ p(Ɍi) = 1 .n
i=1                                                          (2.1) 

2.1.2 Racer rank order notation  

Ranks for the outcome of an event expressed by a rater are the results of ranking of a random 

variable from an underlying nonparametric or parametric distribution (D’Elia 2003). 

Assigning the probability to the outcome from an n field horserace is equivalent to assigning 

the probability for the rank order permutation of the first n racers. 𝑋Ɍ𝑖
 denotes an independent, 

non-identically distributed continuous random variable to represent time taken for the i
th

 rank 

racer, with probability distribution function F(XɌi
; αi).  Random variables 

XɌ1
, XɌ2

, … , XɌn
 are statistically independent when the joint probability density function 
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equals the marginal densities product shown in Equation 2.2;            

f(XɌ1
, XɌ2

, … , XɌn
) = f(XɌ1

; α1)f(XɌ2
; α2). . f(XɌn

; αn)              (2.2)          

The order of finish for a field size of n racers is represented by the permutation                  

Ɍ = (Ɍ1, Ɍ2, … , Ɍn) whereby  Ɍ1 represents the first placed racer and Ɍ𝑛  is the last placed 

racer from the field. The probability assigned to rank permutation Ɍ 

is  p(Ɍ) = p(Ɍ1, Ɍ2, … , Ɍn) = p( XR1 <  XR2 < . . . <  XRn ) . This order statistics class of 

ranking models share the property that the order of any subset of the items is independent to 

the ordering of any disjoint subsets (Critchlow & Fligner & Verducci 1991; Ali 1998). 

Permutation group Ɽn = {Ɍ} , n ε I+, represents the set of complete and partial rank order 

permutations for the n racer field, and 𝑝(Ɍ) the parametric or nonparametric distribution on 

permutation Ɍ.      

Properties shared by rank order statistics models as discussed by Critchlow and Fligner and 

Verducci (1991) are provided in Equation 2.3; 

(i) Label invariant:  p ∈ P , Ɍ ∈  Ɽn  ∴   pv(Ɍ) = p(Ɍ°v)  ∈ P ,                                                

(ii) Reversibility:  p ∈ P , Ɍ ∈  Ɽn  ∴   py(Ɍ) = p(Ɍ°y) ∈ P  |  y(j) = (n + 1) −  j , j = [1. . n] ,    

(iii)Strong Unimodality: Ɍ0(i)  <  Ɍ0(j)  ∴ p{Ɍ(i) <  Ɍ(j)} > 0.5   { ∀  i ≠ j},                        

(iv) L − Decomposability: p(Ɍ) = p(Ɍ1, Ɍ2, … , Ɍn) = {p(Ɍ1)}, . . . , {p(Ɍn−1 ..Ɍn)(Ɍn−1)} .        (2.3) 

The technical and fundamental horserace betting models revised in this paper share a 

multistage sequential process to generate permutation probability from bettor win odds to 

calculate expected payoff. These multistage sequential processes utilise the bettor win odds, 

p(Ɍi = 1) =  1
Oi

⁄ (Oi: win odds) to forecast probabilities and expected payoff for win, place, 

and compound betting products. The win (Ɍ1) , exacta (Ɍ1, Ɍ2)  and trifecta (Ɍ1, Ɍ2, Ɍ3) 

permutations illustrate betting market products. Parametric distributions based upon the 
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exponential random variable  f(XɌi
; αi) , the normal random variable f(XɌi

; αi, σ2)  and the 

gamma random variable f(XɌi
; αi, r)   have been proposed for technical betting model 

application. These technical models share the L-decomposability property that the probability 

attached to the ranking of a racer is independent from the relative ordering of the higher 

ranked racers (Critchlow & Fligner & Verducci 1991). The fundamental betting models 

revised in the section utilise a two stage process to combine selective horserace variable data 

with the bettor odds variable to generate win (or place) probability, and include: rank order 

multiple linear regression/conditional logit (MLR/CL) and conditional logit/conditional logit 

(CL/CL) models, and the classifier support vector machine/conditional logit (SVM/CL) 

model (Edelman 2007 ; Lessmann & Sung & Johnson 2009).  

2.2 Technical horserace betting models and application 

The ranking processes of the L-Decomposable models of Luce (1959), Harville (1973),  

Hausch and Ziemba (1985), and Stern (1990) all determine  the conditional product of the 

choice probabilities; i.e. preferred racer from remaining racers across the multistage sequence 

as shown in Equation 2.4.    

p(Ɍ) = p(Ɍ1, Ɍ2, … , Ɍn) =  {p(Ɍ1..Ɍn)(Ɍ1)}{p(Ɍ2..Ɍn)(Ɍ2)} . . {p(Ɍn−1 ..Ɍn)(Ɍn−1)} , 

p(Ɍ) =  ∏ [ 
p(Ɍi)

∑ p(Ɍj)jεBi

n−1 
i=1 ] , Bi = {Ɍi. . Ɍn} is the set remaining at stage 𝑖,with ∑ 𝑝(Ɍ𝑖) = 1𝑛

𝑖=1  .   (2.4) 

Harville (1973) sampled 335 US galloper races, and divided the racer fields into classes 

according to bettor win probabilities, and classes of theoretical place probabilities and 

expected place payoff determined from the L-Decomposable model. The racer results 

provided statistical support of correlation of actual frequency of win and place classes with 

the theoretical probabilities and payoffs, at standard error less than 0.15. Furthermore, the 

study provided suggestion toward favourite – longshot horserace bias that bettors 
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underestimated likelihood of favourites, and overrated the chances of longshots (Koessler & 

Ziegelmeyer & Broihanne 2003 ; Sobel & Raines 2003). 

The HZR wagering system calculates optimal place bets to maximize expected logarithm of 

final wealth from place wagering (Hausch & Ziemba 1985). The model calculates the 

expected return from one additional dollar bet to decide racer selections against a benchmark, 

and optimal bet sizes for the selected racers are calculated to maximize final wealth. The 

modern online betting portals should only enhance this model’s performance from the 

presumption that pool wagering occurs just prior to the close of the betting period (Hausch & 

Ziemba 1985). A modified version of the HZR model for algorithm development using both 

win and place totalizer bettor odds is outlined in Equations 2.5 and 2.6 below: 

EXi
P =  ∑  ∑  [{

wiqjqk

(1−qi)(1−qi−qj)
} + {

wjqiqk

(1−qj)(1−qj−qi)
} +  {

𝑤kqjqi

(1−qk)(1−qj−qk)
}] ×   [ 1 +n−2

k=1
n−1
j=1

 
1

20
INT[ 

Q(P+1)−  (1+ Pijk)

3(Pi+1)
 × 20] ] ,                  

 EXi
P: expected place return racer 𝑖 , 

    wi: win odds racer 𝑖 ;   qi: place odds racer 𝑖 ,  

EXi
P  ≥  γ ≥ 1 , γ: breakeven benchmark parameter .             (2.5) 

 
Maximize

{pl}
  EX(wf) =  ∑ ∑ ∑

wiqjqk

(1−qi)(1−qi−qj)
 × log [ 

Q(P+ ∑ pl
n
l=1 )−(Pijk+ pijk)

3

n−2
k≠i,j;k=1

n−1
j≠i,j=1

n
i=1  ×

[ 
pi

Pi+pi
+  

pj

Pj+pj
+  

pk

Pk+pk
 ] +    w0 − ∑ pl

n
l=1  ] ,                

   EX(wf): expected logarithm final wealth from place wagering , 

 w0: initial wealth  ;   Q: track payback , 

P: place pool , Pijk =  Pi + Pj + Pk , pl: optimal place  bets , pijk =  pi + pj + pk .             (2.6) 
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The normal rank order model is a class of rank model that is a function of a single 

independent variable of parametric distribution N(XɌi
; αi)  with joint pdf ∏ f(XɌi

−n
i=1

 αi) where αi: the average time ith racer. The racer permutation for the normal rank model 

is represented by the multivariate integral in Equation 2.7: 

 p(Ɍ) = p(Ɍ1Ɍ2. . Ɍn)  ≡ p( XR1 <  XR2 <  …  <  XRn ) , 

 = ∫ f(XɌ1
−  α1)

∞

0
∫ f(XɌ2

− α2) …
∞

XɌ1
∫ f(XɌn

−  αn)dXɌ1
. .

∞

XɌn−1
dXɌn

 (𝜎2 = 1).            (2.7) 

The win racer i probability for �̅�Ɍ(expected win time) is expressed below in Equation 2.8: 

 p(Ɍi = 1) = ∫ f(XɌi
; αi) ∏ [1 − F (XɌj

−  αj)]dXɌi

n−1
j≠i=1

�̅�Ɍ

0
                           (2.8) 

A first degree taylor expansion approximation for small αi was derived (Henery 1981): 

  p(Ɍ) ≈
1

n!
+

∑ αi μi;n 
n
i=1

n!
  (∑  αi = 0)                  (2.9) 

The sequence win, place and trifecta probability approximations derived from Equation 2.9 

are illustrated in Equation 2.10;      

  p(Ɍi = 1) ≈
1

n
+

αiμ1;n

(n−1)
 ,                 

  p(Ɍj = k) ≈
1

n
+

αjμk;n

(n−1)
 ,                 

  p(Ɍ1Ɍ2Ɍ3) ≈
1

n(3)
 [ 1 +  ∑ αi

3
i=1 μi;n +  

∑ αj  ∑ μj;n 3
j=1

3
j=1

(n−3)
] .            (2.10) 

The gamma rank order model class is a function of bivariate independent variables with 

gamma distribution Γ(XɌi
; αi, r) and joint pdf ∏ [

αi
r XɌi

r−1 exp(−αiXɌi
)

Γ(r)
 n

i=1 where α: rate and           

r: distance. 
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The gamma rank probability permutation in Equation 2.11 by Stern (1990) is p(Ɍ1, Ɍ2, … , Ɍn) ≈

 ∫ (
α1

r XɌ1
r−1 exp(−α1XɌ1)

Γ(r)
∫ (

α2
r XɌ2

r−1 exp(−α2XɌ2)

Γ(r)

XɌ3
0

XɌ2
0

… ∫ (
αn

r XɌn
r−1 exp(−αnXɌn)

Γ(r)

∞

0
 dXɌ1

. . dXɌn
                                (2.11) 

and the racer probability to win by Henery (1983) is expressed in Equation 2.12: 

 p(Ɍi = 1) =  ∫ f(XɌi
; αi, r)

∞

0
 ∏ [ 1 − n−1

j≠i=1  F(XɌj
; αj, r)]dXɌi

                        (2.12)    

The gamma density function is 

 f(XɌi
; αi, r) =  (

αi
r XɌi

r−1 exp(−αiXɌi
)

Γ(r)
) ≡ exp{ −αiXɌi

+ C(XɌi
) + D(αi)}               (2.13) 

from which a first degree Taylor expansion approximation for the model (Equation 2.14) is 

derived by Henery (1983) accordingly; 

  p(Ɍ) ≈ p0(Ɍ) + ∑
∂p(Ɍ)

∂αi
(αi −  α0)n

i=1  ,             

  p0(Ɍ) =
1

n!
 {∀αi = α0} ,               

  
∂p(Ɍ)

∂αi
= ʃʃ. . ʃ

∂

∂αi
ln f(XɌi

; αi , r) ∏ fn
i=1 (XɌi

; αi, r)dXɌi
,           

  
∂p(Ɍ)

∂αi
=

1

n!
 {−μi;n + D′(αi)} ,              

 p(Ɍ) ≈
1

n!
+  

∑ {r− μi;n}{αi−1}n
i=1

n!
 {D( αi ) = ln αi

r ,  αi → 1} .             (2.14) 

According to Henery (1983) a gamma rank probability approximation for the 𝑘𝑡ℎ  placed 

racer is expressed below in Equation 2.15:  

  p(Ɍi = k) ≈
1

n
+  

{r−μk;n}{αi−1}

(n−1)
                 (2.15) 

The exponential model with density function  f(XɌi
; αi) =  αi exp (− αiXɌi

)  denotes the 

gamma rank order model with shape parameter 𝑟 = 1.  The exponential model is the             
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L- Decomposable model (Stern 1990). The mathematical derivation of the L-Decomposable 

model (Equation 2.16) from the gamma rank order model using conditional probability first 

principles is:  

p(XɌ1
= min XɌi

) =  ∫ ∫ … ∫ [∏ αj e
−αjXɌjn

j=1 ]
∞

XɌ1
 dXɌ1

 dXɌ2
 . . dXɌn

 ,
∞

XɌ1

∞

0
   

p(XɌ1
= min XɌi

) =  ∫ P(
∞

0
XɌj

≥  XɌ1
 | XɌ1

) α1 e
−α1XɌ1   dXɌ1; j = [2. . n] ,          

p(XɌ1
= min XɌi

) ≡  ∫ α1 e
− ∑ αjXɌ1

n
j=1 dXɌ1

,
∞

0
                         

p(XɌ1
= min XɌi

) =  
α1 

∑ αj 
n
j=1  

  ,                

∴ p(Ɍ) = p(Ɍ1, Ɍ2, … , Ɍn) =  ∏ [ 
p(Ɍi)

∑ p(Ɍj)jεBi

n−1 
i=1 ].                 (2.16) 

The Logistic model generates permutation probabilities from the logarithm of win probability 

ratios (Plackett 1975). The first-order logistic model corresponds to the L-Decomposable 

model: p(Ɍ) =
p(Ɍ1) p(Ɍ2)..p( Ɍn)

(1−p(Ɍ1) )(1−p(Ɍ1)−p(Ɍ2))..p( Ɍn)
.  An interpretation of the model is that a racer’s 

rank is independent of earlier selections in accordance with the L-decomposability property. 

According to Dansie (1983) a second-order logistic model illustration for a four racer field 

has permutation probability:   p(Ɍ) = p[{Ɍ12 <  Ɍij , ∀i, j ≠ 1,2} and {Ɍ23 < Ɍ24}] ,                                          

 p(Ɍ) = p(Ɍ1Ɍ2Ɍ3Ɍ4) =  
p( Ɍ12) p(Ɍ23) 

p(Ɍ23 )+  p(Ɍ24 )
 .                          (2.17)          

The probability association between racer pairs is considered by the second-order logistic 

model of Equation 2.17. A third order logistic model illustration for a five racer field is 

p(Ɍ) =  
p(Ɍ123) p(Ɍ34) 

p(Ɍ34 )+  p(Ɍ35 )
. A model derived from the extension of the Luce and gamma models 

is the discount model, which includes a discount factor 𝜆𝑘
𝑟  (decrease function as k increases 
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and dependent on shape parameter r) to discount diminished racer performance with decrease 

in placing suggests Lo and Bacon – Shone and Busche (1995). The log odds ratio assumption 

that racer i beats racer j for k
th

 place being a discounted function of racer i defeating racer j 

for the win, LO(i, j\k) = LO(i, j\1)λk
r
. A discount model trifecta probability approximation 

(Equation 2.18) is provided by Lo and Bacon – Shone and Busche (1995), 

  p(ɌiɌjɌk) ≈ p(Ɍi) 
[(p(Ɍj))

λ2 
r

]

[ ∑ (p(Ɍs))
λ2 

r

s≠i  ]
 

[(p(Ɍk))
λ3 

r

]

  [ ∑  (p(Ɍt))
λ3

r

t≠i,j  ]
                         (2.18) 

The discount model is a function of the win probabilities of all the racers in the field, unlike 

the Luce model which is a function of the win probabilities of only selective racers. The 

inverse hypergeometric model similarly applies a sequential comparison criterion of bettor 

win or place odds to investigate ranking process outcomes (D’Elia 2003). 

These technical rank order models for horserace betting adopt permutation conditional 

probabilities and bettor odds to determine expected outcomes for typical horserace betting 

products, such as exacta, trifecta and first four horserace wagering. These elementary 

probabilities can be combined to optimize expected return from field betting. 

2.3 Fundamental horserace betting models and application 

Nonparametric fundamental model analysis utilises relevant racer variables for win and place 

probability forecast based upon publicly available information. Examples of such publicly 

available horserace data include horse’s breeding, age, training and racing history, jockey and 

trainer’s histories, and weather and track variables. Betting market trading variables, such as 

bettor odds and pari-mutuel pools, are a subset of financial market trading variables. A 

predictive model that attempts to achieve a consistent profitable betting return does not 

satisfy the condition of the semi-strong market efficiency theory that publicly available racer 
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information has been factored into bettor odds (Lessmann & Sung & Johnson 2009). 

Fundamental models have been designed that incorporate a two stage process. At the first 

stage, selective fundamental variables relevant to the current and previous racer information 

are analysed. Results from stage one are combined with the current market odds variable in 

stage two to forecast racer win and place probabilities. The multiple linear regression / 

conditional logit (MLR/CL), conditional logit / conditional logit (CL/CL), and support vector 

regression / conditional logit (SVR/CL) model are popular two stage ranking techniques. 

The MLR/CL technique models a racer’s normalized finish position as a linear function of 

selective multiple variables, from previous and current racer information,  to produce a 

winningness index forecast (score ability) in the first stage as shown in Equation 2.19.  

 Yij =  β0 +  β1X1 +  β2X2 +  … +  βnXn  +  ε  ,                             

 Yij =  
fpij

(n+1)
−  0.5 ;  Yij ∈ [−0.5,0.5] ,               

 X1 . . Xn ∶ racer variables ;    β0 . . βn ∶ linear regression coefficients , 

 Yij: normalized finish (winningness index) racer 𝑗 in event 𝑖 , 

  fpij: rank finish order racer 𝑗 in event 𝑖;   n ∶ number of racers in event 𝑖  .                  (2.19) 

In stage two of the MLR/CL technique the winningness index determined from Equation 2.19 

is used as input for a multinomial logit regression, stratified by race, to determine racer win 

probability forecasts of Equation 2.20. Within race competition is considered in stage two. 

 L(δ1, δ2) =  max ∏
∏ exp[ μij(Yijδ1+lnOijδ2)]n

j=1

∑ exp (n
j=1 Yijδ1+lnOijδ2)

N Races
i=1  ,

 L(δ1, δ2) = (δ̂1, δ̂2): regularization parameter estimates , 

 Oij: bettor win odds racer 𝑗 in event 𝑖 ;   uij: binary(0,1) ;   j ∈ [1. . n] ,                            
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pij =  
exp (Ŷijδ̂1 + lnOijδ̂2)

∑ exp (Ŷijδ̂1
n
j=1 + lnOijδ̂2)

 , 

 Ŷij ∶ winningness index forecast racer 𝑗  in event 𝑖  , 

 pij: probability win forecast racer 𝑗 in event 𝑖 .                        (2.20) 

One approach to determine the optimal bets for a race is the Kelly criterion (Edelman 2007) 

of maximising the expected logarithmic return for the race, given the market odds payoffs 

and win probability forecasts, as displayed in Equation 2.21. 

 
Maximize

{bij}
  EX(R) =  ∑ pij log [ bijOij −  (∑ bij)] ,n

j=1
n
j=1  

 EX(R): expected logarithm return , 

 Oij: bettor win odds ;  bij: optimal bet for racer 𝑗 event 𝑖 .                        (2.21) 

The CL/CL technique considers within race competition and models a race as an entity in 

both stages one and two, by the modelling of publicly available racer information at stage one 

(Equation 2.22), and factoring in the bettor odds at stage two (Equations 2.23 - 2.24). 

 fCL( Xij) =  
exp(δ̂Xij)

∑ exp(δ̂Xij)n
j=1

 ,                           

Xij: vector variables describe racer 𝑗 in event 𝑖 ;  n: number of racers ;  j ∈ [1. . n] .      (2.22) 

 L(δ) =  δ̂ = max ∏  
exp(δXij)

∑ exp(δXij)n
j=1

N Races
i=1  ,              

 Xij = ( Xij1, Xij2, … , Xijm);   δ {vector coefficients} = (δ1. . δm) .                        (2.23) 

The idea behind the maximum likelihood parameter estimate 𝛿   in Equation 2.23 is to 

maximize the forecast probability for racer j winning race entity i, 
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 pij =  
exp(β1fCL(Xij)+ β2Oij  )

∑ exp (β1fCL(Xij)+ β2Oij) n
j=1

                            (2.24)         

The SVR/CL method provided in Equation 2.25 combines multiple variable regression with 

normal rank order modelling to determine the winningness index in stage one (Edelman 

2007); Yij =  Φ−1(φ) ;  φ =
fpij

(n+1)
 ,                

 Yij: normal rank order model finish racer 𝑗 in event 𝑖 , 

 ∑ Yij = 0 ;   i ∈ [1 . . N] .n
j=1                  (2.25) 

The SVM/CL technique is a novel method that has recently been applied to horserace 

forecasting. The SVM/CL is a non-ranking method, unlike the three fundamental models 

discussed above which are rank reliant. The SVM/CL method derives a classification model 

to identify a race’s winner or losers, intentionally eliminating reliance upon rank order 

regression. This classification – based modelling paradigm was proposed, which relies only 

on data to distinguish winners and losers, on the basis of empirical evidence which suggests 

that information contained within minor placings may be unreliable (Lessmann & Sung & 

Johnson 2009). The SVM/CL model utilises a win or non-win indicator variable rather than a 

finishing position in stage one. The SVM constructs a set of hyperplanes in 𝑅𝑛 space that can 

be used for binary classification into racer winner or loser as shown in Figure 2.1.  

 A SVM training classifier is an algorithm that builds a model which implements 

classification by assigning test inputs into one category or the other (Edelman 2007). A linear 

classifier SVM takes a set of input data, each data point viewed as a 𝑅𝑛 vector, and wants to 

separate such points by an 𝑅𝑛−1  hyperplane into two distinct classes; i.e. the method 

constructs a maximum hyperplane in 𝑅𝑛 space which can be used for regression analysis and 

classification as observed in Figure 2.1. The objective is to achieve maximum separation 

from the hyperplane to the nearest training data point, and larger the margin the lesser the 
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generalization error of the classifier. From Figure 2.1(a), hyperplane H1 does not separate the 

binary classes, and hyperplane H2 does separate the classes but only with a secondary margin. 

H3 represents the optimal separation hyperplane (OSH) that separates the binary classes with 

maximum margin.  

 

       Figure 2.1: (a) & (b) SVM – Optimum Separation Hyperplane 

The processes of linear classification and construction of the OSH of Figure 2.1(b) is 

provided in Equation 2.26. 

Racer training data D, is a set of n points of the form  

D =  {(Xi, Yi) |  Xi ∈  Rn, Yi ∈ (−1,1), i ∈ [1. . n]} ,             

 w ∙ X − b = 0  (OSH);  w ∶ normal vector to hyperplane  , 

b

||w||
∶  perpendicular distance of hyperplane from origin , 

w ∙ X − b =  ±1  (linear classifier) ,               

w ∙ Xi − b ≥ 1 , Xi of first class ;   w ∙ Xi − b ≤ −1 , Xi of second class ,    

∴ Yi(w ∙ Xi − b ) ≥ 1 , i ∈ [1. . n] .                 (2.26) 
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Let 𝑋0 and 𝑋1 represent two sets of points in 𝑅𝑛. 𝑋0 , 𝑋1  are ‘linearly separable’ if there exist 

𝑛 + 1 real numbers (w1, w2, … , wn, k) such that 

∀ X ∈  X0  |   ∑ wjXj ≥ k ,n
j=1   wj ∈ R ,                 

∀ X ∈  X1  |   ∑ wjXj < 𝑘 ,   Xj is jth component of X .n
j=1                          (2.27) 

The objective of the SVM/CL technique is to choose a maximum – margin hyperplane to 

maximize binary classifier separation by minimizing the norm in Equation 2.28.  

min
(w, b)

 
1

2
   ⃦w  ⃦2    ;    subject to Yi(w ∙ Xi − b ) ≥ 1;   i ∈ [1. . n]               (2.28) 

One method used to evaluate the optimal solution is to apply lagrangian multiplier 𝛼𝑖  to 

determine the critical point subject to the equality constraints of Equation 2.29, 

min
(w, b)

 [ 
1

2
   ⃦w  ⃦2  −  ∑ αi[Yi(w ∙ Xi − b ) − 1]n

i=1  ]  , αi ≥ 0 (primal)             (2.29)         

Equation 2.30 provides the corresponding optimization dual maximum problem and 

lagrangian multiplier solution; 

max
(αi)

   ∑ αi

n

i=1

 ;    subject to 
1

2
   ⃦w  ⃦2 = 0 , 

max
(αi)

   ∑ αi

n

i=1

−  
1

2
 ∑ αiαiYiYjX

T
iXj

n

i,j

 ,     ⃦w  ⃦2 = w ∙ w  , w =  ∑ αiYiXi 

n

i=1

 , 

max
(αi)

 [∑ αi
n
i=1 − 

1

2
 ∑ αiαiYiYj K(Xi , Xj)

n
i,j ] ; K(Xi , Xj) =  XT

iXj ,   K(Xi , Xj): kernel function.       (2.30) 
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Figure 2.2: Nonlinear Space Transformation  

SVM’s can perform both linear classification and nonlinear classification (Figure 2.2). To 

construct nonlinear decision surfaces, support vector machine methodology map input 

fundamental data into a high-dimensional feature space using a mapping function to 

minimize intensive calculation in the transformed feature space (Lessmann & Sung & 

Johnson 2009). Kernel functions can be employed to compute the scalar product of 

transformed vectors in the feature space. The Gaussian radial basis function kernel (RBF) has 

been applied to horserace modelling with output values lying between zero and one (Edelman 

2007).   

Data which is nonlinearly separable in the input space is mapped into a feature space, and is 

separated by an OSH in this feature space. The transformation function into the feature space 

may be nonlinear and the kernel is related to the transform 𝑓(𝑋𝑖) by Equation 2.31. 

K(Xi, Xj) = f(Xi) ∙   f(Xj)  ≡  〈f(Xi), f(Xj)〉 ;  w =  ∑ αiYi f(X
i
)n

i=1                 (2.31) 

The radial basis function kernel on two samples 𝑋𝑖 and 𝑋𝑗, represented as feature vectors in 

some input space, is derived and defined according to Equation 2.32; 

K(Xi, Xj) = exp (−
|Xi − Xj|

2

2σ2
) ;   Xi~N(0,1), 

|Xi|
2 = Xi ∙ Xi  ∴  −|Xi − Xj|

2
=  −[(Xi − Xj) ∙ (Xi − Xj)] , 
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−|Xi − Xj|
2

≥  −(Xi
2 + Xj

2)  {vector triangle inequality}, 

K(Xi, Xj) = exp (−
|Xi − Xj|

2

2
) ≥ exp (

−(Xi
2 + Xj

2)

2
) , 

K(Xi, Xj) ≥  e
−Xi

2

2   e
−Xj

2

2   , 

    K(Xi, Xj) =  〈f(Xi), f(Xj)〉 ;  f(Xi) = e
−Xi

2

2  .                  (2.32) 

The first stage for the SVM/CL model produces the SVM score, and the greater the score 

then the more likely the racer is a winner. The SVM first stage does not account for within-

race competition. Within – race competition is accountable in stage two of the model, where 

the SVM forecasts from stage one are combined with the bettor odds variable in the second 

stage to estimate the racer win probability. The racer win probability forecasts derived from 

the parameters of the SVM/CL model are based upon winner or loser classification; unlike 

the rank reliant parameter estimates that derive racer win probability for the CL/CL, MLR/CL 

and SVR/CL two stage models. Lessmann and Sung and Johnson’s (2009) stage one and 

stage two processes for the SVM/CL model is outlined below in Equation 2.33; 

stage. 1:  f(Xij) =  (∑ α̂jYj exp (−
|Xj − X|

2

2σ2
)

n

j=1

) + b̂ , 

L(α. b) =  (α̂, b̂) =  
max
(αi)

   ∑ αi

N Races

i=1

− 
1

2
 ∑ αiαkYiYkexp (−

|Xi − Xk|2

2σ2
)

N Races

i,k

 ;  αi ≥ 0 , 

stage. 2:  pij =  
exp(β1f(Xij)+ β2Oij)

∑ exp(β1 f(Xij)+ β2Oij)n
i=1

  ,   

pij: probability win forecast racer 𝑗 in event 𝑖 ;  Oij: bettor win odds .             (2.33)   
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Lessmann and Sung and Johnson’s (2009) race results concluded that the SVM/CL 

classification-based model compares favourably in performance with the rank order models 

discussed previously in Chapter 2. Betting exchanges and EEN’s are precursors toward 

deterministic modelling, and arbitrage field returns can be achieved from favourable trading 

of the horserace market odds. Betting inputs for portfolio is being critically examined in the 

thesis. The remainder of Chapter 2 discusses fund return – to – risk optimizer techniques and 

portfolio performance measures accountable for exchange traded betting funds (ETBF) 

developed in this thesis. 

2.4 Fund return – to – risk optimizer techniques 

The objective of fund managers is to maximize shareholder wealth, and one contributing 

factor to achieve this goal is to maximize payoff (return) of the fund’s assets. Return - to – 

risk optimization techniques calculate asset allocation for a given portfolio management 

objective and constraint set. A common consensus shared by institutional investment policies 

is for risk averse investing. The prevailing return – to – risk trade-off for a risk averse 

domestic or international investor is to maximize asset return for an accepted exposure, or to 

minimize risk for an acceptable return as graphed in Figure 2.3 and Figure 2.4 respectively 

(Lizarazo 2013). Mean-variance optimizers have developed from application of the 

Markowitz (1959) efficient frontier curve of Figure 2.3. The efficient frontier is a graph of 

efficient portfolios for the risk averse investor. An efficient portfolio is a single asset or 

multi-assets that offer a higher expected return at some risk, or lower risk with same expected 

return, than any other portfolio. The true efficient frontier graphs the known weights, mean 

and variance parameters, and can be compared with the estimated efficient frontier which 

graphs parameter and weight estimates (Broadie 1993).  

 



 38 
 

2.4.1 Mean-Variance portfolio optimization  

 

The lagrange technique of maximizing expected portfolio return for an accepted exposure of 

portfolio size N to generate the efficient frontier of Figure 2.3 is outlined in Equation 2.34. 

 Maximize    μp(w) =  μwT ;   μp: expected portfolio return , μ: (μ1. . μN), w: (w1. . wN),  

 constraints   w𝚺wT  ≤  σ2
p ;  ewT =  1 , e = (1. .1) ; w ≥ 0 , 

Ʌ(μ, w, λ) = (μwT ) − λ(w𝚺wT −  σ2
p) ;  λ: lagrange multiplier , 

∂Ʌ

∂w
=  μ − 2λw𝚺  ;   

∂Ʌ

∂w
= 0 ∴ w =  

μ

2λ𝚺
  ,  

w𝚺wT  ≤  σ2
p ;   (

μ

2λ𝚺
)

2

𝚺 ≤  σ2
p , 

 ∴  
4λ2𝚺

μ2
 ≥  

1

σ2
p

 .                                                     (2.34) 

The dual process using the lagrange multiplier to minimize the (μp, σ2
p) space of Figure 2.4 

is outlined in Equation 2.35. 

Minimize  σ2
p(w) =    w𝚺wT ;  σ2

p: portfolio variance,     

    constraints μwT = μp ;  datRat = μa ;   a ∈ [1. . N] , 

Figure 2.3: Efficient Frontier Figure 2.4
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Rat: return asset 𝑎 time 𝑡  ;   dat: discount rate asset 𝑎 time 𝑡,  

Σ =  (

θ2
1 θ1θ2 … θ1θN

θ2θ1 θ2
2 … θ2θN

θNθ1 θNθ2 … θ2
N

) ;   Σ: covariance matrix (N × N), 

∴ Minimize  σ2
p(w)  =    w𝚺wT  , 

constraints  AwT = B ;   A = (
μ

e
) ;   B =  (

μp

C0
)  (C0 = 1) , 

Ʌ(μ, w, λ) = (w𝚺wT) −  λ(AwT − B) , 

Ʌ(μ, w, λ)  ≡  w2𝚺 − λ(AwT − B) , 

∂Ʌ

∂w
= 2w𝚺 − λA  ;  

∂Ʌ

∂w
= 0 ∴ w =  λ0A𝚺−1 (λ = 2λ0) , 

AwT = B ∴  A[(A𝚺−1)T λ0
T] = B , 

   ∴  λ0
T =  (A𝚺−TAT)−1 B .                                                 (2.35) 

From developing optimal portfolios the fund manager will monitor and compare the 

performance of the fund to benchmarks, such as the S&P/ASX 200 index. The Sharpe ratio 

and coefficient of variation are two fund performance rank measures. The Sharpe ratio 

provides a measure of the excess fund portfolio return to benchmark (alpha return) per unit 

standard deviation, S =  
Rp− Rb

θp
 .  The inverse Sharpe ratio (coefficient of variation) 

alternatively measures the exposure per unit alpha return, S−1 =  
θp

Rp− Rb
 . Risk averse investor 

preference is to maximize the Sharpe ratio along the efficient frontier of the pure risky 

portfolio, or to minimize the inverse Sharpe ratio. These two measures can be represented as 

primal – dual optimizer techniques outlined in Equation 2.36; 
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Max  
μwT −  Rb

(w∑wT)1/2
 ;  ewT = 1;  w ≥ 0 (primal), 

Min 
(w∑wT)1/2

μwT −  Rb
 ;  ewT = 1;  w ≥ 0 (dual), 

                        Rp =  μwT ;  Rp: portfolio return ,  Rb: benchmark return .                       (2.36)     

Mean-variance optimizers may result in unintuitive portfolios with extreme positions in asset 

classes that are unpalatable for fund managers and the risk averse investor as a result of 

outlier inputs. For example, extreme asset returns influence the historical mean and variance 

of asset returns, which are common inputs for the expected mean and expected variance of 

the Markowitz algorithm (Huang et al. 2008). Parametric and nonparametric techniques that 

modify the input parameters have been developed; for example constraints on the weights of 

asset classes in optimal portfolios is one process to mitigate the effect of extreme positions in 

optimized portfolios suggests King (2007). King (2007) trials the inclusion of a 

nonparametric diversification parameter δ to mitigate the effect of input outliers, and can be 

incorporated into the mean-variance optimizer of Equation 2.37;  

max  μp(w) =  μwT , 

constraint w𝚺wT  −   δ ∑ wi
2 

N

i=1

≤  σ2
p − 1 ;  δ ∈ [0. .1] ,  

                               wi: weight  asset 𝑖  , δ: diversification parameter .                                (2.37) 

2.4.2 Forward search portfolio optimization  

For normally distributed univariate data, outlier data detection is determined from the z score, 

which is a Euclidean distance measuring the number of standard deviations a data value is 

from the mean. Generalizing to multivariate data, prediction ellipses which are contours of 
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the multivariate normal density function, are a multivariate generalization of units of standard 

deviation. Multivariate probability contours are used to compare distances to the multivariate 

mean. For instance, data value 𝑋𝑖  is closer than value 𝑋𝑗  if the contour that contains 𝑋𝑖  is 

nested within the contour that contains 𝑋𝑗. These probability contours define the Mahalanobis 

distance for the 𝑡𝑡ℎ observation: dt
2 = (yt − �̂�)T∑̂−1(yt − �̂�). The Mahalanobis distance 

accounts for the following three multivariate properties: differing variances, the covariance 

between variables, and calculates a Euclidean distance for uncorrelated multi-variables with 

unit variance; i.e. the Mahalanobis distance represents a multivariate z score.  

The forward search process can be divided into a two stage process that attempts to firstly 

eliminate the masking effect of outliers by detecting multivariate outliers. The method splits 

the data sample of size T into a clean data set (CDS) of size 𝑚0, and the remainder containing 

potential outliers of size  𝑇 − 𝑚0. The forward search process fits subsets of size m, with 

m0 ≤ m ≤ T, in a manner that outliers not following the general structure of the data set are 

identified from mathematical diagnostic monitoring as outlined in Equation 2.38.   

Y ~ N(μ , ∑) , 

μ =  [E(y1)] . . E(yN)]  ;  ∑ =  [Cov[yi, yj]]  ;   i, j ∶ Asset , 

pit =  (pi1 , … , pit, … , piT)  ;   yit  ≈  ln (
pit

pi(t−1)
)  ≈  

pit

pi(t−1)
− 1; pit: price asset 𝑖 time 𝑡 , 

Y =  (y1 . .  yN)T =  (

y11 ⋯ y1T

⋮ ⋱ ⋮
yN1 ⋯ yNT

) ;  Y: Asset return matrix , 

yi =  (yi1 , … , yit, … , yiT) , yi: Asset i return ;  yt =  (y1t . .  yNt)T , yt: Asset returns time t , 

    i, j ∈ [1. . N] ;   t ϵ [1. . T].                 (2.38) 
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The CDS 𝑆(𝑚)  generates distances dt(m)
2 = (yt − μ̂m

T)T (∑̂m)−1 ( yt − μ̂m
T);  μ̂m and ∑̂m  

are the mean and covariance matrix estimates on subset 𝑆(𝑚). The forward search process  

ranks observations corresponding to the m+1 smallest as the new subset 𝑆(𝑚 + 1).  The 

minimum Mahalanobis distance among observations that are not in the subset are examined; 

dmin(m + 1) , i ∉  𝑆(𝑚). If the ordered m+1 observation is an outlier relative to the other m 

observations, this distance will be significantly larger compared with the maximum 

Mahalanobis distance of observations in the subset. For decision testing the number of 

outliers in a sample, the distribution of 𝑑𝑚𝑖𝑛(𝑚) is required, and test statistic 𝑑𝑚𝑖𝑛(𝑚 + 1) is 

the (𝑚 + 1)𝑡ℎ ordered value for the T Mahalanobis distances. 

The second stage of the forward search process provides a weighted version for both the 

portfolio mean and covariance matrix estimates, and is subject to outlier observations 

receiving the smallest weighting; i.e. the forward search objective is to determine weightings 

yt =  (y1t , … , yNt) , wit  ∈ [0,1] for each observation in the multiple time series. Equation 

2.39 outlines the method from Grossi and Laurini (2011) to determine weightings for the 

portfolio mean and covariance matrix estimates.  

wit = exp(−πit) ;  wit: weighting asset 𝑖 in time 𝑡 , 

πit =  πt  
θit

∑ θit
N
1

 ;  πit: outlyingness index ,   

θit =  
|yit|

MAD(yi)
 ; MAD(yi): median absolute deviation from median of yi , 

πt =  
∑ πt

(m)T
m=m0

T −  m0 + 1
 , 

πt
(m) = 0 ,  d2

t(m)  ∈ [0, Fδ],  

 πt
(m) =  (d2

t(m) −  Fδ)
2

 , d2
t(m)  >  Fδ ;  Fδ: δ percentile of FN,T−N , 
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μ̂ =  
[ŵ1y1 . . ŵNyN]

T
 ;  ŵit ∀ yit , 

∑̂ =  
[(Ŷ−μ̂T1T)(Ŷ−μ̂T1T)

T
]

T
 ;  Ŷ = (ŷ1. . ŷN)T ;  ŷit =  yit√wit   .            (2.39) 

2.5 Chapter summary  

This chapter demonstrates that the existing literature on horserace betting models are 

predominantly stochastic processes to forecast racer win and place probabilities, and expected 

payoff for betting products. Betting products are permutations, and the chapter displays the 

development in rank order permutation modelling applied to horserace betting. The stochastic 

horserace betting models have received technical or fundamental classification. These 

technical and fundamental models for betting market trading share a multi-stage sequential 

process that generates permutation probabilities and calculates expected payoff. The 

stochastic horserace technical models of parametric distribution use only the bettor odds to 

calculate probabilities and payoff. The bettor odds embrace EMH theory that past and current 

racer information has been correctly factored into the bettor odds. Technical model theory has 

progressed from the L-Decomposable model to models (and their derivatives) based upon the 

normal, gamma and exponential parametric distributions.  

The stochastic fundamental betting models of non-parametric distribution embrace firstly 

selective racer variables to determine score ability, and then combine results with the bettor 

odds variables to forecast permutation probabilities and payoff. These fundamental models 

attempt to extract knowledge from publicly available information that was not fully 

discounted in the market odds. Subsequently, if betting based upon the probabilities 

generated by the fundamental models yields consistent profits, then this would challenge the 

EMH theory. Accordingly, fundamental horserace betting models have evolved from 

multinomial logit, multiple linear regression, and support vector machine methodology to 
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determine firstly a winningness index. The MLR/CL, CL/CL and SVR/CL fundamental 

techniques are rank dependent, whereas the SVM/CL model applies classification into a 

winner or loser, and is a non-rank reliant technique. The winningness index results from the 

first stage are then combined with the market odds in the second stage to determine 

probabilities to calculate expected payoffs.  

This chapter achieved objective one to review the existing horserace betting model literature 

for institutional market trading. The stochastic horserace betting models, analogous to 

financial market pricing models, optimize expected return either on individual or field win 

and place bets. All the technical and fundamental horserace betting models challenge the 

semi-strong EMH. Stochastic betting strategies determine an expected payoff-exposure for 

institutional investment consideration. Importantly, the chapter demonstrates the anomaly in 

the literature, of stochastic betting strategies modelling expected return for wagering, yet 

horserace betting provides a defined return. The zero return - to - nil risk field bet principle of 

pari-mutuel wagering requires serious consideration for application toward deterministic 

algorithm to challenge the semi-strong EMH theory.  

The chapter ended with theory about the optimal allocation of assets in portfolio, and has 

relevance with this research to illustrate betting input for portfolio. In chapter 5 an illustration 

of betting input for portfolio is provided, as premiss for much more extensive research and 

testing to be conducted on horserace betting as an alternative or mainstream asset in portfolio. 

Again, this research is finding solution to the primary question being asked; does a profitable 

exchange traded horserace betting fund with deterministic payoff exist for acceptable 

institutional portfolio return-risk? Chapter 2 has successfully achieved objective one. Chapter 

3 outlines the research methodology toward achieving the remaining two objectives to find 

solution to the research questions. 
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CHAPTER 3 

RESEARCH METHODOLOGY 

3.1 Research questions and objectives  

The primary research question asked in this thesis is does a profitable exchange traded 

horserace betting fund with deterministic payoff exist for acceptable institutional portfolio 

return-risk? This research question has arisen from three specific gaps in the existing 

literature and mathematical theory as described in chapter’s one and two. These three gaps in 

the literature are complemented by three specific objectives to reach solution for the research 

question of a profitable exchange traded horserace betting fund with deterministic payoff for 

institutional investment. 

 The first requirement was to examine the scope of existing horserace wagering technical and 

fundamental optimal model development. The first objective was achieved in chapter two of 

the thesis. The outcome from the review of the existing horserace betting models is that a 

technical deterministic horserace betting model and its hybrid return-risk properties of both 

the equity and debt markets warrants examination. 

Secondly, a mathematical principle of field pool wagering has been overlooked, and from 

which arises enhanced optimal horserace betting model development opportunity. The third 

objective is to construct an ETBF for the institutional investor, suited to factors of liquidity 

and transparency available from the EEN’s encompassing the betting markets. The remaining 

two research objectives from chapter 1 to be reached are accordingly; 

 (ii) develop mathematically a new deterministic betting model (DBM) and algorithm for 

market trading that calculates pre-race (or within race) actual racer field win or place payoff; 



 46 
 

and demonstrate the horserace DBM on a galloper racing data sample achieves profitable 

payoff against an SBM benchmark at an acceptable level of significance; and 

(iii) demonstrate an ETBF on a galloper racing data sample achieves profitable payoff against 

the SPDR S&P/ASX 200 fund, at an acceptable level of risk. 

Furthermore, the second objective answers the secondary question does a DBM outperform 

an existing technical SBM benchmark; and the third objective answers the secondary 

question, does an ETBF become an optional product to the SPDR S&P/ASX 200 fund for the 

investor? 

The research methodology outlines a three stage process to achieve the remaining two 

objectives and research aim of implementing an ETBF with deterministic payoff into market. 

The three design stages are respectively the pre-production, production and post-production 

phases of the research methodology, that typify stages of the industry research and 

development cycle (Wikipedia n.d.). Analogous to research conducted on horse racing, the 

pre-production stage is referred to as the pre-race phase, the production section reflects the 

horserace event, and the post-production correspondingly is the post-race phase. 

 The pre-race stage firstly defines the primary hypothesis and sub-hypotheses statements 

formulated from the questions (to be tested), and defines the research variables from the 

betting market space. This is followed by an overview of the mathematical analysis and 

development of an optimal deterministic horserace betting technical model and algorithm 

from mathematical first principles and theorem proposition. The stage finishes with overview 

for construction of an ETBF for application of the developed DBM. The horserace event is 

comprised of the following sub-sections: race sample selection and the data collection 

process from the EEN for the event, and the workings and operation of both the DBM (and 

algorithm) and the ETBF. The post-race stage details race results and analysis, and model and 
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fund outcomes, from which the research hypotheses are tested to find solution to the research 

questions. 

3.2 Pre-race stage  

3.2.1 Primary hypothesis and sub-hypotheses statements 

The research’s primary hypothesis is accordingly; 

H0: no profitable horserace betting market strategy exists, 

Ha: profitable exchange traded horserace betting fund with deterministic payoff exists. 

The primary hypothesis statement to be tested at 𝛼 = 5%  is detailed in Equation 3.1. 

H0 ∶  μ ҩɌ
=  0 , 

Ha ∶  μ ҩɌ
 > 0 , 

𝖷 ҩɌ
~ N (μ,

σ2

n
), 

𝖷ҩɌ
: sample mean betting strategy alpha return (per race) , 

 ҩɌ =  PayoffETBF|DBM −  PayoffBenchmark  (excess return above benchmark) .             (3.1) 

Alpha return in industry is defined as the excess investment return over a benchmark (King 

2007). ҩɌ  denotes betting strategy alpha return to represent the excess return (per race), 

above the financial benchmark, from exchange traded betting fund with deterministic payoff. 

The semi-strong efficient market hypothesis suggests that no profitable horserace betting 

market strategy exists. The primary hypothesis statement to be tested at 𝛼 = 5% is that an 

exchange traded betting fund with deterministic payoff as betting strategy, can achieve 

abnormal returns above financial market model benchmarks. The sample mean alpha returns 
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are assumed to be normally distributed; 𝖷 ҩɌ
 represents sample mean betting strategy payoff 

excess (per race) from the financial benchmark payoff.  

Nested within the primary hypothesis statement are two sub-hypotheses statements that 

reflect the two remaining objectives and the two secondary questions that they ask. Objective 

two asks is there a DBM that achieves abnormal profits against an SBM benchmark, and 

objective three invokes the idea of a profitable ETBF product for the risk averse investor.  

The sub-hypotheses one and two are worded accordingly; 

H10: no difference in performance between DBM and stochastic model , 

H1a: DBM outperforms stochastic horserace model benchmark ; 

H20: no difference in performance between ETBF and SPDR S&P/ASX 200 fund , 

H2a: ETBF outperforms SPDR S&𝑃/𝐴𝑆𝑋 200 𝑓𝑢𝑛𝑑 . 

The sub-hypotheses statements to be tested at 𝛼 = 5%  are detailed in Equation 3.2. 

    H10 ∶  μ ҩɌ1
=  0 , H1a ∶  μҩɌ1

 > 0 ,  

   H20 ∶  μ ҩɌ2
=  0 , H2a ∶  μ ҩɌ2

 > 0 ,  

𝖷ҩɌ1
~ N (μ1,

σ2
1

n1
) , 𝖷ҩɌ2

~ N (μ2,
𝜎2

2

n2
),   

  ҩɌ1
=  PayoffDBM −  PayoffSBM ,  ҩɌ2

=  PayoffETBF − PayoffSPDR S&𝑃/𝐴𝑆𝑋 200 𝐸𝑇𝐹   .     

(3.2) 

Betting strategy alpha return is assumed to be composed of model alpha return and ETF alpha.  

An ETF fund may be trading at a premium to its benchmark even though the two financial 

models share identical model alpha. SPDR ETF’s ‘performance returns are calculated based 
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on changes in the net asset value of the fund rather than the last quoted price’ (State Street 

Global Advisors n.d.).The sum of the two assumed normally distributed independent random 

variables 𝘟ҩɌ1
 and  𝘟ҩɌ2

to derive the distribution for 𝘟ҩɌ
 is provided in Equation 3.3.        

𝖷ҩɌ
=  𝖷ҩɌ1

+  𝖷ҩɌ2
,   

E( 𝖷ҩɌ
) = E [ 𝖷ҩɌ1

+ 𝖷ҩɌ2
] = E [𝖷ҩɌ1

] + E [𝖷ҩɌ2
] , 

E[𝖷ҩɌ
] = E [ 

∑Xi

n1
] + E [ 

∑Xj

n2
]  =  

1

n1
 E[∑Xi] +  

1

n2
 E[∑Xj], 

E[𝖷ҩɌ
] =   

1

n1

[n1μ1] +   
1

n2

[n2μ2]  =  μ1 +  μ2 , 

σ2
𝖷ҩɌ

=  E[𝖷ҩɌ

2
] −  [E(𝖷ҩɌ

)]
2

 =   E [(𝖷
ҩɌ1

+ 𝖷ҩɌ2
)

2

] −  [E (𝖷ҩɌ1
+  𝖷ҩɌ2

)]
2

 , 

= E [𝖷
2

ҩɌ1
 +  2 𝖷ҩɌ1

𝖷ҩɌ2
+  𝖷

2

ҩɌ2
] −   [[E(𝖷ҩɌ1

)]2 + 2 E (𝖷ҩɌ1
) E (𝖷ҩɌ1

) + [E (𝖷ҩɌ2
)]

2

 ] , 

σ2
𝖷ҩɌ

=  [E (𝖷
2

ҩɌ1
) −  [E(𝖷ҩɌ1

)]2]  +   [E (𝖷
2

ҩɌ2
) − [E(𝖷ҩɌ2

)]2]  =  σ2
𝖷ҩɌ1

+ σ2
𝖷ҩɌ2

 ,  

σ2
𝖷ҩɌ

=  [E (
ΣXi

n1
)

2

−  [E(
ΣXi

n1
)]2]  +  [E (

ΣXj

n2
)

2

−  [E(
ΣXj

n2
)]2] ,  

σ2
𝖷ҩɌ

=  
1

n1
2

 [E(ΣXi
2) −   [E(ΣXi)]2] +  

1

n2
2

 [E(ΣXj
2) −   [E(ΣXj)]

2
] , 

σ2
𝖷ҩɌ

=   (
1

n1
2

)  Var(ΣXi) +   (
1

n2
2

)  Var(ΣXj) ,  

=  (
1

n1
2

) [var(X) +  var(X) +  … + var(X)]  +   (
1

n2
2

) [var(X) +  var(X) +  … + var(X)] , 

σ2
𝖷ҩɌ

=   
n1σ1

2

n1
2  +  

n2σ2
2

n2
2  =   

σ1
2

n1
 +   

σ2
2

n2
 .                                         (3.3)         
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3.2.2 Racing populations, parameters and statistics 

The EEN facilitates the trading of global financial market products, and encompasses the 

horserace betting market. The EEN has extended the scope of bettor activity with the access 

to diverse financial betting markets and wager products for racer events as depicted in    

Figure 3.1. 

 

From Figure 3.1 the research populations are defined from which the population parameters 

and sample statistics are derived. The four racing populations essential to this research, and 

from which the racing parameters and statistics are drawn are listed in Table 3.1. 

Table 3.1: Racing Populations 

 Prace: Global horserace population in calendar year             
 PɌ:      Racer population competing in global horserace events 
 PMM:  Market maker population offering Bid – Ask spread on global horserace events 
 Pbet:   Betting products available to bettor from global market makers 
 

The population of global horserace meets 𝑃𝑟𝑎𝑐𝑒  extends from the southern to the northern 

hemisphere. The variables drawn from racer population  𝑃Ɍ include the racer variables and 

RACER  EVENT

                 TRACK BOOKMAKER

     ONLINE

         TOTE

     LBO

                BETTING EXCHANGE

Figure 3.1:  EEN Betting Matrix

BET
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associated variables of breeder, owner, trainer, and jockey. Global horserace wagering 

facilities include the track, licensed betting office (LBO) outlets, online tote or fixed odd 

betting, and person-to-person (p2p) betting exchange operations. The horse racing market 

maker population  𝑃𝑀𝑀 quote a bid – ask spread in the betting instrument for both the retail 

and institutional investor. The bidder is the bet taker, and the asking price is offered by the 

bet layer. The bet products  𝑃𝑏𝑒𝑡 available for the bettor include the win, place and trifecta 

bets, and other racer permutation products. 

These evolved facilities can enable institutional horserace betting funds to trade continuously 

from the southern to the northern hemisphere, and to trade automatically with multiple 

market makers. From population, a proper subset of races can be drawn from selection 

criteria and fund policy. The racing sample size ranges from singular (race unit) to 

consecutive races for continuous trading by the institutional fund. The population parameters 

and sample statistics drawn from the research populations to test the primary hypothesis and          

sub-hypotheses statements are provided in Table 3.2. 

Table 3.2: Population Parameters and Sample Statistics 

Population Parameters Sample Statistics 

Racer Group: Ɽn = {Ɍ} Racer Permutation: Ɍ =  (Ɍ1, Ɍ2, … , Ɍn) 

μ ҩɌ
: betting strategy alpha return mean 𝖷ҩɌ

: betting strategy alpha return sample mean 

σ2
 ҩɌ

: betting strategy alpha return variance s2
 ҩɌ

: betting strategy alpha return sample variance 

N: total number of races n: sample size 

 

The objective for institutional investment decision-making is optimal asset allocation says the 

ASX Group (2013). The horserace betting models (and algorithm) are the drivers for optimal 

betting strategies to develop an ETBF product that provides a return-risk trade-off acceptable 
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for institutional investment. The deterministic betting model that is developed in the next 

section is classed as a technical model according to literature classification (Edelman 2007; 

Lessmann & Sung & Johnson 2009). A deterministic payoff function is derived that 

optimizes unerringly actual payoff from the horserace bettor odd arguments. Subsequently, 

the research assesses the worth of deterministic processes to model the defined payoff from 

horse racing, and implication for broader financial betting market strategy and investment.   

3.2.3 Deterministic betting model design 

There is extensive documentation on stochastic horserace betting models that forecast 

expected win and place racer probabilities, and from which optimal wager allocation and 

expected payoff over the racer sample are calculated. The cost of stochastic modelling 

processes is the randomness present with expected payoff calculation, whose shared inputs 

are the technical and fundamental variables and random variables, which are described by 

probability distributions. The profoundness of a deterministic model is that every set of 

variable states is uniquely determined by statistics in the model and by sets of previous states 

of these variables wrote Yang (2008). In a deterministic horserace system a change in the 

bettor odds arguments will have an accurate measure on the actual payoff function. This 

inherits the hybrid capital market properties for the DBM, and actual payoff is analogous to 

debt market fixed payoff. 

The deterministic betting model constructed in Equation 3.5 simultaneously defines racer 

field actual return, and generates optimal wager allocation cross the racer sample. The 

purpose of field betting on win or place permutations is to eliminate the randomness created 

from random variable probability distribution, and to determine the pre-race payoff and risk-

return certainty for the risk- averse investor. The objective of field wagering is to achieve 

arbitrage; i.e. pre-race positive return – nil risk locked into a single race, or consecutive races 

http://en.wikipedia.org/wiki/Deterministic_system
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for the investor. This arbitrage that is achievable from horse racing compares to a fixed return 

savings vehicle. 

The foundation of the DBM is based upon two mathematical principles for pool wagering, 

and both have been apparently masked from the existing literature on horserace betting model 

construction. Firstly, Williams (1999) made remark that the track commission on a race 

reduces the effective odds to bettors to favour the market maker; i.e. the sum of prices 

implied in the odds is greater than one, and the average bettor trades at a loss. The 

mathematics outlining the relationship of bettor odds to track commission is provided in 

Equation 3.4. 

∑
1

QOi
= X (> 1) , 

QOi: net bettor odds (less track commission), 

Oi: gross bettor odds(pre − commission); Q: payback portion , 

1

Q
∑

1

Oi
 = X ∴ Q =

1

X
 , 

Q = 1 − t ;  t: track commission , 

     ∑
1

Oi
 = 1 .                                                               (3.4) 

This principle is inherent for a second mathematical principle about pool wagering. The 

optimal solution from field betting on the gross odds is a zero return – nil risk trade off; 

i.e.PayoffDBM = f(Ɍ; On, bn) = 0 .    

The non-linear programming horserace DBM© presented in Equation 3.5 optimizes racer 

field win and place wagering. 

Maximize    Payoff(n)( Ɍ; On, bn) =  |Ь ∙ 𝐎| − ∑ bi
n
i=1  =  ∑ |biOi|

n
i=1 −  ∑ bi

n
i=1  ,     

constraints   |Oibi| = |Ojbj| , ∀ i ≠ j , 
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𝐎 = On ∈ Rn ;  Oi  ≥ 0 ;  Oi ∈ R , 

Ь = bn ∈  Cn ;   bi = (xi, yi) .                                                (3.5) 

The workings of the DBM (and algorithm) presented enable the simultaneous calculation of 

optimal field bets and the resulting net payoff from the race. The framework for the model’s 

variables is the complex number field, where the bet argument and resulting payoff 

dependent are both assigned as a complex couple. The DBM’s output can demonstrate the 

pool wager principle that field betting on the gross odds generates a zero return – to -  nil risk 

trade-off as displayed in Figure 3.2. 

Ɍ𝑖 𝑂𝑖 𝑏𝑖 𝑅(𝑏𝑖) 𝑅𝑛𝑒𝑡(𝑏𝑖) %𝑅𝑛𝑒𝑡(𝑏𝑖) 
1 10 $0.10 $1.00 $0.00 0.00% 

2 5 $0.20 $1.00 $0.00 0.00% 

3    3. 3̇ $0.30 $1.00 $0.00 0.00% 

4 2.5 $0.40 $1.00 $0.00 0.00% 

 ∑
1

O𝑖
= 1

4

1

     

Figure 3.2: Pool Wagering 

Ɍ(bi) =  |biOi|  ;   

Ɍnet(bi) =  |biOi| −  ∑ bi

n

i=1

 , 

   %Ɍnet(bi) = (
Re(Ɍnet(bi))

Re(∑ bi
n
i=1 )

 ,
Im(Ɍnet(bi))

Im(∑ bi
n
i=1 )

)  × 100% .              (3.6) 

From Figure 3.2 the sum of the win probabilities from the gross bettor odds add to unity, and 

a zero return is achieved with zero exposure from betting over the racer field (n=4). 

Subsequently, an investor able to obtain improved gross market odds from the global 

population of market makers would attempt to generate arbitrage. Outlined in Table 3.3 are 

the deterministic betting model’s variables and the equivalent stochastic betting model’s 

(benchmark) random variables; the DBM variable’s calculations are detailed in Equation 3.6. 
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Table 3.3: DBM and SBM variables 

DBM  Variables                                             SBM  Random Variables 

Ɍi: racer i from sample 

Oi: bettor odds for racer i from sample 

 bi: optimal bet for racer i from sample           bi :  optimal bet for racer i from sample   

R(bi) : gross return racer i                              E[R(bi)] ∶  expected  gross return racer i    

 Ɍnet(bi) : net return racer i                            E[Ɍnet(bi)] : expected net return racer i                                 

 %Ɍnet(bi) : net percentage return racer i         E[%Ɍnet(bi)] :percentage expected net return              

 

Importantly, the DBM’s output is a mathematical application of the Cauchy-Riemann theory 

of complex differential equations. This theory and its connection to the developed DBM are 

detailed in Chapter 4 on the workings of the deterministic betting model. In fact, 

deterministic modelling of future events through known parameters has significant 

application for financial market investment payoff, as evident in the debt markets; and 

equally significant application toward betting on consecutive horseraces.  

Chapter 4 presents a new paradigm for horserace market betting. A multiple system 

optimization model is developed which generates the optimal solution for complex system 

inputs. This theorem has application for all science. One application for this theorem will be 

shown to be betting on multiple races for the ETBF and investor. 

3.2.4 Exchange traded betting fund design 

Horserace wagering provides a defined return, and the developed deterministic betting model 

with favourable trading of the bettor odds, as will be demonstrated in Chapter 4, attempts to 

achieve arbitrage. A deterministic model that is capable of consistently achieving arbitrage 

conflicts with the semi-strong EMH on horserace betting. Exchange traded fund arbitrage is 

http://en.wikipedia.org/wiki/Exchange-traded_fund
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not uncommon, and can result from simultaneous trading in the shares in the underlying 

securities held by the fund and the ETF shares. An ETF may trade at a premium or discount 

to the value of its underlying assets. When the ETF trades at a premium, an arbitrageur will 

buy the underlying securities, convert them to shares in the ETF, and sell them in the open 

market. When a discount appears, an arbitrageur will do the reverse. In this way, the 

arbitrageur makes a low-risk profit, while keeping ETF prices in line with their underlying 

net asset value. As comparison, the on-going successful trading on the horserace betting 

market to achieve arbitrage frequently, enables the construction of an ETBF offering an 

acceptable return-risk trade-off for institutional investment. 

The SPDR S&P/ASX 200 fund (STW ticker) tracks the investment performance of the 

S&P/ASX 200 index. The S&P/ASX 200 index represents the benchmark index of the 

Australian share market; a performance measure of the leading 200 stocks (by market 

capitalization) on the ASX, whom comprise eighty percent of the total Australian equity 

market capitalization. The SPDR S&P/ASX 200 ETF units are traded on the ASX, and 

typical share trading techniques include stop orders and limit order requests. These ETF’s pay 

dividends semi-annually and franking credit is attached.  

Importantly, the ETBF model is designed as a savings fund to pay a continuous dividend, that 

is associated with a force of interest, to unit holders. The investment performance of the 

ETBF is compared with the investment performance of the SPDR S&P/ASX 200 fund, with 

illustration as input for portfolio provided. The detailed construction and workings of the 

ETBF is provided in Chapter 4.   
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3.3 Race event 

3.3.1 Sample and data selection 

A global sample of three hundred consecutive galloper races was randomly selected from the 

global racing population held over the calendar year. The randomly selected data collection 

period conveniently commenced from first January 2012. The sample of three hundred 

consecutive races was taken from the regional racetracks of Australasia (Australia and New 

Zealand), Asia (Singapore and Hong Kong), South Africa and the United Kingdom. The data 

collection simulates ‘pass the bet globally’ - continuous trading on betting market races from 

the southern to the northern hemisphere. The assumption has been made that the random 

sample statistics will be a true reflection for the population parameters, and assumed not 

subject to sampling error. 

From the population of market makers, the online tote provider https://tatts.com/tattsbet was 

conveniently randomly chosen to provide racer information and the bettor odds for betting 

product selection. The two betting products considered in the research are field win and place 

wagering; field win bet and field place bet are compounded win and place elementary bets 

over the racer field. 

 3.3.2 DBM and ETBF workings 

The detailed analysis of the DBM and ETBF operation is provided in Chapter 4.The DBM 

determines the amount to be invested by the ETBF. The working of the DBM (and algorithm) 

determines the optimal wagering amounts to be invested by the ETBF on the consecutive 

races, and calculates simultaneously the actual race payoff for the fund.  

 

 

https://tatts.com/tattsbet
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3.4 Post-race stage 

3.4.1 DBM and ETBF results and analysis  

The developed DBM is considered a technical betting model. Field racer payoff results from 

the DBM will be compared with payoff from the normal rank approximate benchmark model 

for the race sample. Although dated, both Lo and Bacon-Shone and Busche (1995) and Ali 

(1998) tests showed that the normal model forecasted horserace rank probabilities more 

accurately than the gamma rank or L-decomposable models.  

The payoff from the ETBF driven by the deterministic model will be compared with the 

performance of the SPDR S&P/ASX 200 fund benchmark. Furthermore, the ETBF as input 

for portfolio will be demonstrated as precursor for continued extensive examination of betting 

input for institutional investment. 

3.4.2 Primary hypothesis and sub-hypotheses testings 

The results and analysis from the workings of the DBM and ETBF will be used for the 

statistical testing of the sub-hypotheses and primary hypothesis, so to find solution to the 

research questions. Chapter 5 of the thesis provides the results and a detailed analysis of the 

modelling and statistical findings. 

3.5 Chapter summary 

Chapter 3 presides over the research methodology to test the primary hypothesis that a 

profitable exchange traded horserace betting fund with deterministic payoff exists for 

acceptable institutional investment. Importantly,  𝖷ҩɌ
,  denotes the sample mean betting 

strategy alpha return (per race), and its distribution is assumed normal. King (2007) remarked 

that industry alpha return is the excess investment return from benchmark, and betting 

strategy alpha return for this research denotes the horserace excess return generated from 
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ETBF with deterministic payoff, above the financial benchmark return. The betting strategy 

alpha return is assumed to be composed of model alpha return and fund alpha. The model 

alpha return represents the excess payoff of deterministic horserace modelling from a 

stochastic benchmark; and the fund alpha return represents the excess payoff of an ETBF 

from an ETF benchmark. Subsequently, the distribution for 𝘟ҩɌ
 is mathematically derived 

from the sum of the two assumed normally distributed independent random variables 

𝘟ҩɌ1
 and  𝘟ҩɌ2

, which denote sample means model alpha return and fund alpha return 

respectively. Essentially, nested within the primary hypothesis are two sub-hypotheses to be 

tested, which reflect objectives two and three. 

The research methodology specifies a three stage process to achieve these final two 

objectives. The design stages are appropriately defined as the pre-race, the event, and the 

post-race stage of the research methodology. The pre-race stage defines the primary 

hypothesis and sub-hypotheses statements, and defines the variables from the betting market 

space. The construction of the DBM and ETBF belongs to this stage. The event stage 

encompasses the sampling technique and data collection process, and the workings of the 

DBM and ETBF. This new paradigm for horserace investing is inherent to Chapter 4. The 

post-race stage is the results and analysis stage that is detailed in Chapter 5. This stage 

embraces the display of the sample race results, and model and fund analysis. The stage 

concludes with illustration of betting input for portfolio, and the essential testing of the 

primary hypothesis and sub-hypotheses statements, which is integral to finding solution for 

the primary and secondary research questions.  
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CHAPTER 4 

NEW PARADIGM FOR HORSERACE BETTING 

Chapter 4 presents a new paradigm for horserace wagering with a detailed mathematical 

analysis and workings for the DBM and ETBF, which is implicit to finding solution to the 

research questions. 

4.1 Mathematical analysis of deterministic betting model (DBM) 

 The framework for the deterministic, non-linear programming model’s objective function 

and constraints is the complex number field. This section initially considers properties of 

complex functions and complex differentiation for optimal solution over the 𝐶𝑛 space. The 

DBM was constructed from existing literature and pari-mutuel pooling principles and from 

new theory over the 𝐶𝑛  space developed within this thesis. The section revises the DBM 

elements, and details the existing literature and pooling properties relevant toward the 

model’s construction. Then follows the development of a new theorem, the Multiple System 

Optimization (MSO) theorem, which has significant application for the 𝐶𝑛 betting space. The 

detailed application and workings of the deterministic model toward horserace field betting 

will conclude the section.  

4.1.1 Complex number system properties 

A set of complex elements and relations that define the set constitute a complex system. 

Complex and hyper-complex (quaternions, octonions) number systems are finite dimensional 

vector spaces over the real numbers that satisfy many of the real number system axioms. 

Complex analysis extends mathematical application beyond restrictions evident with the real 

number system’s incapacity to describe all features of physical science. 
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𝐶𝑛 vectors share properties common to 𝑅𝑛 vectors as illustrated by Equation 4.1; 

Z1(Cn; ʘ) +  Z2(Cn; ʘ) ≡  Z1(C1C2 . . Cn; ʘ ) + Z2(C1C2 . . Cn; ʘ) , 

          Z1(Cn; ʘ) +  Z2(Cn; ʘ) ≡  Z3(C1,1 + C2,1, C1,2 + C2,2, … , C1,n + C2,n; ʘ) , 

  Z(Cn; ʘ) =  Z(C1C2 . . Cn; ʘ ) ;   Z(Cn; ʘ): complex vector function , 

         Cn =  C1, C2, … , Cn ;  Ci = (xi, yi ) ;  ʘ: set of operators .                                (4.1) 

Partial derivatives that satisfy the Cauchy-Riemann differential equations of Equation 4.2 are 

an essential property of complex function differentiation. 

Ci = (xi, yi)  ;    dCi = dxi + idyi , 

   Z(Ci) = Z(xi, yi) = U(xi, yi) + iV(xi, yi)  ,     

    
dZ

dCi
=  U′(xi, yi) + i V′(xi, yi) , 

dZ

dCi
=  [

∂Z

∂xi
 
∂xi

∂Ci
] +  [

∂Z

∂yi
 
∂yi

∂Ci
] , 

1

2
 

dZ

dCi
=

1

2
 
∂Z

∂xi
  ;   

1

2
 

dZ

dCi
=  −

1

2
 i 

∂Z

∂yi
  (

∂yi

∂Ci
=  −i) ,  

dZ

dCi
=  

1

2
 [

∂Z

∂xi
 − i

∂Z

dyi
] , 

In terms of U(xi, yi) and iV(xi, yi) ,  
dZ

dCi
=  

1

2
 [[

∂U

∂xi
+ i

∂V

∂xi
]  −   i [

∂U

∂yi
+ i

∂V

∂yi
]] ,      

Re(Z′(Ci)) |  
∂Z

∂yi
= 0 →  

dZ

dCi
=

1

2
[

∂U

∂xi
+ i

∂V

∂xi
] , 

        Im(Z′(Ci)) | 
∂Z

∂xi
= 0 →  

dZ

dCi
=

1

2
[−i

∂U

∂yi
+

∂V

∂yi
] , 
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∴  
∂U

∂xi
+ i

∂V

∂xi
 =  −i

∂U

∂yi
+  

∂V

∂yi
 , 

           ∴  |   

∂U

∂xi
=  

∂V

∂yi

∂V

∂xi
=  

− ∂U

  ∂yi

   |  . (Cauchy −  Riemann Equations) (4.2)      

An extension for the Cauchy-Riemann equations, with complex vector input Z(Cn; ʘ), is 

introduced by the thesis in Equation 4.3 accordingly; 

Z(Cn) = Z(C1C2. . Cn); Ci = (xi, yi); xi, yi  ∈  R;  ∀ i ∈ [1. . n] , 

Z(Cn) = U(C1C2. . Cn) + iV(C1C2. . Cn) , 

Z′(Cn) = U′(C1C2. . Cn) + iV′(C1C2. . Cn)  , 

dZ

dC
=  [

∂Z

∂x1
 
∂x1

∂C1
,

∂Z

∂x2
 
∂x2

∂C2
, … ,
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, … ,
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   Re(Z′(Ci)) | 
∂Z

∂yi
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dZ

dCi
=

1

2
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∂U

∂xi
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∂V

∂xi
] , ∀ i ∈ [1. . n],  
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∂xi
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dZ

dCi
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2
[−i

∂U

∂yi
+

∂V
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] , ∀ i ∈ [1. . n],     

∴  
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∂V
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   |  ,   ∀ i ∈ [1. . n] .                                         (4.3) 
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The developed DBM optimizes field wager payoff – risk over the 𝐶𝑛  space, and optimal 

solution is qualified from the multiple system optimization (MSO) theorem introduced over 

the 𝐶𝑛 space. The DBM is a non-linear programming model with complex arguments. The 

DBM’s objective function and constraint set construction is outlined in Equation 4.4. 

 4.1.2 DBM© – objective function and constraints 

Maximize    Payoff(n)( Ɍ; On, bn) = |Ь ∙ 𝐎| − ∑ bi

n

i=1

  =  | ∑ biOi|

n

i=1

− ∑ bi

n

i=1

   (objective) ,   

|Oibi| = |Ojbj| , ∀ i ≠ j ;  Ь = bn ∈  Cn ,  bi = (xi, yi) ;  𝐎 = On ∈ Rn , Oi ∈ R , Oi  ≥ 0 (constraints).  (4.4) 

The payoff objective function over the n racer field is a function of the two independent 

vectors; On: racer odds real vector and bn: racer bets complex vector.  The payoff output 

denotes a complex couple. 

The constraint set is derived accordingly: Oi
n is over the 𝑅𝑛 space and represents the market 

odds vector over the n racer field for race i. The reduced bettor odds are net-commission 

prices. A zero return – nil risk payoff has been demonstrated over the racer field from the 

gross odds; however this cannot be demonstrated using the net market odds over the 𝑅𝑛 space. 

To compensate for the track commission, bi
n is over the 𝐶𝑛  space to represent the wager 

vector over the n racer field for race i. The bet argument defines the non-linearity of the 

model. The  |Oibi| =  |Ojbj| ( ∀ i ≠ j) constraint defines a uniform payoff over the racer field, 

and is essential to the working of the DBM (and algorithm). Importantly, to attain credibility 

for this constraint and credibility for payoff optimality, the multiple system optimization 

(MSO) theorem over the 𝐶𝑛  space is developed in Equation 4.5. The MSO theorem has 

application for all science, and its application for the betting market is that it establishes 
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payoff optimization from the DBM. The MSO theorem’s proof is printed in the thesis’s 

Appendix A1.  

4.1.3 Multiple system optimization (MSO) theorem and application 

Theorem 4.1 Multiple system optimization (MSO) over an n finite series of complex systems 

generates a constant real component over each consecutive system. 

           {max/min}     Z1..n(C1..n
n ; ʘ) =  Яn       

           Z1..n(C1
n C2

n. .  Cn
n): 𝑛 multiple system complex function 

           Cn: complex vector input ; ʘ: set of operators     

           Ẑ1..n(Ĉ1..n
n ): complex output ; Re(  Ẑ1..n) = Яn                           (4.5) 

The proof for the MSO theorem (see Appendix A1) is by mathematical induction. The proof 

by induction involves a two stage process; firstly the base stage that is followed by the 

inductive stage. The base stage verifies that the optimization over a complex system, which 

comprises a complex vector argument and accompanying relations, generates a Я  real 

constant value. The inductive stage verifies that for a finite series of n consecutive complex 

systems, the optimal solution is Я𝑛 for the multiple system complex function. 

One application for the MSO theorem is finding optimal solution for deterministic modelling 

of horserace field betting. From the argument of MSO, the optimal solution for field betting 

on an individual horserace is a constant net payoff across the entire field. Furthermore, with 

wagering on multiple, consecutive races, the DBM attempts to lock in arbitrage and a 

constant optimal payoff over the race series. The functioning of the DBM is now to be 

demonstrated using randomly selected race data. 
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4.1.4 DBM workings 

The races randomly selected to demonstrate DBM operation were races one and two from 

New Zealand’s Riccarton program held on the twenty-fourth February 2012. The race 

information, bettor odds, and racer finishing positions were conveniently accessed by visiting 

the website https://tatts.com/tattsbet (Riccarton ZS1 & ZS2).The output from the DBM’s 

algorithm is displayed in Table 4.1. 

Table 4.1: TrackInvest© Model – Field Win & Place Payoff            

Race Result: Ɍ(Ɍ1Ɍ2Ɍ3) = (12 3 4) ,            

Win Payoff: Z(Ɍ) =  Я = 30.30% Place Payoff: Z(Ɍ1˅Ɍ2˅Ɍ3) =  Я = 5.9% . 

𝑹𝒂𝒄𝒆𝒓 
 (Ɍ𝒊) 

Market 
Odds 
(𝑶𝒊) 

Bet 
(𝒃𝒊) 

𝑾𝒊𝒏 
Ɍ(𝒃𝒊) 

Net 
Return 
Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Payoff 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

𝑹𝒂𝒄𝒆𝒓  
(Ɍ𝒊) 

Market 
Odds 
(𝑶𝒊) 

Bet 
(𝒃𝒊) 

𝑷𝒍𝒂𝒄𝒆  
Ɍ𝒊𝒋𝒌(𝒃𝒊) 

Net 
Return 
(max, 
min) 

Payoff 
(max,
min) 

1 17.8 $12000 $213600 $48600 (29.45%,0) 1 3.4 $21000 $71400 
$13600,        
-$43600 

6.6%,              
-21.3% 

2 20.8 $10000 $208000 $43000 (26.06%,0) 2 3.6 $20000 $72000 
$14200,        
-$43000 

6.9%,              
-21% 

3 4.9 $45000 $220500 $55500 (33.64%,0) 3 1.6 $45000 $72000 
$14200,        
-$43000 

6.9%,              
-21% 

4 16.6 $13000 $215800 $50800 (30.79%,0) 4 7.3 $10000 $73000 
$14200,        
-$42000 

6.9%,             
-20.5% 

5 17.4 $12000 $208800 $43800 (26.55%,0) 5 5.3 $14000 $74200 
$14200,        
-$40800 

6.9%,             
-19.9% 

6 0     6 0     
7 0     7 0     

8 4.7 $47000 $220900 $55900 (33.88%,0) 8 1.9 $37000 $70300 
$12500,         
-$44700 

6.1%,              
-21.8% 

9 2.4 $0 $0 
-

$165000 
(0%,-100%) 9 1 $20000 $20000 

-$37800,       
-$44700 

-18.4%,          
-21.8% 

10 13.5 $16000 $216000 $51000 (30.91%,0) 10 3.5 $20000 $70000 
$12200,        
-$44700 

6%,                  
-21.8% 

11 0     11 0     

12 21.5 $10000 $215000 $50000 (30.30%,0) 12 4 $18000 $72000 
$14200,         
-$43000 

6.9%,              
-21% 

  $165000      $205000    

 

Table 4.1 illustrates field win and place payoff results generated from the algorithm, which 

locks in a pre-race payoff over the racer field for a total minimum investment. Optimal payoff 

is defined in this research as arbitrage, and all other solutions that satisfy the constraints are 

feasible solutions. The field win bet result from algorithm displayed in Table 4.1 (see 

Appendix A2) is a feasible solution that satisfies the DBM constraints, but is not the optimal 

solution because there is racer exposure. The complex payoff output displays a return - to - 

https://tatts.com/tattsbet
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risk trade-off that typifies financial market investments. The payoff output which is 

represented by a complex couple separates field net payoff from individual racer loss. The 

mathematics of the DBM to generate return is detailed in Equation 4.6 accordingly; 

Payoff(n=9)(Ɍ; On, bn) = |Ь ∙ 𝐎| − ∑ bi

9

i=1

  =  | ∑ biOi|

9

i=1

−  ∑ bi

9

i=1

 , 

(Ɍ1, Ɍ2, Ɍ3) = (12,3,4) , 

O9 = (17.8,20.8,4.9,16.6,17.4,4.7,2.4,13.5,21.5) ; Ь ≡ bn ∈  Cn , 

Ɍ(b12) = |b12 × O12| = $10000 × 21.5 =    $215000  , 

Ɍnet(b12) =  |b12O12| − ∑ bi

n

i=1

 = $215000 − ($165000, $89583
1

3
) = ($50000, −$89583

1

3
)  , 

%Ɍnet(b12) = (
Re(Ɍnet(bi))

Re(∑ bi
n
i=1 )

 ,
Im(Ɍnet(bi))

Im(∑ bi
n
i=1 )

) × 100% , 

  %Ɍnet(b12) =  (
50000

165000
 ,

−89583
1

3

89583
1

3

) × 100% = (30.30%, −100%).            (4.6) 

The return - to - risk trade-off shown in Table 4.1 is to lock in a pre-race 30% win payoff 

over the racer field, excluding the favourite (lowest market odds), for the short-term 

investment period in minutes. The risk is a loss from the favourite racer winning. This is a 

feasible solution with the |Oibi| =  |Ojbj| ( ∀ i ≠ j) constraint satisfied when an imaginary 

bet is assigned to the excluded racer as demonstrated in Equation 4.7.  

 |O12b12| = |O9b9| , 

|21.5 × (10000,0)| =   |2.4 ×  b9 |, 

b9 =  
$215000

2.4
 = $89583

1

3
 ;   b9 ∈ C = (x, y);   x: real , y: imaginery  , 
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b9 =  (x, y) =   (0 , 89583
1

3
) ,  

Ɍnet(b9)  =   |b9O9| −  ∑ bi

9

i=1

 = | (2.4) ×  (0 , 89583
1

3
) |  −  (165000,89583 

1

3
)  , 

Ɍnet(b9) = | (0 , 215000)| − (165000 + 89583 
1

3
i)  , 

Ɍnet(b9) = (50000 , − 89583 
1

3
 ) , 

 %Ɍnet(b9)  = (30.30% , −100%) .                             (4.7) 

An optional trade-off is locking into the lower field place payoff and lesser absolute 

maximum risk demonstrated in Table 4.1. 

4.1.5 DBM arbitrage 

Is arbitrage achievable for optimal solution? A betting market trader would source the global 

EEN of betting exchanges and bookmakers for preferred win or place odds. As clearly 

demonstrated in Table 4.2, the bet taking win market odds of 4.7 for the shortest priced racer 

would have achieved arbitrage and a 3% optimal payoff solution over the entire racer field. 

Table 4.2: TrackInvest© Model – Field Win Payoff 

𝑹𝒂𝒄𝒆𝒓  
(Ɍ𝒊) 

Market                               
Odds 
(𝑶𝒊) 

Bet 
(𝒃𝒊) 

𝑾𝒊𝒏(Ɍ𝒊) 
Ɍ(𝒃𝒊) 

Net                   
Return 

Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Payoff 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

1 17.8 $122000 $2171600 $81600 (3.90%,0) 
2 20.8 $104000 $2163200 $73200 (3.50%,0) 
3 4.9 $440000 $2156000 $66000 (3.16%,0) 
4 16.6 $130000 $2158000 $68000 (3.25%,0) 
5 17.4 $124000 $2157600 $67600 (3.23%,0) 
6 0     
7 0     
8 4.7 $455000 $2138500 $48500 (2.32%,0) 
9 4.7 $455000 $2138500 $48500 (2.32%,0) 

10 13.5 $160000 $2160000 $70000 (3.35%,0) 
11 0     
12 21.5 $100000 $2150000 $60000 (2.87%,0) 

  $2090000    
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Consecutive field race betting is demonstrated in Table 4.3. The results of Table 4.3 display a 

feasible payoff of 19% compounding over two consecutive races, as detailed in Equation 4.8. 

The accuracy of these payoff results is achieved from greater precision application to the 

algorithm. 

Win Payoff: Z1..2(Ɍ1Ɍ2) = (1 + Я)2 = (1 + 0.3030)(1 + 0.09) = 1.42 ,  

  ∴  Я (Payoff) = 1.420.5 − 1 = 19% per race .                (4.8) 

Table 4.3: TrackInvest© Model – Multibet Field Win Payoff                  

Racer Results: Ɍ1(Ɍ1Ɍ2Ɍ3) = (12 3 4) , Ɍ2(Ɍ1Ɍ2Ɍ3) = (1 11 12)                                                 

𝑹𝒂𝒄𝒆𝒓  
(Ɍ𝒊) 

Market                               
Odds 
(𝑶𝒊) 

Bet 
(𝒃𝒊) 

𝑾𝒊𝒏(Ɍ𝒊) 
Ɍ(𝒃𝒊) 

Net                   
Return 
Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Payoff 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

𝑹𝒂𝒄𝒆𝒓  
(Ɍ𝒊) 

Market                               
Odds 
(𝑶𝒊) 

Bet 
(𝒃𝒊) 

𝑾𝒊𝒏(Ɍ𝒊) 
Ɍ(𝒃𝒊) 

Net                   
Return 
Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Payoff 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

1 17.8 $12000 $213600 $48600 (29.45%,0) 1 4.4 $12000 $52800 $4500 (9%,0) 
2 20.8 $10000 $208000 $43000 (26.06%,0) 2 0     
3 4.9 $45000 $220500 $55500 (33.64%,0) 3 6.7 $7500 $50250 $1950 (4%,0) 
4 16.6 $13000 $215800 $50800 (30.79%,0) 4 9.3 $5500 $51150 $2850 (6%,0) 
5 17.4 $12000 $208800 $43800 (26.55%,0) 5 10.7 $4600 $49220 $920 (2%,0) 
6 0     6 26 $2000 $52000 $3700 (8%,0) 
7 0     7 18 $2800 $50400 $2100 (4%,0) 
8 4.7 $47000 $220900 $55900 (33.88%,0) 8 3.2 $4000 $12800 -$35500 (0,-73%) 

9 2.4 $0 $0 
-

$165000 
(0%,-

100%) 
9 16.6 $3000 $49800 $1500 (3%,0) 

10 13.5 $16000 $216000 $51000 (30.91%,0) 10 50.6 $1000 $50600 $2300 (5%,0) 
11 0     11 19.6 $2600 $50960 $2660 (6%,0) 
12 21.5 $10000 $215000 $50000 (30.30%,0) 12 14.9 $3300 $49170 $870 (2%,0) 

  $165000      $48300    

 

4.2 Mathematics of ETBF  

The unit investment period for the fund is assumed to be the day’s racing, and δɌ =  i(365) 

denotes the generated racer force of interest; i.e. nominal rate of return per annum convertible 

daily. During the day’s racing, an ETBF may invest on a single race, or invest over 

consecutive races. In the case of the former, the value of the fund at day’s end is provided in 

Equation 4.9 as follows; 
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X1 =  X0  [1 +
δɌ

365
] , 

δɌ: nominal interest rate per annum convertible daily , 

                     X0: initial investment ; X1: final wealth .                               (4.9)   

 When an ETBF makes investment over a series of races during the day, the value of the fund 

at racing day’s end is calculated by Equation 4.10. 

X1 =  X0  [∏(1 + ri)

n

i=1

] , 

  1 +
δɌ

365
 =  ∏ (1 + ri)

n
i=1  ;  ri: race 𝑖 return ; i ∈ [1. . n]; 𝑛 races.              (4.10) 

Subsequently, the value of the fund at interval end, after the ETBF makes investment over a 

series of races over consecutive days is calculated by Equation 4.11.  

Xt =  X0  [1 +
δɌ1

365
] [1 +

δɌ2

365
] . . . [1 +

δɌt

365
] =  X0 [∏ [1 +

δɌt

365
]

n

t=1

] , 

X0: initial investment ; Xt: final wealth time 𝑡 .                        (4.11) 

Equation 4.12 converts from the force of interest to the required nominal rate of return per 

annum convertible pthly; i(p) = p [(1 +
δɌ1

365
) . . . (1 +

δɌt

365
) − 1]  , 

i(p) = p [∏ [1 +
δɌt

365
]

n

t=1

− 1] , 

i(p): nominal rate per annum convertible pthly ; δɌt
: force of interest race day 𝑡 .      (4.12) 
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4.3 Chapter summary  

Managed betting funds driven by stochastic betting strategies that optimize expected payoff 

to risk in practice have been earlier documented. This chapter presented a new approach to 

fund investing on horse racing, importantly for portfolio investment consideration. The 

chapter introduced a deterministic horserace betting model which was constructed from the 

combination of existing model fundamentals, pari-mutuel pooling principles, and new 

theorem development. The DBM optimizes a complex payoff function over 𝐶𝑛 space. The 

DBM optimizes field win and place bets for a defined payoff to risk trade-off. An ETBF 

driven by deterministic betting strategies would possess the market properties of transparency 

and liquidity. The framework for the ETBF developed in the chapter is a savings fund that 

generates a continuous dividend stream. The chapter following will test the performance of 

the DBM race return and ETBF race payoff, against their respective benchmarks using 

stratified random sampling, to find solution to the primary and secondary research questions 

of this thesis’s aim. 
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CHAPTER 5 

RESULTS AND ANALYSIS  

5.1 Post-race analysis  

A stratified sample of three hundred consecutive galloper races, ∑ ni = 3006
i=1  , conveniently 

commencing from the start of the calendar year on January 01 2012, from global racetracks 

of Australasia (Australia (173) and New Zealand (45)), Asia (Singapore (10) and Hong Kong 

(10)), South Africa (20) and the United Kingdom (42), provided the data for testing the 

performance of the DBM and ETBF against their respective benchmarks. The online totalizer 

market prices and race information were taken from the Australian market makers 

http://www.sportsbet.com.au/results/horse_racing (day one), and https://tatts.com/tattsbet 

(days two to six), with exposure predominantly in the Australasian region. Appropriately, 

horseraces from the Australasian region contributed seventy-three percent of this research’s 

test sample; and the Asian, African and United Kingdom regions accounted for the remaining 

twenty-seven percent of the sample. A stratified random sampling technique is employed 

within these regions (strata) on the assumption that the random sample statistics generated 

will be a true reflection for the population parameters and is not subject to sampling error. A 

simple random sampling technique to select a sample size of fifty races from these regions 

was conducted daily for a six day interval. The daily analysis of a randomly selected fifty 

races over six consecutive days simulates the continuous trading on global betting market 

horseraces from the southern to the northern hemisphere, a premiss for financial markets 

trading comparison.  

A daily descriptive analysis of the regional individual and accumulative field win race returns 

from both the DBM method and the normal approximate technique (SBM) are detailed in 

Tables 5.1 – 5.7. The DBM method optimizes racer field win actual payoff (Я) – to – risk 

http://www.sportsbet.com.au/results/horse_racing
https://tatts.com/tattsbet
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trade-off for minimum betting amount on individual and consecutive races; and zero risk 

reflects arbitrage opportunity and locks in a pre-race positive return independent of winning 

racer outcome.  The DBM method provides two payoff results according to two approaches;  

 nil trade strategy where maximum exposure from an individual racer losing is 100%;  

 trade strategy where the maximum risk of loss from any individual racer is capped at 

a maximum of 10%.  

The output generated from DBM algorithm is race specific, with each event generating a 

unique, feasible, deterministic payoff – risk trade-off, from the unique market prices. The 

accumulative return (1 + Я)𝑛 represents a feasible solution with constant, consecutive field 

payoff Я recorded over the sample and regional race series. 

Uniform unit bets on the field for the normal approximate model resulted in sample payoff 

comparison with the DBM payoff results. The net expected win return per $1 unit bet from a 

winning racer for the normal approximate model equals the negative of the tote track take (t); 

and the net expected field win payoff is E(payoff) =  −(n + t − 1);  𝑛: field size, 𝑡: track take . 

The following section prescribes firstly for the analyst a daily descriptive snapshot of payoff 

results from field win wagering employing the DBM and SBM benchmark for the sampling 

period 01 January 2012 to 06 January 2012. The daily results are summarized in cross 

tabulations as accumulations for the regions. The cross tabulations provide regional daily and 

accumulative racer return results. The DBM, ETBF and benchmark sample statistics 

calculated from the reported results are outlined for hypotheses testing of the sub-hypotheses 

and primary hypothesis statements; to draw conclusion for objectives two and three, in 

answering the primary and secondary research questions. Finally, the concluding section of 

this chapter demonstrates ETBF return as input for portfolio investment application. 
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5.2 Model and fund analysis  

5.2.1 Day one race results  

Table 5.1a: DBM Field Win Bet Payoff% 

Region Race 1 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 2 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 3 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 4 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 5 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 6 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 7 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 8 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

(𝟏 + Я)𝒏 
 

Я(%) 

 
�̅�𝑫𝑩𝑴 

 

UK(Cheltenham) 1.82 59.36 
a)-29.2 
b) -10 

8.21 15.81    
 a)1.44 
 b)1.83 

a)7.6 
b)12.8 

a)11.2 
b)15.04 

SGP(Kranji) 7.87 
a)-75.5 
b)-10 

26.12 7.49 6.79    
a)0.382 
b)1.405 

a)-17.5 
b)7 

a)-5.45 
b)7.65 

HKD(Sha Tin) 5.46 
a)-62 
b)-10 

17.46 6.55 11.98    
a)0.562 
 b)1.33 

a)-11 
b)5.9 

a)-4.11 
b)6.29 

AUS(Inverell) 12.62 9.08 4.44 
a)-70.6 
b)-10 

6.21 1.4 
a)-78.5 
b)-10 

6 
 a)0.093 
 b)1.19 

a)-25.7 
b)2.2 

a)-13.67 
b)2.47 

AUS(Mornington) 14.22 4.89 10.63 11.17 
a)-81.5 
b)-10 

32.01 
a)-75.2 
b)-10 

a)-77 
b)-10 

 a)0.021 
 b)1.418 

a)-38.3 
b)4.46 

a)-20.1 
b)5.37 

AUS(Murray 
Bridge) 

31.78 16.48 
a)-81.3 
b)-10 

42.91 11.52 
a)-65.9 
b)-10 

6.69 10.09 
 a)0.183 
 b)2.33 

a)-19.1 
b)11.2 

a)-3.47 
b)12.43 

AUS(Sunshine 
Coast) 

a)-25.4 
b)-10 

52.28 3.17 
a)-52.8 
b)-10 

13.62 
a)-71.3 
b)-10 

0.32 2.64 
 a)0.186 
 b)1.34 

a)-19 
b)3.73 

a)-9.68 
b)5.25 

NZD(Waikouaiti) 
a)-45.5 
b)-10 

27.55 
a)-72.9 
b)-10 

     
 a)0.19 
 b)1.033 

a)-42.5 
b)1.09 

a)-30.28 
b)2.52 

01 January 2012: a) max risk 100%  b) max risk 10%;  n1 = 1 − 50 

 

Table 5.1b: SBM Field Win Bet Payoff% 

Region Race 1 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 2 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 3 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 4 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 5 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 6 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 7 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 8 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

(𝟏 + Я)𝒏 
 

Я(%) 
 

�̅�𝑺𝑩𝑴 

 

UK(Cheltenham) -65 6.67 -50 -17 41.25    0.219 -26 -16.82 

SGP(Kranji) -2.5 -78 439 -53.6 -24.2    0.407 -16.5 56.14 

HKD(Sha Tin) 44.6 -69.3 147.1 -70 42.1    0.468 -14 18.9 

AUS(Inverell) -31.25 2.3 -54.3 -74.5 -60.8 21.1 -78.5 21.4 0.01 -44 -31.82 

AUS(Mornington) -56.25 -15.6 -46.4 8.6 -69.2 -37.5 -78.3 -67.8 0.003 -52 -45.3 

AUS(Murray 
Bridge) 

25.7 238.2 -66 8.3 -30 -64.3 1.7 62.9 0.65 -5.3 22.1 

AUS(Sunshine 
Coast) 

-82.9 -33.3 -48 -74.3 -11 -69 -63.1 -54 0.0007 -60 -54.45 

NZD(Waikouaiti) -77.5 25 -70      0.084 -56.2 -40.83 

01 January 2012 

The initial race day’s results provided in Tables 5.1a and 5.1b legitimize proposition of the 

research’s alternative hypothesis. Table 5.1a records positive payoffs for thirty-five of the 

fifty (70%) race sample using the DBM algorithm of field win betting and no trade 

intervention; as comparison, Table 5.1b displays only a score of sixteen (32%) positive 

payoffs using the SBM. A feasible, compounding return per race of Я = 7.6% was reported 

for the UK region from its five race series. Similar to the stochastic model results, the 
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accumulative payoff generated from the DBM over a series of races is affected when a loss 

occurs from high exposure of individual racers winning, as evident from race series results 

for the Australasian region. Importantly however, by trading with global market makers to 

maximize loss to 10% from any racer winning, the DBM results of Table 5.1a disclose 

prodigious positive accumulative payoffs(1 + Я)𝑛, and feasible positive racer payoff Я for 

the series of races in all the regions; a superior outcome than the negative accumulative race 

series payoffs recorded using the SBM method in Table 5.1b across all the regions. 

5.2.2 Day two race results                                       

Table 5.2a: DBM Field Win Bet Payoff% 

Region Race 1 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 2 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 3 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 4 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 5 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 6 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 7 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 8 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

(𝟏 + Я)𝒏 
 

Я(%) 
 

�̅�𝑫𝑩𝑴 

 

UK(Ayr) 
a)-42.6 
b)-10 

10.29 13.6 
a)-62.3 
b)-10 

a)-72.7 
b)-10 

 
 

  
a)0.074 
b)0.913 

a)-40.6 
b)-1.8 

a)-30.74 
b)-1.22 

UK(Southwell) 
 a)-75.7 
 b)-10 

9.47   14.22 25 10.59    
a)0.421 
b)1.556 

a)-15.9 
b)9.25 

a)-3.28 
b)9.86 

South Africa 
(Kenilworth) 

24.37 
a)-36.5 
b)-10 

 34.84 
 a)-39.3 

b)-10 
3.85    

a)0.671 
b)1.41 

a)-7.7 
b)7.1 

a)-2.55 
b)8.61 

AUS(Gold Coast) 10.52 5.02 
  a)-80.9 

b)-10 
a)-81.9 
b)-10 

9.15 10.16 0.48 4.34 
a)0.05 
b)1.185 

a)-31.2 
b)2.14 

a)-15.39 
b)2.46 

AUS(Flemington) 6.96 7.82 
  a)-88.5 

b)-10 
7.47 

a)-75.4 
b)-10 

11.39 5.77  
a)0.041 
b)1.183 

a)-36.6 
b)2.43 

a)-17.78 
b)2.77 

AUS(Sapphire 
Coast) 

a)-33.8 
b)-10 

a)-94 
b)-10 

7.06 
a)-75.6 
b)-10 

0.89 11.57 
a)-51.4 
b)-10 

 
a)0.0057 
b)0.79 

a)-52.2 
b)-3.3 

a)-33.61 
b)-2.93 

AUS(Warwick 
Farm) 

a)-49.3 
b)-10 

a)-54.9 
b)-10 

10.67 36.63 
a)-38.1 
b)-10 

8.74 4.62 10.99 
a)0.27 
b)1.392 

a)-15 
b)4.22 

a)-8.83 
b)5.2 

NZD(Tauranga) 
a)-67.4 
b)-10 

6.8 
a)-81.8 
b)-10 

9.15 
a)-44.9 
b)-10 

   
a)0.038 
b)0.85 

a)-48 
b)-3 

a)-35.63 
b)-2.81 

02 January 2012: a) max risk 100%  b) max risk 10%;  n2 = 51 − 100 

Table 5.2b: SBM Field Win Bet Payoff% 

Region Race 1 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 2 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 3 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 4 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 5 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 6 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 7 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 8 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

(𝟏 + Я)𝒏 
 

Я(%) 
 

�̅�𝑺𝑩𝑴 

 

UK(Ayr) -57.5 -66.7 -42 -61.4 -50    0.016 -56.3 -55.52 

UK(Southwell) -75 -59.2 -58.3 277.14 -25    0.12 -34.6 11.93 

South 
Africa(Kenilworth) 

-73.8 -70 -47.8 -78.6 -43.8    0.0049 -65.5 -62.8 

AUS(Gold Coast) 36.25 -13.3 -55.7 -67.7 -9.23 -20 -51.3 0.71 0.06 -29.7 -22.53 

AUS(Flemington) 31.5 45.6 -63 -53.8 -79.3 -30 -55  0.021 -42.4 -29.14 

AUS(Sapphire 
Coast) 

-78.6 -65 120 -70 -51.3 -15.5 -81.7  0.0037 -55 -34.6 

AUS(Warwick 
Farm) 

-52 -67.5 25 -13.8 -81.4 -33 172 -35 0.037 -33.8 -10.71 

NZD(Tauranga) -72 -45 -48.3 -6.67 -74.3    0.019 -54.7 -49.25 

02 January 2012 
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Day two race results continue to demonstrate the event specific defined return – risk output 

from the technical DBM utilising the variable market odds. Positive payoffs are recorded for 

sixty percent of the day’s sample of races using the DBM without trading the market odds, 

and only sixteen percent using the SBM. The regional accumulative payoffs recorded from 

the DBM, and no trade intervention, are significantly affected from multiple losses over a 

series of races, evident from all the regions recording accumulative losses. Betting market 

trade to maximize exposure to ten percent of investment resulted in an accumulative positive 

return for all regions except New Zealand. 

5.2.3 Day three race results  

Table 5.3a: DBM Field Win Bet Payoff% 

Region Race 1 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 2 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 3 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 4 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 5 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 6 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 7 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 8 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

(𝟏 + Я)𝒏 
 

Я(%) 

 
�̅�𝑫𝑩𝑴 

 

UK(Southwell) 10 
a)-51 
b)-10 

a)-66 
b)-10 

16 
a)-41 
b)-10 

   
a)0.125 
b)0.93 

 a)-34 
 b)-1.4 

a)-26.4 
b)-0.8 

South Africa 
(Scottsville) 

12.43 14.97 7.54 7.25 7.28 5.48 3.21 3.16 1.796 7.6 
 

7.67 
 

AUS(Taree) 6 5 32 11 
a)-57 
b)-10 

a)-67 
b)-10 

1  
a)0.234 
b)1.334 

 a)-18.7 
 b)4.2 

a)-9.86 
b)5 

AUS(Townsville) 11 15 10 13 
a)-44 
b)-10 

2 5  
a)0.952 
b)1.53 

 a)-0.7 
 b)6.26 

a)1.71 
b)6.57 

AUS(Wangaratta) 
a)-72.7 
b)-10 

6.77 20.74 16.6 9.9 7.99 6.59 8.6 
a)0.564 
b)1.859 

a)-6.9 
b)8.1 

a)0.56 
b)8.4 

NZD(Thames) 13.7 2.18 
a)-42.6 
b)-10 

a)-70.8 
b)-10 

6.82 7.31 
a)-78.5 
b)-10 

4.7 
a)0.05 
b)1.016 

a)-31.23 
b)0.2 

a)-19.65 
b)0.6 

NZD(Omakau) 5.76 8.92 6.2 11.09 23.99 5.26 6.32  1.886 9.5 9.65 

03 January 2012: a) max risk 100%  b) max risk 10%; n3  = 101 − 150 

Table 5.3b: SBM Field Win Bet Payoff% 

Region Race 1 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 2 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 3 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 4 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 5 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 6 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 7 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 8 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

(𝟏 + Я)𝒏 
 

Я(%) 
 

�̅�𝑺𝑩𝑴 

 

UK(Southwell) 151.67 -71.4 -48.33 356 -77.14    0.388 -17.25 62.16 

South Africa 
(Scottsville) 

-33.75 -58.75 -34.44 -42 108.2 -4.55 -8.9 5 0.198 -18.3 -8.65 

AUS(Taree) -62.5 81.67 -76.67 56.67 -58.33 -63.33 -54.44  0.017 -44.1 -25.28 

AUS(Townsville) 43.75 92 12.86 -55.45 -81 -50 -58.9  0.054 -34.1 -13.82 

AUS(Wangaratta) -75.4 -44 -31.7 210 -16 14.3 -55 158.3 0.326 -13.1 20.06 

NZD(Thames) 49.23 -21.54 -78.75 -70 -66.67 124.44 -60 -58 0.009 -44.5 -22.66 

NZD(Omakau) 44 22.5 -59.1 136.92 -51.1 64 84.3  2.526 14.15 34.5 

03 January 2012 
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Table 5.3a race results demonstrate the equitable returns achievable for fund from 

consecutive positive payoffs recorded over a series of races for that region, as demonstrated 

by the South African race card on day three returning a compounding rate of Я = 7.6% over 

the eight consecutive races, and no loss of investment from exposed racers. Positive payoffs 

are recorded for a noted eighty percent of the day’s sample of races using the DBM without 

trading the market odds with multiple market makers, and only thirty-eight percent of the 

sampled races reported positive return using the SBM. 

5.2.4 Day four race results  

Table 5.4a: DBM Field Win Bet Payoff% 

Region Race 1 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 2 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 3 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 4 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 5 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 6 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 7 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 8 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

(𝟏 + Я)𝒏 
 

Я(%) 

 
�̅�𝑫𝑩𝑴 

 

UK(Huntington) 
a)-56.4 
b)-10 

4.05 6.26 
a)-40.8 
b)-10 

1.1    
a)0.289 
b)0.905 

a)-22 
b)-2 

a)-17.16 
b)-1.72 

South Africa(Kenilworth) 4.35 39.07 2.71 5.91 
a)-66.4 
b)-10 

   
a)0.530 
b)1.421 

a)-11.9 
b)7.28 

a)-2.87 
b)8.41 

HKD(Happy Valley) 4.56 5.03 3.34 2.48 12.97    1.314 5.61 5.68 

AUS(Doomben) 
a)-85.4 
b)-10 

8.23 
a)-82.3 
b)-10 

9.47 9.66 3.58 21.92  
a)0.042 
b)1.329 

a)-36.4 
b)4.15 

a)-16.41 
b)4.69 

AUS(Geelong) 9.02 
a)-73.7 
b)-10 

a)-32.4 
b)-10 

a)-50.6 
b)-10 

a)-82.5 
b)-10 

a)-87.4 
b)-10 

4.47 
a)-64.6 
b)-10 

a)0.0008 
b)0.605 

a)-59 
b)-6 

a)-47.21 
b)-5.81 

AUS(Launceston) 5.31 
a)-40.6 
b)-10 

2.45 
a)-77.8 
b)-10 

23.84 
a)-37.6 
b)-10 

6.93 
a)-92.4 
b)-10 

a)0.009 
b)0.937 

a)-44.5 
b)-0.8 

a)-26.23 
b)-0.18 

NZD(Canterbury) 6.43 
a)-45.8 
b)-10 
 

a)-88.5 
b)-10 

10.52 7.13 6.52 
a)-78.2 
b)-10 

 
a)0.018 
b)0.979 

a)-43.7 
b)-0.3 

a)-26 
b)0.09 

NZD(Otaki) 
a)-87.8 
b)-10 

6.35 4.6 
a)-85.7 
b)-10 

4.99    
a)0.02 
b)0.946 

a)-54.3 
b)-1.1 

a)-31.51 
b)-0.81 

04 January 2012: a) max risk 100%  b) max risk 10%; n4  = 151 − 200 

Table 5.4b: SBM Field Win Bet Payoff% 

Region Race 1 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 2 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 3 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 4 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 5 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 6 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 7 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 8 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

(𝟏 + Я)𝒏 
 

Я(%) 
 

�̅�𝑺𝑩𝑴 

 

UK(Huntington) -84 30 -60 -85.83 94.44    0.023 -53 -21.1 

South Africa 
(Kenilworth) 

83 -2.86 -22.22 -36.67 -67.78    0.282 -22.3 -9.3 

HKD(Happy 
Valley) 

26.67 18.33 -49.17 -48.33 -25.83    0.292 -21.8 -15.67 

AUS(Doomben) -46.7 6.25 -57.8 -72.3 126 7.78 47.5  0.238 -18.5 1.53 

AUS(Geelong) -32.5 -64.4 -86.36 -73.75 -62.22 -52.22 18 -60 0.0007 -59.7 -51.68 

AUS(Launceston) -30 -80 -31.1 -67 184 -85.83 -67.86 -59.2 0.0017 -55 -29.62 

NZD(Canterbury) 44 -68.3 -56 -52 -40 88 -73.64  0.029 -39.7 -22.56 

NZD(Otaki) -67.7 -60.83 -17.27 -66 103.6    0.072 -40.9 -21.64 

04 January 2012 

The results from Table 5.4a continue to reflect the type of trading activity on the betting 

market; classified into speculative, hedging or arbitrage activity. Speculative trading is 
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evident from the return-risk trade-off inherent with an individual race, and the hedging 

activity from reducing exposure of racers winning for an acceptable lesser return. Arbitrage 

for a race or series of races is achievable from favourable trading activity of the market odds 

over the racer field with the population of market makers. The individual return and 

accumulative payoff results for the remaining two days of sampling are provided below. 

5.2.5 Days five and six race results  

Table 5.5a: DBM Field Win Bet Payoff% 

Region Race 1 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 2 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 3 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 4 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 5 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 6 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 7 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 8 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

(𝟏 + Я)𝒏 

 
Я(%) 

 
�̅�𝑫𝑩𝑴 

 

UK(England) 1.61 13.06 
a)-70.7 
b)-10 

a)-24.5 
b)-10 

    
a)0.254 
b)0.931 

a)-29 
b)-1.8 

a)-20.13 
b)-1.33 

UK(Lingfield) 12.77 
a)-60.6 
b)-10 

5.41 
a)-49.7 
b)-10 

    
a)0.236 
b)0.963 

a)-30.3 
b)-0.9 

a)-23.03 
b)-0.46 

UK(Sedgefield) 10.54 26.05 24.44 11.89 11.27    2.159 16.64 16.84 

South Africa(Vaal) 5.74 15.8       1.224 10.63 10.77 

AUS(Albury) 
a)-60 
b)-10 

4.07 12.53 5.82 9.79 
a)-78.3 
b)-10 

3.01  
a)0.122 
b)1.135 

a)-26 
b)1.8 

a)-14.73 
b)2.17 

AUS(Ballarat) 
a)-41.5 
b)-10 

20.34 
a)-36.2 
b)-10 

27.17 11.72 
a)-73.8 
b)-10 

5.83 1.12 
a)0.179 
b)1.334 

a)-19.3 
b)3.7 

a)-10.67 
b)4.52 

AUS(Rockhampton) 2.89 30.65 11.66 
a)-60.3 
b)-10 

1.69 5.32 1.53  
a)0.648 
b)1.469 

a)-6 
b)5.6 

a)-0.94 
b)6.25 

AUS(Wyong) 15.58 11.82 3.54 
a)-71 
b)-10 

a)-82.1 
b)-10 

4.78 6.73 6.69 
a)0.083 
b)1.293 

a)-26.7 
b)3.26 

a)-13 
b)3.64 

NZD(Ruakaka) 9.32 8.32 7.98 3.64 
a)-70.4 
b)-10 

   
a)0.392 
b)1.193 

a)-17 
b)3.6 

a)-8.23 
b)3.85 

05 January 2012: a) max risk 100%  b) max risk 10%; n5  = 201 − 250 

Table 5.5b: SBM Field Win Bet Payoff% 

Region Race 1 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 2 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 3 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 4 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 5 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 6 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 7 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 8 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

(𝟏 + Я)𝒏 
 

Я(%) 
 

�̅�𝑺𝑩𝑴 

 

UK(England) -50 -18.6 -80.9 -81.7     0.014 -65.6 -57.8 

UK(Lingfield) 160 -83.8 -30 -75     0.074 -47.8 -7.2 

UK(Sedgefield) 465 -24 -47.5 291.3 75    12.5 65.7 152 

South Africa  
(Vaal)) 

-52.5 85.7       0.882 -6.1 16.6 

AUS(Albury) -69 -4.17 -35 -11.1 86.4 -75.4 -50  0.039 -37 -34.04 

AUS(Ballarat) -66.7 -45 -77.1 -24.5 -18.6 -74 123.3 -37.7 0.009 -44.5 -27.54 

AUS 
(Rockhampton) 

-62.3 20 155.7 -76.7 -36.7 -50 -40.8  0.05 -34.8 -12.97 

AUS(Wyong) -2.5 -15 -40.9 -55.7 -72.1 -53.3 42.2 -40 0.024 -37.3 -29.66 

NZD(Ruakaka) -43.3 -38.6 -37.5 -63.3 -52.9    0.038 -48 -47.12 

05 January 20 

 

 

 

 



 78 
 

Table 5.6a: DBM Field Win Bet Payoff% 

Region Race 1 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 2 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 3 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 4 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 5 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 6 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 7 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

Race 8 
%Ɍ𝒏𝒆𝒕(𝒃𝒊) 

(𝟏 + Я)𝒏 

 
Я(%) 

 
�̅�𝑫𝑩𝑴 

 

UK             
(Bangor-on-Dee) 

14.26 
a)-53.37 
b)-10 

4.29 5.80     
a)0.588 
b)1.135 

a)-12.4 
b)3.2 

a)-7.26 
b)3.59 

SGD(Kranji) 9.22 
a)-75.1 
b)-10 

a)-48 
b)-10 

a)-79.9 
b)-10 

5.49    
a)0.03 
b)0.84 

a)-50.4 
b)-3.4 

a)-37.66 
b)-3.06 

AUS(Sunshine 
Coast) 

1.77 6.11 10.14 1.20 
a)-47.6 
b)-10 

a)-48 
b)-10 

4.65  
a)0.343 
b)1.02 

a)-14.2 
b)0.3 

a)-10.25 
b)0.55 

AUS(Seymour) 
a)-67.6 
b)-10 

2.99 
a)-75.9 
b)-10 

a)-74.3 
b)-10 

5.84 8.88 3.86 4.11 
a)0.026 
b)0.935 

a)-36.6 
b)-0.8 

a)-24.02 
b)-0.54 

AUS(Port 
Macquarie) 

a)-64.6 
b)-10 

10.96 6.22 3.92 2.92 4.19 
a)-37.2 
b)-10 

1.85 
a)0.297 
b)1.084 

a)-14 
b)1 

a)-8.97 
b)1.26 

AUS(Ipswich) 6.12 11.74 
a)-76.8 
b)-10 

2.87 
a)-75.3 
b)-10 

1.65 2.68  
a)0.073 
b)1.031 

a)-31.2 
b)0.4 

a)-18.15 
b)0.72 

AUS(Cranbourne) 
a)-47.6 
b)-10 

23.16 
a)-72.2 
b)-10 

6.30 
a)-68 
b)-10 

16.35   
a)0.07 
b)1.11 

a)-35.8 
b)1.8 

a)-23.67 
b)2.64 

NZD(Rotorua) 5.54 2.20 9.07 4.94 3.31    1.275 5 5.01 

06 January 2012: a) max risk 100%  b) max risk 10%; n6  = 251 − 300 

Table 5.6b: SBM Field Win Bet Payoff% 

Region Race 1 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 2 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 3 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 4 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 5 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 6 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 7 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

Race 8 
𝑬[%Ɍ𝒏𝒆𝒕(𝒃𝒊)] 

(𝟏 + Я)𝒏 
 

Я(%) 
 

�̅�𝑺𝑩𝑴 

 

UK(Bangor-on-
Dee) 

13.3 -73.8 -72.2 45     0.12 -41.1 -21.93 

SGD(Kranji) 59.2 -73.6 -84.6 -70.7 -37.9    0.012 -58.7 -41.52 

AUS   
(Cranbourne) 

-81 -30 -76.9 -24 -55.7 -36.7   0.007 -56.3 -50.72 

AUS(Ipswich) -47.1 -12.5 -69.1 -24.4 -70 4.5 12.7  0.038 -37.3 -29.41 

AUS(Port 
Macquarie) 

-62.9 -42 85 6.36 -20 36 -82.2 9 0.567 -6.8 -8.84 

AUS(Seymour) -61.4 -1.25 -66 -67.3 -50 -24.3 -9 72.7 0.025 -36.9 -25.82 

AUS(Sunshine 
Coast) 

-57 147.9 -8 6 -77.5 -79 95  0.096 -28.4 3.91 

NZD(Rotorua) 20 -42 68.3 -16 -2.5    0.959 -0.8 5.56 

06 January 2012 

The outperformance by the DBM to the SBM continues with the payoff results reported for 

the final two sampling days; positive return was recorded for seventy-four percent and sixty-

eight percent of sample races on days five and six respectively, using the DBM with no trade 

intervention. Payoffs recorded for day five and day six using the SBM are twenty percent and 

thirty percent respectively. The race results over the remaining two days continue to 

protagonize the research’s alternative hypothesis. The outcome by using DBM with no trade 

intervention was two regions, UK and South Africa, recording a positive accumulative payoff 

for their series of races. Only the UK region reported a positive accumulative return with its 

series of races when implementing the SBM method. The noted outcome from using DBM 
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and trading on the betting market to reduce investment exposure was for all regions, except 

Asia, reporting positive accumulative return. 

Table 5.7a’s summary of daily and regional accumulative payoffs reported from DBM for 

sample are precursor for viability of ETBF from deterministic processes and trade 

intervention. Both the regional and daily accumulative payoffs reported for consecutive race 

series demonstrate the inverse relationship to level of exposure for a losing event. The sample 

statistics for DBM and no trade intervention disclosed a constant accumulative investment 

loss of Я =  −25.2% from betting consecutively on three hundred races, and average daily 

investment loss on each race of  Я̅ = −19% calculated from the five regions and six day time 

period. Critical to the research, results from trade intervention with global market makers to 

maximize loss from a race to ten percent of the investment, reported a credible ETBF sample 

compounding race return of Я =  3.05%; a precursor for portfolio input consideration. 

Table 5.7a: DBM Accumulative Payoff Cross Tabulation 

Region Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 ∏(𝟏 + Я𝒕)

𝟔

𝒕=𝟏

 Я(%) Я̅(%) 

United Kingdom 

n=42 

a)1.44 

b)1.83 

a)0.031 

b)1.42 

a)0.125 

b)0.93 

a)0.289 

b)0.905 

a)0.129 

b)1.936 

a)0.588 

b)1.135 

𝑎)1.22 × 10−4 

b)4.81 

a)-19.3 

b)3.8 

a)-17.47 

b)3.67 

South Africa 

n=20 
 

a)0.671 

b)1.41 
1.796 

a)0.530 

b)1.421 
1.224  

a)0.782 

b)4.40 

a)-1.2 

b)7.7 

a)-0.34 

b)8.15 

Asia 

n=20 

a)0.215 

b)1.87 
  1.314  

a)0.03 

b)0.84 

𝑎)8.48 × 10−3 

b)2.064 

a)-21.2 

b)3.7 

a)-19.68 

b)2.88 

Australia 

n=173 

𝑎)6.65 × 10−5 

b)5.27 

𝑎)3.15 × 10−6 

b)1.542 

a)0.126 

b)3.794 

𝑎)3.024 × 10−7 

b)0.753 

𝑎)1.17 × 10−3 

b)2.876 

𝑎)1.35 × 10−5 

b)1.183 

𝑎)1.26 × 10−25 

b)78.628 

a)-88 

b)2.56 

a)-27.37 

b)2.64 

New Zealand 

n=45 

a)0.19 

b)1.033 

a)0.038 

b)0.85 

a)0.0943 

b)1.916 

𝑎)3.6 × 10−4 

b)0.926 

a)0.392 

b)1.193 
1.275 

𝑎)1.225 × 10−7 

b)2.37 

a)-88.9 

b)1.9 

a)-27.59 

b)1.71 

∏(𝟏 + Я𝒕)

𝟓

𝒕=𝟏

 
𝑎)3.91 × 10−6 

b)18.65 

𝑎)2.49 × 10−9 

b)2.624 

𝑎)2.67 × 10−3 

b)12.14 

𝑎)2.19 × 10−11 

b)1.178 

𝑎)7.24 × 10−5 

b)8.13 

𝑎)3.036 × 10−7 

b)1.438 

𝑎)1.25 × 10−38 

b)8180 

a)-25.2 

b)3.05 
 

Я(%) 
a)-22.05 

b)6.03 

a)-32.71 

b)1.95 

a)-11.18 

b)5.12 

a)-38.79 

b)0.33 

a)-17.36 

b)4.28 

a)-25.93 

b)0.73 

a)-25.2 

b)3.05 
  

Я̅(%) 
a)-18.8 

b)6.43 

a)-29.87 

b)2.23 

a)-12.5 

b)4.21 

a)-24.92 

b)1.81 

a)-10.3 

b)5.75 

a)-21.16 

b)1.31 
  

a)-19 

b)4 

  a) maximum risk 100% b) maximum risk 10% 
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Alternatively, the average daily race payoff reported for fund for the total sample of three 

hundred races using the DBM and trade intervention is Я̅ = 4%; in contrast to the equivalent 

sample statistics recorded for SBM in Table 5.7b of a constant race loss of Я =  −37.4% from 

consecutive wagering on the three hundred race sample, and which equates to an average 

daily regional loss per race from total sample of  Я̅ = −35%.  

Table 5.7b: SBM Accumulative Payoff Cross Tabulation 

Region Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 ∏(𝟏 + Я𝒕)

𝟔

𝒕=𝟏

 Я(%) Я̅(%) 

United 

Kingdom 

n=42 

0.219 1.92 × 10−3 0.388 0.023 0.016 0.12 7.20 × 10−9 -36 -35.22 

South Africa 

n=20 

 0.0049 0.198 0.282 0.882  2.41 × 10−4 -34 -28.07 

Asia 

n=20 

0.19   0.292  0.012 6.66 × 10−4 -30.6 -31.94 

Australia 

n=173 
1.365 × 10−8 1.72 × 10−7 3 × 10−4 2.83 × 10−7  4.21 × 10−7 3.6 × 10−7 3.02 × 10−38 -39.3 -39.2 

New Zealand 

n=45 

0.084 0.019 0.023 2.088 × 10−3 0.038 0.959 2.79 × 10−9 -35.4 -37.04 

∏(𝟏 + Я𝒕)

𝟓

𝒕=𝟏

 4.77 × 10−11 3.07 × 10−14 5.3 × 10−7 1.12 × 10−12 2.26 × 10−10 4.97 × 10−10 9.75 × 10−62 -37.4  

Я(%) -37.83 -46.33 -25.1 -36.76 -35.87 -34.85 -37.4   

Я̅(%) -35.23 -51.81 -22.17 -37.1 -30.01 -33.62   -35 

 

The reported model and fund individual and accumulative payoff per race and series results 

from strata provide the data to determine the alpha return central tendency and dispersion 

measures. Table 5.8 displays the daily and weekly mean model alpha returns (per race) 

measures, X̅ ҩɌ1
and s ҩɌ1

, for the regions; and Table 5.9 displays the daily and average weekly 

fund alpha race returns,  X̅ ҩɌ2
and s ҩɌ2

.  
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Importantly, the daily returns for the SPDR S&P/ASX 200 fund benchmark are tabled in 

Table 5.11 with additional SPDR S&P/ASX 200 ETF returns to be used for portfolio 

illustration. The time interval between successive online races is forty minutes, and 

appropriately the daily returns reported during sampling period for the SPDR S&P/ASX 200 

fund, which trades daily for six hours on the ASX, are converted into equivalent 

compounding return per forty minutes, that match the ETBF compounding race payoff.  

Collectively, these betting strategy sample statistics are provided in Table 5.10 for testing of 

the secondary sub-hypotheses and primary hypothesis statements. Table 5.10 additionally 

provides Sharpe and coefficient of variation measures for investment comparison. 

Table 5.8: Model Regional Mean Alpha Race Returns – Daily and Weekly Averages 

Region Day �̅�𝑫𝑩𝑴 �̅�𝑺𝑩𝑴 �̅� ҩɌ𝑖
=�̅�𝑫𝑩𝑴 − �̅�𝑺𝑩𝑴 �̅� ҩɌ1

 𝒔 ҩɌ1
 

United Kingdom 
South Africa 
Asia 
Australia 
New Zealand 

1 

a)11.2  b)15.04 
n/a 

a)-4.78  b)6.97 
a)-11.73  b)6.38 
a)-30.28  b)2.52 

-16.82 
n/a 

37.52 
-27.37 
-40.83 

a)28.02  b)31.86 
n/a 

a)-42.3  b)-30.55 
a)15.64  b)33.75 
a)10.55  b)43.35 

a)2.98  b)19.60 a)31.06  b)33.81 

United Kingdom 
South Africa 
Asia 
Australia 
New Zealand 

2 

a)-17.01  b)4.32 
a)-2.55  b)8.61 

n/a 
a)-18.90  b)1.88 
a)-35.63  b)-2.81 

-21.8 
-62.8 
n/a 

-24.25 
-49.25 

a)4.79  b)26.12 
a)60.25  b)71.41 

n/a 
a)5.35  b)26.13 

a)13.62  b)46.44 

a)21  b)42.53 a)26.47  b)21.51 

United Kingdom 
South Africa 
Asia 
Australia 
New Zealand 

3 

a)-26.4  b)-0.8 
7.67 
n/a 

a)-2.53  b)6.7 
a)-5  b)5.13 

62.16 
-8.65 
n/a 

-6.35 
5.92 

a)-88.56  b)-62.96 
16.32 
n/a 

a)3.82  b)13.05 
a)-10.92  b)-0.79 

a)-19.84  b)-8.6 a)47.15  b)37 

United Kingdom 
South Africa 
Asia 
Australia 
New Zealand 

4 

a)-17.16  b)-1.72 
a)2.87  b)8.41 

5.68 
a)-29.95  b)-0.43 
a)-28.76  b)-0.36 

-21.1 
-9.3 

-15.67 
-26.6 
-22.1 

a)3.94  b)19.38 
a)12.17  b)17.71 

21.35 
a)-3.35  b)26.17 
a)-6.66  b)21.74 

a)5.49  b)21.27 a)11.45  b)3.18 

United Kingdom 
South Africa 
Asia 
Australia 
New Zealand 

5 

a)-8.77  b)5.02 
10.77 
n/a 

a)-9.84  b)4.15 
a)-8.23  b)3.85 

29 
16.6 
n/a 

-26.1 
-47.12 

a)-37.77  b)-23.98 
-5.83 
n/a 

a)16.26  b)30.25 
a)38.89  b)50.97 

a)2.89  b)12.85 a)32.68  b)33.97 

United Kingdom 
South Africa 
Asia 
Australia 
New Zealand 

6 

a)-7.26  b)3.59 
n/a 

a)-37.66  b)-3.06 
a)-17.01  b)0.93 

5.01 

-21.93 
n/a 

-41.52 
-22.18 
5.56 

a)14.67  b)25.52 
n/a 

a)3.86  b)38.46 
a)5.17  b)23.11 

-0.55 

a)5.79  b)21.64 a)6.41  b)16.25 

Regional 
Averages 

 
T=6 days 

 

a)-10.9  b)4.24 
a)4.69  b)8.87 
a)-12.25  b)3.2 
a)-15  b)3.27 

a)-17.15  b)2.22 

2.1 
-16 

-6.56 
-22.14 
-24.64 

a)-12.5  b)2.66 
a)20.69  b)24.87 
a)-5.69  b)9.76 
a)7.14  b)25.41 
a)7.49  b)26.86 

 
a)3  b)18 

 
a)13  b)11 

 a) maximum risk 100%, b) maximum risk 10%  
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Table 5.9: Fund Alpha Race Returns  – Daily and Week Average 

Results Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Average 

𝑷𝒂𝒚𝒐𝒇𝒇%𝑬𝑻𝑩𝑭 [Я(%)]   
a)-22.05  

b)6.03 

a)-32.71  

b)1.95 

a)-11.18  

b)5.12 

a)-38.79 

b)0.33 

a)-17.36  

b)4.28 

a)-25.93 

b)0.73 

a)-24.67  

b)3.07 

𝑷𝒂𝒚𝒐𝒇𝒇%𝑺𝑷𝑫𝑹 𝑬𝑻𝑭 0.14 0.23 -0.12 -0.10 3.33 × 10−3 0.136 0.048 

 ҩɌ2
 b)5.89 b)1.72 b)5.24 b)0.43 b)4.277 b)0.594 b)3.025 

 

Table 5.10: Betting Strategy Sample Statistics  

Regional Results Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Average 

�̅� ҩɌ1
 19.60 42.53 -8.6 21.27 12.85 21.64 18 

�̅� ҩɌ2
 5.89 1.72 5.24 0.43 4.277 0.594 3.025 

�̅�ҩɌ
=  �̅� ҩɌ1

+ �̅� ҩɌ2
 25.5 44.25 -3.36 21.7 17.127 22.234 21.025 

𝒔 ҩɌ1
 33.81 21.51 37 3.18 33.97 16.25 16.5 

𝒔 ҩɌ2
       2.4 

�̅�ҩɌ

𝒔 ҩɌ

       3.09 

𝒔 ҩɌ

�̅�ҩɌ

       0.32 

 

Table 5.10 displays the sample statistics for testing of the sub-hypotheses (and solution for 

secondary questions) to achieve the research objective’s two and three. The conjoint, nested 

sub-hypotheses are inherent to testing the primary hypothesis. The primary hypothesis and 

secondary hypotheses tests and outcomes conducted at ninety-five percent level of 

confidence are detailed in the following section.  

5.3 Primary hypothesis and sub-hypotheses tests  

5.3.1 Sub-hypothesis one test 

H10 ∶  μ ҩɌ1
=  0 , 

H1a ∶  μ ҩɌ1
 > 0 , 
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t =  
𝖷ҩɌ1

− μҩɌ1

sҩɌ1

√n1

=  
18

16.5/√6
= 2.67 ;  n1 = 6, df = 5, α = 0.05 , 

t5,0.05 =  2.015 < 2.67 , 

∴ Rejection of H10, and acceptance of alternative sub-hypothesis at α = 0.05 that the DBM 

achieves abnormal profits from the normal rank approximate model benchmark. 

5.3.2 Sub-hypothesis two test 

H20 ∶  μ ҩɌ2
=  0 , 

H2a ∶  μ ҩɌ2
 > 0 , 

t =  
𝖷ҩɌ2

− μҩɌ2

sҩɌ2

√n2

=  
3.025

2.4/√6
= 3.09 ;   n2 = 6, df = 5, α = 0.05 , 

t5,0.05 =  2.015 < 3.09 , 

∴ Rejection of H20based upon data sample and acceptance of alternative sub-hypothesis at 

α = 0.05 that the ETBF outperforms the SPDR S&P/ASX 200 fund; statistical evidence for a 

profitable ETBF product for the risk averse investor. 

5.3.3 Primary hypothesis test 

H0 ∶  μ ҩɌ
=  0 , 

Ha ∶  μ ҩɌ
 > 0 , 

t =  
(𝖷ҩɌ1

+  𝖷ҩɌ2
) − (μ ҩɌ1

+  μҩɌ2
)

√
s2

ҩɌ1

n1
+

s2
ҩɌ2

n2

=  
21.025

√16.52

6 +
2.42

6

= 3.09 , 
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σ2
ҩɌ1

 ≠ σ2
ҩɌ2

 , n1 = n2 = 6 , df = min(n1 − 1, n2 − 1) = 5 , α = 0.05 , 

t5,0.05 = 2.015 < 3.09 , 

∴  The conclusion is rejection of H0  at level of significance α = 0.05  and statistical 

acceptance for the research primary hypothesis, and endorsement of an exchange traded 

horserace betting fund with deterministic payoff for institutional investment consideration. 

5.4 Post-race discussion   

Each of the three hundred race constituents of the stratified random sample inherit a unique 

payoff-risk trade-off from field win betting, a presupposition for speculative, hedging and 

arbitrage activity on the betting markets. Taking a position of speculation from field betting 

and not achieving arbitrage over the racer field, positive payoff was recorded using the DBM 

for seventy percent of the total sample; in contrast, the positive payoff recorded using the 

SBM was a lesser twenty-seven percent of the total sample. A comparison by regions reports 

a high of eighty-five percent of the events won in the South African region using the DBM 

method, and the Asian region reporting the lowest rate of fifty percent wins. The SBM 

method achieved results for the South African and Asian regions of a lesser twenty percent 

and fifteen percent respectively; and the highest regional result achieved was winning twenty-

nine percent of New Zealand’s races from the SBM approach. 

The regional accumulative payoffs for fund from these methods have an inverse relationship 

to racer exposure. The accumulative return for a region’s race series is a function of trading 

activity of the bettor odds with global market makers so to hedge the racer exposure. 

Importantly, the accumulative payoffs achieved from the three approaches for the six day 

sampling period are of notable difference;  
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 The SBM method recorded positive accumulative payoff only on day three for the series 

of races at the New Zealand racetrack. Table 5.7b displays a constant, compounding loss 

per race of Я = −37.4% for the total sample; and equivalently, the average loss per race 

of the region’s daily averages is Я̅ = −35%. 

 The DBM and no trade strategy approach displays an upswing in positive accumulative 

recordings with seven regional racetracks reporting positive accumulative returns – UK 

races on days one and five, the African races on days three and five, the New Zealand 

race series on days three and six, and the day four Hong Kong race card. However, Table 

5.7a reports a compound and average loss per race of  Я = −25.2% and Я̅ = −19%  

respectively, over the total sample. 

 DBM with hedging to ten percent exposure displays a noted rally in positive payoff for all 

the regions. All the regional racetracks reported positive accumulative return, except for 

UK races on days three and four, the New Zealand race series on days two and four, and 

day six Singapore race card. Table 5.7a reports exceptional compound and average 

positive payoff per race of  Я = 3.05% and Я̅ = 4% over the total sample. From Table 

5.7a, $1 invested by ETBF accumulated to a prodigious $8180, earning a constant 

feasible payoff of 3.05% per race, from consecutive betting on the three hundred race 

sample over the six day period using the DBM method with hedging; legitimizing the 

hypotheses testings conducted. 

The DBM with trade method and the SBM method provided the regional daily and 

accumulative payoffs to calculate the model and fund alpha race return statistical measures in 

Table 5.10 for the hypotheses testings. The model alpha race return sample mean is 

calculated 𝖷ҩɌ1
=  X̅DBM − X̅SBM ; i.e. the mean of the average daily regional model payoff 

per race excess to benchmark. From sample, the outcome from testing of the sub-hypothesis 
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statement, μ ҩɌ1
> 0, was acceptance of the secondary hypothesis and statistical support for 

the technical DBM method with trade providing abnormal profit against the normal rank 

approximate benchmark. 

The fund alpha race return sample mean is calculated 𝖷ҩɌ2
= Payoff%ETBF − Payoff%ETF ; 

i.e. the mean of the average daily regional fund payoff excess to benchmark. From sample, 

the outcome from testing of the sub-hypothesis statement, μ ҩɌ2
> 0, was acceptance of the 

secondary hypothesis that ETBF return outperforms the SPDR S&P/ASX 200 fund return, a 

precursor for a profitable ETBF product for the risk averse investor. 

The primary hypothesis encompasses the two sub-hypotheses, with the normal distribution 

for the betting strategy alpha return (per race) sample mean X̅ ҩɌ
 derived from the sum of the 

assumed normally distributed independent random variables 𝖷ҩɌ1
and 𝖷ҩɌ2

;  i.e  X̅ ҩɌ
= 

𝖷ҩɌ1
+  𝖷ҩɌ2

.  Of principal significance for the research’s aims from sample testing the 

primary hypothesis statement μ ҩɌ
> 0 at 𝛼 = 0.05, was outcome of statistical acceptance for 

an ETBF with deterministic payoff, for institutional investment consideration. 

The concluding section of Chapter 5 illustrates a portfolio of ETF’s with the inclusion of 

ETBF input, as precursor for further extensive examination of betting input into portfolio.  
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5.5 ETBF portfolio illustration 

The SPDR S&P / ASX 200 fund replicates the S&P / ASX 200 market index, and the SPDR 

S&P / ASX 200 resources fund and the S&P / ASX 200 listed property fund provide 

investment exposure to the resource and listed property Australian sectors respectively.  

Table 5.11 displays the recorded daily returns for these three ETF’S and the ETBF (with 

trade) payoffs from sample, from the 30 December 2011 to 10 January 2012. 

Table 5.11: ETF Daily Payoffs   

 STW SLF OZR ETBF 

Date 

Adj 

Close 

Return % 

Adj 

Close 

Return % 

Adj 

Close 

Return % Day Return % 

10/01/2012 36.47 1.22 7.07 1.14 10.61 1.05 6 43.8 

09/01/2012 36.03 0.03 6.99 0.14 10.50 -0.19 5 713 

6/01/2012 36.02 -0.91 6.98 0.43 10.52 -1.96 4 17.8 

5/01/2012 36.35 -1.09 6.95 -0.43   3 1114 

04/01/2012 36.75 2.08 6.98 3.41 10.73 4.9 2 162.4 

03/01/2012 36.00 1.24 6.75 0.15   1 1765 

30/12/2011 35.56  6.74  10.23    

STW.AX: SPDR S&P/ASX 200 Fund , SLF.AX: SPDR S&P/ASX 200 Listed Property Fund , OZR.AX: SPDR S&P/ASX 200 Resources Fund                        
Source: http://au.finance.yahoo.com/q/hp?s , Adj Close: close price adjusted for dividends and splits. 

Table 5.12 details the asset’s mean returns, variances and covariances, which are the 

constituents to derive the true efficient curve for the portfolio over the sampling period. The 

SLF property ETF (for sample) has recorded a greater return / risk ratio than the OZR 

resource fund, in comparison with the SPDR S&P / ASX 200 fund benchmark. The ex-post 

Sharpe and return/risk ratios for the ETBF from sample, exceeds all the other portfolio 

http://au.finance.yahoo.com/q/hp?s
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constituent’s return / risk ratios, recording 
�̅�

𝐬
= 0.90.The sample mean payoff reported for the 

ETBF is outlying from the sample mean returns recorded for the ETF’s. 

Table 5.12:  ETF Mean Payoffs, Standard Deviations and Covariances 

Asset �̅�(%) 𝒔(%) 
�̅�

𝒔
 STW SLF OZR ETBF 

STW 0.428 1.29 0.33 1.66 1.77 2.05 906 

SLF 0.807 1.37 0.59 1.77 1.88 2.18 962 

OZR 0.633 1.59 0.4 2.05 2.18 2.53 1117 

ETBF 636 702.31 0.9 906 962 1117 493239 

 

The output from solver software that uses nonlinear, numerical integration techniques to 

calculate optimal ETF weightings, and portfolio means and standard deviation calculations to 

construct the true efficient frontier for the sampling period, are provided in Table 5.13a and 

Table 5.13b. Table 5.13a provides asset weightings and portfolio means and standard 

deviation calculations to plot the efficient frontier for the three SPDR ETF products; for 

comparison, Table 5.13b incorporates ETBF payoffs into portfolio optimal weight 

calculations. 

Table 5.13a: Portfolio ETF Weightings, Means and Standard Deviations 

ETF Weightings 

STW 100% 48.02% 0% 2.64% 0% 0% 

SLF 0% 51.98% 100% 97.36% 41.21% 0% 

OZR 0% 0% 0% 0% 58.79% 100% 

�̅� 0.428% 0.625% 0.807% 0.797% 0.705% 0.633% 

s 1.29% 1.33% 1.37% 1.37% 1.5% 1.59% 

�̅�

𝒔
 

0.33 0.47 0.59 0.58 0.47 0.4 
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Figure 5.1 displays the efficient frontier from sample for the three SPDR ETF products. The 

range of risk for the frontier is a minimum 𝑠 = 1.29% from investing completely in the 

SPDR S&P / ASX 200 fund; and the upper boundary is 𝑠 = 1.59%  from completely 

investing in the resources fund. The optimal return / risk ratio reported on the frontier is 

�̅�

s
= 0.59, from investing solely in the listed property fund.  

Table 5.13b: Portfolio ETF and ETBF Weightings, Means and Standard Deviations 

ETF Weightings 

STW 100% 90% 70% 40% 0% 

SLF 0% 0% 0% 0% 0% 

OZR 0% 0% 0% 0% 0% 

ETBF 0% 10% 30% 60% 100% 

�̅� 0.428% 64% 191.1% 381.8% 636% 

s 1.29% 71.4% 211.6% 422% 702.3% 

�̅�

𝒔
 0.33 0.9 0.9 0.9 0.9 

 

      Figure 5.1: ETF Portfolio Efficient Frontier
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The results from Table 5.13b display the prodigious payoff from ETBF overriding all the 

other SPDR ETF returns for portfolio composition; and correspondingly, Figure 5.2 displays 

the flattened hyperbolic curve resulting from the portfolio return strongly positively 

correlated to ETBF weighting. 

 

5.6 Chapter summary 

Chapter 5 provided the results and analysis for the post-race stage of the research 

methodology, and successfully achieved solution for the research questions.  

Both the SBM and DBM methods generated substantial payoff from field win betting on 

selective regional races and race series; however, the model’s average race return over 

sample was of noted difference. The average of the daily regional average race loss reported 

from SBM for sample is Я̅ = −35%,  whereas DBM with hedging race risk reported an 

average of the daily regional average profit per race of  Я̅ = 4%. The significance of the 

sample mean model alpha return accepted at 𝛼 = 0.05, provides the solution that the DBM 

(with trade) outperforms the SBM benchmark. 

     Figure 5.2: ETF Portfolio Curve
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A constant, compounding race payoff of Я = 3.05%, from consecutive betting on the three 

hundred race sample, is reported for ETBF. The SPDR S&P/ASX 200 fund has an opening 

price of 35.56 and closing price of 36.47 for the sampling period from 30/12/2011 to 

10/1/2012, and that equates to a compounding payoff (every forty minutes) of 35.56(1 +

Я)54 = 36.47 ∴  Я = 0.0468%.  The significance of the sample mean fund alpha return 

accepted at 𝛼 = 0.05, provides the solution that the ETBF outperforms the SPDR S&P/ASX 

200 fund benchmark. 

Betting strategy alpha return is composed of model alpha return and ETF alpha. The 

significance of the sample mean betting strategy alpha return accepted at 𝛼 = 0.05, 

importantly provides solution for the research’s primary question, and endorsement of the 

research’s primary hypothesis of a profitable ETBF with deterministic payoff. 

The ETF portfolio illustration demonstrated the beneficial return from ETBF (from sample), 

and the credible return/risk ratio for risk averse investment. 
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CHAPTER 6 

CONCLUSION, LIMITATION and IMPLICATION 

The betting market belongs to the financial market space. The betting market provides bid-

ask prices inherent to financial markets. Global horse racing is conducted 24/7 for investment, 

with ongoing racing from the southern to the northern hemisphere, that generates significant 

pools of funds. Conjointly, EEN’s, betting markets and trade software enable transparency, 

low latency delivery, and minimal price change that are necessary for high frequency 

institutional investment. The dynamics of betting market platforms has extended the scope of 

trader activity with the access to diverse market makers and products. Trade activity on the 

betting market includes speculation, hedging and arbitrage activity.  

A horserace offers a unique return – risk trade-off for the investor. The race payoff is a 

function containing market odds and bets for arguments. The existing technical and 

fundamental betting models are stochastic processes that optimize expected payoff – risk 

trade-off to determine win or place payoff. The technical and fundamental betting models 

revised in the research share a multi-stage sequential process to generate permutation 

probability from the bettor win and place odds, and to calculate expected payoff. The 

technical betting models have evolved from L-decomposability and logistic probability, to 

functions of variables of parametric distribution which include the normal, gamma and 

exponential distributions and their derivatives. The fundamental betting models of 

nonparametric distribution have developed from rank reliant multinomial logit and 

multivariate regression methods to winner classification support vector machine methodology.  

Essentially, all these betting strategies challenge the semi-strong efficient market hypothesis 

toward horse racing.  
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Importantly, the first of three anomalies was recognized by this thesis. Based upon the semi-

strong efficient market hypothesis, capital prices and future expected return are random and 

unpredictable, so no investment pattern can be discerned. However, this is not completely 

true for horserace wagering prices. The betting market yields random prices, but importantly 

the betting market provides a defined benefit; the bet is a binary option asset that is a hybrid 

of risk-intensive equity and fixed-return debt, in conflict with the semi-strong EMH. 

Secondly, the EEN and betting exchanges are precursors toward deterministic modelling, and 

arbitrage field return can be achieved from mathematical pooling fundamentals and 

favourable trading of the horserace market odds. In addition, an ETBF as an investment 

alternative to the existing ETF’s has not been given serious research consideration. These 

three anomalies formulated the primary research question asked by this thesis: does a 

profitable exchange traded betting fund with deterministic payoff exist for acceptable 

institutional investment? Equivalently, this research specifically aims to develop and 

implement a profitable deterministic horserace betting model into financial market. To find 

an answer for the primary question there are three specific objectives (and associated 

secondary questions) to match the three anomalies to find solution for the primary and 

secondary questions, and which is premiss for the general research’s aim to consider betting 

input for portfolio, that presently is not a mainstream nor alternative asset for institutional 

portfolio. 

The first objective was attained in Chapter 2’s literature review of examining existing betting 

strategy, that adopt conditional probability permutation with the bettor odds to determine 

expected outcomes for typical horserace wagering products. These elementary probabilities 

can be combined to optimize expected return from field betting. The remaining two 

objectives are to develop a technical DBM for market trading and to implement an ETBF into 

market. Essentially, these two objectives are answering two secondary questions – a DBM 
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outperforms an existing SBM benchmark; and an ETBF outperforms the SPDR S&P/ASX 

200 fund benchmark. As consequence, the primary hypothesis and secondary hypotheses 

statements are formulated and tested to determine solution for the research questions. 

The research methodology of Chapter 3 outlines a three stage industry practice to achieve 

these remaining objectives. The initial pre-race stage defines the model and fund variables 

and population parameters and sample statistics, from which the research hypotheses 

(questions) are formulated to find solution. This stage essentially includes the mathematical 

analysis of an optimal deterministic horserace betting technical model (and algorithm) and 

ETBF for financial market application, which is detailed in Chapter 4. Chapter 4 outlines the 

development of the DBM from the existing literature, mathematical pooling principles, and 

importantly, from the development of the MSO theorem over 𝐶𝑛  space, to validate the 

optimal solution generated from the DBM. The structure of the ETBF is a savings fund 

generating a continuous rate of return. 

The event stage of the research methodology follows the pre-race stage and is the race 

sampling and data collection phase, and uses a stratified random sampling technique to 

collect three hundred global galloper races from five regions over a six day period 

commencing the first of January 2012. The race results and analysis output from the 

workings of the models and ETBF embrace the post-race stage of the research methodology, 

whose findings resulted in attaining objectives two and three, to achieve the research’s aims 

and solution to the research’s principal and secondary questions. ETBF for portfolio is 

illustrated as precursor for extensive examination of horserace wagering as an alternative 

institutional asset class, and the forward search method for outlier detection discussed. 
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The inherent findings of this research are accordingly; 

 The MSO theorem states that optimization over an n finite series of complex systems 

generates a constant real component over each consecutive system. The MSO theorem 

has application for all science, and one application is finding optimal solution for 

deterministic modelling of horserace field betting. 

 DBM and algorithm optimizes field win and place wagering to determine a feasible, 

actual payoff – risk trade-off. Arbitrage is achievable from DBM and trading the 

market odds, for acceptable institutional payoff – risk. 

 A profitable betting strategy, an exchange traded horserace betting fund with 

deterministic payoff, for acceptable institutional investment; a new premiss for 

horserace investing. 

The research acknowledges the need to attain results from lengthier sampling periods and for 

performance comparison with commercialized horserace betting strategies. Another 

limitation is that there is no current similar strategy, such as the former Centaur fund, for 

benchmark comparison. 

Finally, the implications from the findings of this thesis are paramount. The introduction of a 

new betting strategy challenges the existing semi-strong EMH toward horserace betting. The 

research has provided a profitable strategy for field win and place betting; with the outlook 

for enhanced deterministic optimization models and combinations. The horserace DBM and 

algorithm has application to other wagering events, such as the greyhounds. An ETBF 

recycling savings from betting could increase the global financial trading market’s daily 

turnover, for overall benefit to the global financial system. 
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APPENDIX 

A1 Multiple System Optimization Theorem     

Multiple System Optimization (MSO) Theorem, Proof by Induction, 

 {𝑚𝑎𝑥/𝑚𝑖𝑛}   𝑍1..𝑛(𝐶1..𝑛
𝑛 ; ʘ) = Я𝑛  ;  𝑍(𝐶𝑛;  ʘ) , 𝑍1..2(𝐶1

𝑛𝐶2
𝑛 ; ʘ)  {𝑛 ∈ 𝐼} ,          (A 1) 

 {𝑚𝑎𝑥/𝑚𝑖𝑛}  𝑍(𝐶𝑛; ʘ) =  𝑅𝑒(Ẑ) =  Я , {𝑛 = 1} ,             (A 2) 

 𝑍(𝐶1𝐶2 . . 𝐶𝑛): 𝑐𝑜𝑚𝑝𝑙𝑒𝑥 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 , 

 𝐶𝑛: 𝑐𝑜𝑚𝑝𝑙𝑒𝑥 𝑣𝑒𝑐𝑡𝑜𝑟 𝑖𝑛𝑝𝑢𝑡 ; ʘ: 𝑠𝑒𝑡 𝑜𝑓 𝑜𝑝𝑒𝑟𝑎𝑡𝑜𝑟𝑠 , 

 Ẑ(Ĉ𝑛): 𝑐𝑜𝑚𝑝𝑙𝑒𝑥 𝑜𝑢𝑡𝑝𝑢𝑡 ; 𝑅𝑒(Ẑ) = Я =  𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡 , 

Maximizing or minimizing on the space 𝐶𝑛 of n-tuples of complex numbers must satisfy the 

n-dimensional Cauchy-Riemann equations in order for the complex function to be complex 

differentiable.  

 𝑍(𝐶𝑛; ʘ) =  𝑍(𝐶1, 𝐶2, … , 𝐶𝑛; ʘ) | 𝐶𝑗 = (𝑥𝑗 , 𝑦𝑗) , 𝑗 ∈ {1, … , 𝑛} ,           (A 3) 

 
𝑑𝑍

𝑑𝐶
= [ 

𝑑𝑍

𝑑𝐶1
,

𝑑𝑍

𝑑𝐶2
, . . ,

𝑑𝑍

𝑑𝐶𝑛
 ] ,                (A 4) 

 
𝑑𝑍

𝑑𝐶
= [ 

𝜕𝑍

𝜕𝑥1

𝜕𝑥1

𝜕𝐶1
,

𝜕𝑍

𝜕𝑥2

𝜕𝑥2

𝜕𝐶2
, . . ,

𝜕𝑍

𝜕𝑥𝑛

𝜕𝑥𝑛

𝜕𝐶𝑛
 ] + [ 

𝜕𝑍

𝜕𝑦1

𝜕𝑦1

𝜕𝐶1
,

𝜕𝑍

𝜕𝑦2

𝜕𝑦2

𝜕𝐶2
, . . ,

𝜕𝑍

𝜕𝑦𝑛

𝜕𝑦𝑛

𝜕𝐶𝑛
 ] ,          (A 5) 

 
𝑑𝑍

 𝑑𝐶
=  

1

2
[

𝜕𝑍

𝜕𝑥1
− 𝑖

𝜕𝑍

𝜕𝑦1
 ,

𝜕𝑍

𝜕𝑥2
− 𝑖

𝜕𝑍

𝜕𝑦2
 , . . ,

𝜕𝑍

𝜕𝑥𝑛
− 𝑖

𝜕𝑍

𝜕𝑦𝑛
 ] ,             (A 6) 

 
𝜕𝑍

𝜕𝑥1
=  

𝜕𝑍

𝜕𝑥2
=  , . . , =

𝜕𝑍

𝜕𝑥𝑛
= 0 {Cauchy-Riemann} ,             (A 7) 

 𝑅𝑒(Ẑ) = Я =  𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡                           (A 8) 
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Mathematical Induction step, 

    𝑍1..𝑘(𝐶1
𝑛𝐶2

𝑛. . 𝐶𝑘
𝑛; ʘ) =  Я𝑘 =  {𝑍1(𝐶𝑛;  ʘ)}𝑘  {𝑛 = 𝑘} ,                        (A 9) 

   𝑍1..𝑘+1 =   𝑍1..𝑘(𝐶1
𝑛𝐶2

𝑛. . 𝐶𝑘
𝑛; ʘ) 𝑍1(𝐶𝑛;  ʘ) , 

   =  {Z1(Cn;  ʘ)}kZ(Cn;  ʘ) =  ЯkЯ = Яk+1 =  Z1..k+1(C1
nC2

n. . Ck+1
n ; ʘ) {QED} .          (A 10) 
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A2 TrackInvest© Algorithm   

Sub TrackInvest() 

' 

' TrackInvest Macro 

' DBM Field Win Bet Algorithm 

' 
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Racer Mkt Odds Bet Win Net Return %Return Payoff

1 17.8 12,000.000$     213,600.00$  50,800.000$     31% (0.312039312039312,0)

2 20.8 10,300.000$     214,240.00$  51,440.000$     32% (0.315970515970516,0)

3 4.9 43,600.000$     213,640.00$  50,840.000$     31% (0.312285012285012,0)

4 16.6 12,900.000$     214,140.00$  51,340.000$     32% (0.315356265356266,0)

5 17.4 12,300.000$     214,020.00$  51,220.000$     31% (0.314619164619164,0)

6 0

7 0

8 4.7 45,800.000$     215,260.00$  52,460.000$     32% (0.322235872235872,0)

9 2.4 -$                 -$                 162,800.000-$   -100% (0, -100%)

10 13.5 15,900.000$     214,650.00$  51,850.000$     32% (0.318488943488943,0)

11 0

12 21.5 10,000.000$     215,000.00$  52,200.000$     32% (0.320638820638821,0)

162,800.000$   
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