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ABSTRACT 

 

This thesis examines and compares the performance of three classes of stock trading 

strategies in the Australian stock market from 1980 to 2002.  These are, namely, (i) 

technical trading rules, (ii) trading rules based on the forecasts of time-series models and 

(iii) trading rules that combine both technical trading rules and time-series models.   

 

The first segment of this thesis examines some simple technical trading rules with a two-

step methodology, which involves standard t-tests in the first step and bootstrap tests in the 

second step.  Our standard test results show that technical trading rules generate excess 

returns higher than that of the buy-and-hold portfolio equivalent prior to 1991, but generate 

lower returns in the period post-1991.  Bootstrap test results also show that addressing non-

normality, time-dependence and conditional heteroskedasticity in the data reverses the 

standard test outcome of predictability for most of the technical trading rules examined.  In 

addition, our sub-sample results also show technical trading rules becoming less profitable 

over time, suggesting that the Australian stock market grew increasingly efficient over the 

sample period examined.  

 

The second segment of this thesis examines trading rules based on the forecasts of four 

time-series models: the AR(1), AR(1)-GARCH(1,1), AR(1)-GARCH(1,1)-M and AR(1)-

EGARCH(1,1) models.  These time-series trading rules were examined with standard t-

tests and found to be significantly less profitable compared to technical trading rules.  Sub-

sample results also show the time-series trading rules losing profitability over time, which 

supports the conjecture that the Australian stock market became increasingly efficient over 

time.  
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The third segment of this thesis examines trading strategies based on various combinations 

of technical trading rules and time-series models.  These combined trading strategies, which 

were also examined with standard tests, were found to be less profitable than technical 

trading rules but more profitable than the time-series trading rules.  Due to the weak 

performance of the time-series trading rules, our results show that combining technical 

rules with time-series models do not lead to improved forecast accuracy.  Sub-sample 

results again show a strong decline in profitability post-1991, suggesting that technological 

advancements in the ASX since 1991 enhance market efficiency such that the above simple 

stock trading strategies are no longer profitable.   
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CHAPTER 1 

INTRODUCTION 

 

1.1 Introduction 

Equities have the potential of generating lucrative profits to investors if the future 

directional movements in stock prices are accurately predicted.  This has driven much effort 

into the development of stock trading strategies in the private sector and, more recently, the 

academic community.  This thesis is interested in examining and comparing the 

performance of three main types of trading strategies – (i) technical trading rules, which are 

popularly employed by the private sector, (ii) trading rules based on the forecasts of time-

series models, which are more typically employed by the academic community and (iii) a 

trading strategy that combines both technical trading rules and time-series models.   

 

1.2 Technical Trading Rules 

The first segment of this thesis examines the validity of technical trading rules.  The term 

“technical trading rules” refer to a myriad of well-defined ad-hoc trading rules that generate 

buy and sell signals based on the detection of trends and patterns in past prices.  Because 

technical trading rules were developed in the 1800s, long before the introduction of modern 

finance theory, they have traditionally been doubted by the academic community for their 

lack of theoretical foundations.  More importantly, academics doubted the validity of 

technical rules because they contradict the Efficient Markets Hypothesis, which states that 

the future directional movement of stock prices cannot be predicted from information 

contained in past prices when the stock market is at least weak form efficient.  Since 

technical trading rules generate buy and sell signals based on information contained in past 
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prices, the validity of technical rules implies a contradiction to the Efficient Markets 

Hypothesis.   

 

More recently, however, a surge of interest in technical trading rules is observed in the 

academic community.  This began when Brock, Lakonishok and LeBaron (1992) presented 

their study documenting that some simple technical trading rules were profitable in the 

absence of transaction costs when applied to US data.  These controversial results reported 

by Brock, Lakonishok and LeBaron (1992) sparked academic interest in technical trading 

rules and since then, many other academics have also conducted similar studies evaluating 

the validity of technical rules in various stock markets across the world.   

 

Thus far, the literature on technical trading rules has already examined the application of 

technical rules on data obtained from the stock markets in the United States, the United 

Kingdom and other European Union countries, Asia and even the Middle East.  However, 

the application of technical trading rules on Australian stock market data is not known in 

previous research.  This segment of the thesis contributes to the literature on technical 

trading rules by evaluating the validity of some simple technical rules in the Australian 

stock market.   

 

1.3 Time-Series Trading Rules 

The second segment of this thesis examines the performance of trading rules based on the 

forecasts of time-series models.  Before the recent surge of interest in technical trading 

rules, academics traditionally employ econometrically-based methods when evaluating if 

future stock returns can be predicted.  One commonly employed method is to estimate 

time-series models using empirical stock return data and then generating forecasts of future 
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stock returns based on the estimated models.  The forecasts are then compared against 

actual returns to determine if time-series models were successful in predicting future stock 

returns.   

 

One disadvantage of using econometrically-based methods is that the empirical results 

obtained are only sufficient for inferring if stock returns are predictable, but cannot be used 

to infer if there are profit opportunities to investors when the forecasts of these models are 

used to trade stocks.  To overcome this problem, this thesis examines trading rules based on 

the forecasts of some simple time-series models to determine if time-series models are 

useful applications in stock trading.  This is motivated by Fang and Xu (2003), who 

reported that trading rules based on some simple time-series models are profitable in the 

absence of transaction costs when applied to the US stock market.   

 

This thesis contributes to the literature on time-series trading rules in two ways.  First, the 

application of time-series trading rules to Australian data is not known in previous research 

and this thesis contributes to the literature by examining the validity of these trading 

strategies in the Australian stock market.  Second and more importantly, this thesis 

modifies the time-series trading rules proposed by Fang and Xu (2003) such that they 

reflect ‘real-time forecasting’.  In Fang and Xu (2003), the time-series trading rules 

generated buy and sell signals based on the forecasts of models that were estimated over the 

whole sample period examined.  We argue that this method is unrealistic as it is not 

possible for an investor to know at time t what the stock price will be at time t+i (where i is 

a positive integer) in reality.  Instead, we generate recursive forecasts based on moving 

windows so that they reflect the forecasts that would be made by an investor in ‘real time’.   
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1.4 Combining Technical Trading Rules with Time-Series Models 

The third segment of this thesis examines a trading strategy that combines technical trading 

rules with time-series models.  As mentioned above, technical trading rules are well-

defined ad-hoc rules based on past trends and patterns whilst time-series trading rules are 

based on the forecasts of econometrically-estimated models.  Although both trading 

methods are based on information contained in past prices, the type of past price 

information extracted by the two trading methods are different.  According to Terregrossa 

(1999), combining components into a single forecast may improve forecast accuracy if the 

component forecasts provide a measure of independent information.  Therefore, we are 

interested in examining if combining the component forecasts of technical trading rules and 

time-series models into a single trading strategy can result in greater profits.   

 

The combination of technical trading rules and time-series models in a single trading 

strategy is also motivated by Fang and Xu (2003).  Fang and Xu (2003), however, examine 

only trading strategies based on the combination of one simple technical rule and various 

time-series models.  This thesis extends the literature on combined trading strategies by 

examining a larger universe of combined strategies.  In particular, we examine different 

combinations of three types of technical rules with time-series models to determine if the 

profitability of combined trading strategies is dependent on the type of technical rule used 

to generate the component forecasts.   

 

1.5 Overview of Empirical Results 

A common result from tests of the three classes of stock trading strategies is that the trading 

strategies are profitable in the absence of transaction costs when applied to Australian data 

in the period prior to 1991.  However, tests on the sample post-1991 show that all three 
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classes of stock trading strategies are unprofitable and in fact generate significant losses 

when applied to the data!  An examination of the economic and financial developments in 

the Australian economy shows that technological advancements were extensive in the 

period from 1991.  The Australian Stock Exchange implemented the Clearing House 

Electronic Settlement System (CHESS) in 1994 and also introduced the electronic 

announcement system in 1995.  These implemented measures increased automation and 

efficiency in the Australian Stock Exchange and, as our results show, contribute to the loss 

of profitability of the stock trading strategies examined.   

 

In addition, we find that by defining time-series trading rules in terms of a ‘real-time’ 

forecasting method rather than in terms of forecasts based on full-sample estimates, time-

series trading rules are not profitable.  In fact, our results show that the performance of 

time-series trading rules is very weak compared to the performance of technical trading 

rules, especially in the period prior to 1991.  Therefore, combining technical trading rules 

and time-series models do not lead to increased profits.  Instead, our results show that the 

combined strategies tend to simply generate profits that are lower than technical trading 

rules, but higher than the time-series trading rules.   
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CHAPTER 2 

THE EFFICIENT MARKETS HYPOTHESIS AND STOCK TRADING 

STRATEGIES 

 

2.1 Introduction 

Equity markets have the potential of providing investors with a lucrative source of income 

if shares are traded on accurate predictions of future share price movements.  This has 

driven much effort to the development of trading methods by the private sector.  One such 

trading method is the application of technical trading rules, which are ad-hoc rules that 

attempt to forecast future share price movements through the identification of trends and 

patterns in past share price series.  Advocates of technical trading rules believe that trends 

and patterns in price movements form over time and that these trends and patterns re-

emerge in different periods of time.  Technical trading rules then attempt to identify periods 

where such historical patterns re-emerge.   

 

The academic community, on the other hand, has traditionally doubted the validity of 

technical trading rules.  This is due to a number of reasons.  Technical trading rules were 

developed in the 1800s, long before the introduction of modern financial theory.  As such, 

technical trading rules lack the theoretical foundations of finance theory.  More 

importantly, this doubt in technical trading rules derives from the fact that the validity of 

technical trading rules is controversial to the Efficient Markets Hypothesis (EMH), which 

states that future share price movements cannot be predicted using information contained in 

past prices when the market is at least weak form efficient.   
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Rather than basing tests of weak form efficiency on technical trading rules, academics tend 

to employ econometrically-based methods when evaluating if future stock returns may be 

predicted and one such method that is commonly employed is the use of time-series 

models.  Conventionally, time-series models were estimated using empirical stock return 

data and then used to generate forecasts of future stock returns.  Forecasts are then 

compared against actual returns to determine if the time-series models were successful in 

predicting future stock returns.  More recently, the use of trading rules based on the 

forecasts of time-series models have also been used to determine if the models are capable 

not only of predicting future stock returns but providing a basis for profitable trading rules.  

We refer to these trading rules as econometrically-based trading rules.   

 

This thesis is concerned with comparing technical trading rules against econometrically-

based trading rules to determine if technical trading rules (advocated by the private sector) 

or econometrically-based trading rules (advocated by the academic community) are more 

profitable.  In addition, we also examine a trading strategy that combines both technical 

trading rules and econometrically-based trading rules to determine if the combined strategy 

outperforms the two individual trading methods.  Preliminary to the empirical analysis, we 

seek to resolve issues relating to methodology and data to be employed by this study.  We 

do this via the literature survey provided in this chapter, which seeks to: 

(i) provide theoretical background to the thesis 

(ii) ensure the present study does not duplicate previous research 

(iii) assist in the selection of appropriate econometric methodology for empirical 

analysis 

(iv) assist in data selection and 

(v) set a benchmark against which this study’s empirical results may be compared.  
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A brief structure of this chapter is as follows.  Section 2.2 provides an overview of the 

EMH, which is the theoretical motivation for this study.  Section 2.3 provides a literature 

survey on tests of technical trading rules and section 2.4 briefly describes the literature on 

econometrically-based trading rules.  Section 2.5 then concludes the chapter by 

highlighting issues that arise from the literature survey and justifying this study’s choice of 

data and methodology.   

 

2.2 An Overview of the Efficient Markets Hypothesis 

The term ‘efficient market’ was initially introduced into economics literature as a market 

that adjusts rapidly to new information.  However, it was soon apparent that rapid 

adjustment to new information, whilst important, is not the only element of an efficient 

market.  Fama (1991) provides a more modern and complete definition in “Efficient Capital 

Markets II”, stating that “the market efficiency hypothesis… (is) the simple statement that 

security prices fully reflect all available information”.  In an efficient market, therefore, 

investors do not obtain arbitrage profits and returns are unpredictable, when transaction 

costs are zero, due to this arbitrage basis.  Although the EMH applies to security markets in 

general, the theory typically motivates research in the stock markets.  Likewise, the EMH is 

also the motivation behind this study’s examination of the stock market and in this section, 

an overview of the EMH with particular reference to the stock markets is provided.  

 

Cuthbertson (1996) notes that empirical tests of the EMH in the stock market tend to be 

based on stock returns rather than prices.  To illustrate the EMH’s implication on stock 

returns, let 1+tR  be the stock return obtained by an investor who holds a stock from t to t+1 

and let *
1+tR  be the equilibrium level of 1+tR .  The efficient dissemination and rational 
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processing of information in an efficient market implies no investor has superior 

information over another.  Investors can therefore only expect to obtain normal returns 

corresponding to equilibrium levels.  This expresses mathematically as: 

[ ] 0*
11 =− ++ ttt RRE  (2.1) 

where Et is the expectations operator that denotes expectations conditional on information 

at time t and (2.1) demonstrates that investors cannot expect to obtain returns in excess of 

normal, equilibrium returns in an efficient market.  Another way of writing (2.1) is: 

[ ] 0|*
11 =Ω− ++ ttt RRE  (2.2) 

where tΩ  is the full set of relevant information available to investors at t.  Forecasts based 

on tΩ  at time t are also known as rational forecasts, which implies that market agents form 

rational expectations in an efficient market.  This demonstrates that the element of rational 

expectations is inherent in the EMH.  

 

It follows that if *
1+tR  is non-stochastic, then (2.1) can be written: 

[ ] 0*
11 =− ++ ttt RRE  (2.3) 

which can also be expressed: 

[ ]ttRE Ω+ |1  = *
1+tR  (2.4) 

Hence, (2.3) assures non-stochastic equilibrium returns in an efficient market.  

 

Empirical studies typically define efficiency on three levels depending on the kind of 

information ( tΩ ) it reflects.  The first level of the EMH defines tΩ  in terms of an asset’s 

own historical prices and is known as “weak form efficiency”.  More formally, weak form 

efficiency can be described as the hypothesis that the current price of an asset fully reflects 



 10 

information contained in its historical prices.  In weak form efficiency, therefore, tΩ , 

expressed mathematically in terms of returns, is: 

11 ,...,, +−−=Ω ntttt RRR  (2.5) 

where R is stock returns and n is a time subscript with an arbitrary value that reflects the 

number of time periods since the first share price observations.  Incorporating (2.5) into 

(2.2): 

[ ] 0,...,,| 11
*

11 =− +−−++ nttttt RRRRRE  (2.6) 

and with a non-stochastic *
1+tR : 

[ ] *
111 ,...,| ++−+ = tnttt RRRRE  (2.7) 

According to (2.7), investors cannot expect to obtain excess returns with forecasts based on 

information reflected in the asset’s historical return series.  Given that *
1+tR  itself cannot be 

forecasted, (2.7) implies that there is no predictability from the asset’s historical price or 

return series.  

 

Semi-strong form efficiency is the second level of the EMH.  According to semi-strong 

form efficiency, the current stock price incorporates the relevant publicly available 

information to investors.  The term ‘public information’ describes a very wide range of data 

since it not only includes past prices, but also various financial and macroeconomic data.  

In fact, ‘public information’ is not limited to a strictly financial nature since, as long as the 

publicly available information is relevant to the pricing of the asset, it is included as an 

explanatory variable of current prices.  The information set ( tΩ ) that defines semi-strong 

form efficiency is therefore: 

tntttt RRR X;,...,, 11 +−−=Ω  (2.8) 
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where Xt is the set of all publicly available information, excluding the asset’s historical 

returns, at t that is relevant to the pricing of the asset.  tΩ  in semi-strong form efficiency 

thus consists of the asset’s historical price information as well as other publicly available 

information relevant to the asset.  Semi-strong form efficiency is therefore determined on 

the basis of a larger tΩ  that also encompasses weak form efficiency’s tΩ , which implies 

that a market that is at least semi-strong form efficient must also be at least weak form 

efficient.  

 

Incorporating (2.8) into (2.2), semi-strong form efficiency expresses mathematically as: 

[ ] 0;,...,,| 11
*

11 =− +−−++ tnttttt RRRRRE X  (2.9) 

which implies that forecasts based on the full set of publicly available information relevant 

to the asset cannot generate excess returns to investors.  According to semi-strong form 

efficiency, therefore, there is no predictability from the full set of relevant, publicly 

available information (provided that *
1+tR  is not forecastable).   

 

The last level of efficiency is strong form efficiency, which postulates that the current price 

fully incorporates both private and public information that is available and relevant to the 

asset.  The information set defining strong form efficiency is therefore: 

ttntttt RRR IX ;;,...,, 11 +−−=Ω  (2.10) 

where It is the full set of available private information relevant to the asset at time t.  (2.10) 

defines an information set that is larger and encompasses the information sets defining 

weak and semi-strong form efficiencies.  Therefore, a market that is strong form efficient is 

also semi-strong form and weak form efficient.  Incorporating (2.10) into (2.2) provides: 

[ ] 0;;,...,,| 11
*

11 =− +−−++ ttnttttt RRRRRE IX  (2.11) 
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According to (2.11), therefore, forecasts based on the full set of available private and public 

information relevant to the asset are not expected to generate excess returns to investors in 

a strong form efficient market.  Strong form efficiency thus implies no predictability 

(provided that *
1+tR  is not forecastable) from the full set of available public and private 

information relevant to the asset.  

 

2.3 Tests of Weak Form Efficiency 

The following provides a discussion on some empirical methods used to examine weak 

form efficiency.  Although we are aware of several studies that examine the EMH through 

the testing of semi-strong form efficiency (e.g. event studies) and a few studies by testing 

strong form efficiency, we are only concerned with the testing of weak form efficiency in 

this thesis.  Hence, the survey of empirical methods to test semi-strong and strong forms 

efficiency is not relevant to this thesis.   

 

In his review of research on market efficiency, Fama (1991) notes that most weak form 

tests are regression-based.  These weak form tests examine efficiency by testing: 

1+tR  = tntntt RRR εββ ++++ +− 11
* ...  (2.12) 

and since weak form efficiency postulates no predictability from past returns, the null 

hypothesis in these tests is: 

0...:H 210 ==== nβββ  (2.13) 

A rejection of H0 interprets as evidence of return predictability since past returns are then 

significant explanatory variables of future returns.  The above, on the maintained 

assumption of a constant *
tR , implies that when the market is efficient: 

1+tR  = tεβ +0  (2.14) 
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Since 1+tR  = ( ) ( )tt PP loglog 1 −+  in the absence of dividend gains, (2.14) may also be written 

as: 

( ) ( )tt PP loglog 1 −+  = tεβ +0  (2.15) 

or  

( ) ( ) ttt PP εβ ++=+ loglog 01  (2.16) 

where (2.16) is simply the expression that the log of stock prices follow a random walk.  A 

number of empirical studies have also examined efficiency by testing if the log of stock 

prices follows a random walk process.   

 

While weak form efficiency is traditionally examined with regression-based tests, in recent 

years, tests of technical and econometrically-based trading rules have also been used.  As 

mentioned earlier, we are interested in comparing technical trading rules and 

econometrically-based trading rules.  Therefore, we will focus our survey only on the 

literature on technical trading rules and econometrically-based trading rules.   

 

Like traditional weak form regression-based tests, technical trading rules and trading rules 

based on the forecasts of univariate econometrically-estimated time-series models also 

examine if the future directional movement of stock prices may be forecasted with 

information contained in past prices.  The primary difference between regression-based 

tests and trading rule methods is that regression-based tests evaluate forecast accuracy by 

checking the significance of regressors in an econometric forecasting equation and whether 

stock returns are autocorrelated, whilst trading rule methods evaluate forecast accuracy by 

checking if the trading strategies are profitable.  One problem with the use of traditional 

regression-based tests is that it is difficult to distinguish between predictable stock returns 
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and profitable stock returns.  If we recall Fama’s (1991) discussion on predictability and 

profitability, we know that there is a distinction between predictability and profitability 

because positive transaction costs exist in the real world.  Positive transaction costs will 

diminish and can even eliminate abnormal returns.  Since market efficiency is determined 

by whether investors are able to exploit available information for abnormal profits, one can 

only make inferences on market efficiency after checking if investors are able to obtain 

abnormal profits after transaction costs are accounted for.  Since traditional regression-

based tests are only able to check for predictability but not profitability, the application of 

trading rules is preferable for testing market efficiency.   

 

2.4 Tests of Technical Trading Rules – A Literature Survey 

The use of technical trading rules to evaluate weak form efficiency initiated since the 1960s 

when Van Horne and Parker (1967) and James (1968) tested the validity of some moving 

averages in the US stock market.  The results of these studies, however, showed that simple 

moving average rules were unable to beat the buy-and-hold equivalent portfolio.  As a 

result, the academic community has traditionally devoted little interest into research on the 

validity of technical tading rules.   

 

The use of technical trading rules to evaluate weak form efficiency in recent times was 

pioneered by Brock, Lakonishok and LeBaron (1992), who tested some simple technical 

rules on US data.   

 

Using standard and bootstrap tests, their study found technical rules to be profitable in the 

absence of transaction costs.  However, as Fama (1991) noted, profitability in the absence 

of transaction costs does not necessarily imply that the stock market is inefficient.  Because 
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positive transaction costs are apparent in the real world, informational efficiency is 

determined by whether investors are able to obtain abnormal profits from trading after 

positive transaction costs are accounted for.  Bessembinder and Chan (1995) therefore 

extended Brock, Lakonishok and LeBaron’s (1992) study by proposing a method of testing 

the profitability of technical rules in the presence of positive transaction costs.  Details of 

these studies, as well as other studies of technical trading rules are provided in this section.  

 

In this section, we survey the literature on tests of technical trading rules.  We begin with 

the pioneering study by Brock, Lakonishok and LeBaron (1992), followed with 

Bessembinder and Chan’s (1995) study – the first study to examine the profitability of 

technical rules in the presence of positive transaction costs – and then an overview of the 

other studies examining the application of technical trading rules.   

 

2.4.1 The Pioneer Study 

Brock, Lakonishok and LeBaron (1992) examine two main categories of technical trading 

rules – moving averages (MA) and trading range break (TRB) rules.  MA rules emit buy 

and sell signals depending on the behavior of a short-run moving average and a long-run 

moving average of past prices.  The study examines two types of MA rules, the variable-

length moving averages (VMA) and the fixed-length moving averages (FMA).  VMA rules 

emit buy (sell) signals when the short-run moving average is above (below) the long-run 

moving average and hence, either a buy or a sell signal is emitted each trading day.  FMA 

rules emit buy (sell) signals only when the short-run moving average cuts the long-run 

moving average from below (above).  Buy and sell positions are then maintained for fixed 

10-day holding periods following signal emissions.  TRB rules, on the other hand, emit buy 

and sell signals by comparing the current stock price against the maximum and minimum 
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stock prices over an arbitrarily determined fixed number of previous trading days.  More 

specifically, buy signals are emitted when the current stock price rises above the previous 

maximum whilst sell signals are emitted when the current stock price falls below the 

previous minimum.  Buy and sell positions are then maintained for fixed 10-day holding 

periods following signal emissions.  In addition, BLL also examined the technical rules 

with a 1 percent trading band, which is simply a 1 percent band above and below the long-

run moving average for MA rules and a 1 percent band above the maximum and minimum 

levels for TRB rules.  We describe the mechanics of these technical trading rules in further 

detail later on in Chapter 3.  

BLL employ a two-step methodology to examine the technical rules.  The first step 

involves using standard t tests to examine if average returns generated by the technical rules 

in buy and in sell periods are significantly different from the average buy-and-hold return, 

and whether the average buy-period return is significantly different from the average sell-

period return.  Because stock prices are expected to rise (fall) following buy (sell) signals, 

the average return generated in buy (sell) periods should be higher (lower) than the average 

buy-and-hold return if technical rules possess the ability to predict future upward 

(downward) movements in share prices.  This implies that the average buy-period return 

should be higher than the average sell-period return if technical rules possess predictive 

ability.  BLL’s standard test results suggest that VMA, FMA and TRB rules all possess 

significant predictive power in the DJIA.  

 

BLL acknowledge that their standard test results, though interesting, do not provide 

complete evidence that technical rules possess predictive power.  This is because standard t 

tests assume that data is normal, independent and identically distributed (IID-normal) 

whilst stock returns are known to exhibit non-IID-normal characteristics such as 
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leptokurtosis, time-varying means and heteroskedasticity.  As such, it is possible that 

standard tests show technical rules possess significant predictive ability, even when 

technical rules do not actually possess predictive power, simply because of the inability of 

standard t ratios to address the non-IID-normal characteristics underlying the stock return 

data.  Because of this, BLL conduct bootstrap tests in the second step of their empirical 

analysis.   

 

BLL implement their bootstrap tests by generating 500 replications of the average buy-

period and sell-period returns as well as the average buy-sell spread under four models: the 

(i) random walk with drift, (ii) AR(1), (iii) GARCH(1,1)-M and (iv) EGARCH(1,1) 

models.  BLL find the standard test results of predictability unaffected by addressing the 

random walk with drift process, although predictability diminishes marginally when 

simulations of the AR(1) model is used.  In tests with the GARCH(1,1) and EGARCH(1,1) 

simulations, predictability diminishes to a greater extent relative to that observed with tests 

using the AR(1) simulations, but is not eliminated.  BLL thus show that technical rules are 

still profitable without transaction costs after accounting for the stochastic processes 

characterized by the four models.   

 

2.4.2 Technical Trading Rule Profitability and Market Efficiency 

Another commonly quoted study in the literature on tests of technical trading rules is the 

one by Bessembinder and Chan (1995), who are the pioneers in evaluating the profitability 

of technical trading rules in the presence of positive transaction costs.  According to 

Bessembinder and Chan (1995), demonstrating that technical rules are profitable without 

transaction costs (as BLL did) does not imply that the stock market is inefficient.  Because 

positive transaction costs are apparent in the real world, Bessembinder and Chan (1995) 
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argue that it is important to determine if technical rules are still profitable after accounting 

for positive transaction costs before inferring if the stock market is at least weak form 

efficient.   

 

Bessembinder and Chan (1995) applied the same technical rules examined by Brock, 

Lakonishok and LeBaron (1992) to Asian stock markets.  Employing the standard and 

bootstrap tests used in Brock, Lakonishok and LeBaron’s (1992) study, Bessembinder and 

Chan (1995) found that technical rules are also profitable in the Asian stock markets when 

transaction costs are zero.  To determine if the technical rules are also profitable after 

accounting for positive transaction costs, Bessembinder and Chan (1995) propose a method 

for determining the break-even cost of trading – the level of transaction costs that just 

eliminates trading profits.  The break-even cost of trading is then compared against actual 

transaction costs.  Technical rules are profitable if the break-even cost is lower than 

transaction costs, but unprofitable if transaction costs exceed break-even costs.  

Bessembinder and Chan’s (1995) results show that, after accounting for transaction costs, 

technical rules are no longer profitable in Japan, Hong Kong and South Korea, although in 

the emerging markets of Malaysia, Thailand and Taiwan, technical rules are still profitable.   

 

2.4.3 Tests of Technical Rule Performance in Other Stock Markets 

Another study frequently quoted in technical trading rule research is the one by Hudson, 

Dempsey and Keasey (1996), who also emphasized the importance of testing the 

profitability of technical rules in the presence of positive transaction costs.  Applying the 

same technical rules examined by BLL to data from the London Stock Exchange in UK, 

Hudson, Dempsey and Keasey (1996) also find MA and TRB rules profitable without 

transaction costs.  However, the technical rules are no longer profitable after accounting for 
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transaction costs and the results thus imply that the UK stock market is at least weak form 

efficient.   

 

Several other studies also obtain results similar to those documented by Hudson, Dempsey 

and Keasey (1996).  These include the studies by Coutts and Cheung (2000) who examine 

the Hong Kong stock market, Parisi and Vasquez (2000) who examine the Chilean stock 

market, Detry and Gregoire (2001) who test data from 15 European Union stock markets, 

Isakov and Hollistein (2000) who test the Swiss stock market, Chang, Lima and Tabak 

(2004) who examine various emerging stock markets and Ito (1999) who test data from 

various Pacific-Basin stock markets.  In all these studies, technical trading rules are 

profitable in the presence of zero transaction costs, but no longer profitable when positive 

transaction costs are considered.   

 

On the other hand, some other studies find technical rules profitable after transaction costs 

are accounted for.  Lai, Balachandher and Nor (2000, 2002), who test MA and TRB rules in 

the Malaysian stock market found MA rules profitable in the presence of transaction costs, 

but that TRB rules are unprofitable even when transaction costs are zero.  Gunasekarage 

and Power (2001) examine the South Asian stock markets of Bangladesh, India, Pakistan 

and Sri Lanka and find technical rules still profitable after positive transaction costs are 

accounted for.  Tian, Wan and Guo (2004) find technical rules profitable in both the US and 

Chinese stock markets when transaction costs are zero, although their results indicate the 

profitability of technical rules only in the Chinese stock market after positive transaction 

costs are considered.  Shachmurove, BenZion, Yagil and Klein (2000), who test MA rules 

in the US and Israeli stock markets, also find technical rules unprofitable in the US stock 

markets, but that technical rules are highly profitable in the Israeli stock market.  Ratner 
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and Leal (1999), who examine various emerging markets in Asia and Latin America, also 

find technical rules unprofitable after positive transaction costs are considered in most stock 

markets except those in Taiwan, Thailand and Mexico.  Fernandez-Rodriguez, Sosvilla-

Rivero and Andrada-Felix (1999), who conduct tests of the MA and TRB rules in the 

Spanish stock markets, similarly find evidence that technical rules are profitable.   

 

Although profitability tests are required in several studies to determine if the stock markets 

are at least weak form efficient, there are some instances where bootstrap test results 

reverse standard tests of predictability and profitability tests are no longer necessary to 

establish weak form efficiency.  Examples of such studies include Mills’ (1997) evaluation 

of technical trading rule on the UK Financial Times Institute of Actuaries 30 index and 

Feng and Smith’s (1997) study of the Standard & Poor (S&P) 500 index from the US.  

Both studies find significant predictability with standard tests, but that predictability 

diminishes when simulations under certain stochastic models of stock prices are used in 

bootstrap tests.  More specifically, Mills (1997) finds that predictability diminishes when 

various AR-ARCH processes underlying the data is addressed.  Feng and Smith (1997), on 

the other hand, find that simulations of models incorporating jump diffusion reverse the 

standard test outcome of predictability.  Jump diffusion, or price discontinuities, occurs 

when the strategic trader reacts to unanticipated information and causes discrete jumps in 

stock prices.  Since such strategic trading is a real world phenomenon, jump diffusion 

models are expected to define stochastic properties of empirical data more accurately.  In 

Feng and Smith’s (1997) study, models incorporating jump diffusion as well as time-

varying risk premia virtually eliminate all abnormal returns generated by technical rules 

and these results imply that the US stock market is at least weak form efficient.   
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In some other cases, profitability tests are simply not necessary because standard t tests 

already show the lack of predictability.  Kwon and Kish (2002a, 2002b), for instance, 

examine technical trading rules in the New York Stock Exchange (NYSE) and National 

Association of Security Dealers Automatic Quotations (NASDAQ).  Using standard and 

bootstrap tests, they find that technical rules exhibit significant predictability only in the 

period up to 1981 and that a weakening profit potential is observed over time.  Based on 

these results, they are able to conclude that the stock market is increasingly efficient over 

time.   

 

Another concern with regards to Brock, Lakonishok and LeBaron’s (1992) study is the 

issue of data snooping, which can occur when data is re-used for research.  In technical 

trading rule research, data snooping can occur when researchers choose to focus their 

studies on the successful technical rules whilst neglecting the unsuccessful ones.  When 

results based on the successful technical rules are used to infer that technical trading rules 

are successful in general, the data snooping bias occurs.  To determine if the results 

obtained by Brock, Lakonishok and LeBaron (1992) is subject to data snooping, Sullivan, 

Timmermann and White (1999) propose evaluating other technical rules such as the filter 

rule, channel break-out rule and on-balance volume averages in addition to the MA and 

TRB rules examined by BLL.  Applying the technical rules to the DJIA index used in 

BLL’s study, Sullivan, Timmermann and White (1999) show that there are technical rules 

more successful than the ones examined by BLL and hence, that BLL’s study is free from 

the data-snooping bias.   

 

2.5 Trading Rules based on Econometrically-Estimated Forecasting Equations 
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As mentioned earlier, most weak form tests are regression-based that examine efficiency by 

testing the AR(p) model defined by (2.12): 

 1+tR  = tntntt RRR εββ ++++ +− 11
* ...  

The market is said to be at least weak form efficient if past returns do not explain current 

returns.  On the other hand, where past returns are significant explanatory variables of 

current returns, the evidence then suggests predictable stock returns.  It is also possible to 

examine weak form efficiency with more sophisticated univariate time-series models than 

the above AR(p) model.   

 

Thus Fang and Xu (2003) used various types of time-series models – the AR(1), AR(1)-

GARCH(1,1), AR(1)-GARCH(1,1)-M and AR(1)-EGARCH(1,1) models.  They further 

expand previous research by evaluating trading rules based on these time-series forecasting 

models to determine if the US stock markets were at least weak form efficient.  These 

trading strategies, which will be described in further detail in Chapter 4, show that time-

series models are more capable of identifying periods of negative returns than positive 

returns.  In addition, Fang and Xu (2003) also apply technical trading rules (namely, VMA 

rules) to the US data and found technical trading rules more successful at predicting periods 

of positive returns than negative returns.  Based on their results for technical trading rules 

and time-series models, Fang and Xu (2003) then tested a trading strategy that combines 

the two individual trading methods to determine if greater profitability may be achieved.   

 

Results from the combined trading strategy, which will be described in further detail later 

in Chapter 5, shows that combining technical trading rules and time-series models 

generates higher profits than either technical trading rules or time-series models 
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individually.  Their results therefore support Armstrong’s (1989) and Clemen’s (1989) 

arguments that combining complementary individual forecasts produces greater forecast 

accuracy.   

 

2.6 Conclusions 

In this chapter, we provided an overview of the efficient markets hypothesis (EMH) and 

surveyed the literature on tests of technical trading rules and econometrically-estimated 

trading rules.  The objective of outlining the EMH is to provide theoretical background to 

the thesis, and we conduct our literature survey to fulfill objectives relating to: (i) data 

selection, (ii) econometric methodology and (iii) expected results.  In this conclusion, we 

highlight the ways in which our literature survey has assisted in fulfilling our objectives.   

 

Data selection is one issue of consideration for this thesis.  All studies in the literature use 

daily index data and most employ market indexes.  In the literature on tests of technical 

trading rules, we find that data from several stock markets have already been examined in 

previous studies.  These include data obtained from the stock markets in about 40 countries, 

ranging from North America, Latin America, Europe, Asia and even the Middle East.  In 

view of the fact that academic interest in technical trading rules only initiated barely more 

than a decade ago, our results implies strong current interest in this area of research in the 

academic community.  On the other hand, we find that tests of trading rules based on the 

forecasts of univariate econometrically-estimated equations are uncommon in previous 

research.  Thus far, we found that the study by Fang and Xu (2003) is the only paper that 

examines trading rules based on univariate time-series models comparable to technical 

trading rules.  Since Fang and Xu (2003) examine data from the US stock markets, it will 

also be interesting to check if similar results may be obtained by applying the time-series 
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trading rules on different data.  It is very interesting to note that no previous study on 

technical trading rules and time-series trading rules has examined data from the Australian 

stock market, even though Australian data is used in several standard EMH tests.  This 

implies that the use of Australian data will not duplicate previous research and is therefore 

feasible for this study.  As Detry and Gregoire (2001) also note, the use of data that has not 

been previously used in similar tests is advantageous for minimizing the data snooping 

bias.  

 

Our second objective is to establish the appropriate econometric methodology for testing 

the technical and time-series trading rules.  All studies in the survey on technical and time-

series trading rules employ the same standard tests of predictability employed by BLL.  

Therefore, we will also use the same standard tests to examine the technical and time-series 

trading rules to ensure comparability of our results with previous studies.  To test technical 

trading rules, we also find the bootstrap tests proposed by BLL useful.  This is because we 

are also interested in determining if the predictability (or lack of predictability) of stock 

returns is reversed by addressing the random walk with drift process as implied by the 

EMH.  In addition, we will also conduct bootstrap tests with simulations under other 

stochastic models to determine if the predictability (or lack of predictability) of technical 

trading returns may be reversed by addressing some other stochastic processes underlying 

the stock return data.  As Mills (1997) and Feng and Smith (1997) argued, when 

predictability is diminished after bootstrap tests with simulations under various stochastic 

processes are conducted, technical trading rules do not actually possess forecast power.  In 

this situation, standard tests only find that technical rules exhibit significant forecast power 

because standard t ratios are unable to account for certain stochastic properties underlying 

the data.   



 25 

 

We also find Fang and Xu’s (2003) results from applying the strategy combining technical 

trading rules and time-series models interesting and hence, we will apply a similar 

combined trading strategy to Australian data to determine if combining technical and time-

series trading rules in a single trading strategy generates greater profitability.  Although 

Fang and Xu (2003) only examine combined VMA and time-series trading rules, we will 

also examine combined FMA/TRB and time-series trading rules to determine if combining 

other types of technical trading rules with time-series models generates similar results on 

profitability.   

 

If the above tests show that the technical and time-series trading rules are profitable in the 

absence of transaction costs, we will then re-evaluate the trading rules in the presence of 

positive transaction costs to examine if the Australian stock market is at least weak form 

efficient.  However, in the event that the above standard and bootstrap tests already show 

the lack of trading profits in the absence of transaction costs, the evidence is sufficient to 

infer that the stock market is at least weak form efficient and it is no longer required to test 

the profitability of the above trading rules in the presence of positive transaction costs.   

 

Our last objective is to identify expected results based on those obtained in previous 

studies.  The studies on technical trading rules find that technical trading rules possess 

significant forecast power in most stock markets and that the technical rules are more 

profitable in the emerging markets than the more developed ones.  We therefore also expect 

technical trading rules to be profitable in the Australian stock market, although to a lesser 

extent than in the emerging markets.  Further, we would also expect to find that technical 

trading rules more successful at predicting periods of positive returns than negative returns 
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as reported by Fang and Xu (2003), whilst time-series trading rules are expected to be more 

successful at predicting periods of negative returns.  Given that our results for the technical 

and time-series trading rules are as expected, we would then expect the combined technical 

and time-series trading rule to outperform the two individual trading methods.  In 

consideration of technological developments in the ASX over time, we would also expect 

that all trading rules examined in this study (i.e. technical, time-series and combined) 

exhibit the loss of forecast power and hence, be less profitable over time.   
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CHAPTER 3 

THE PERFORMANCE OF TECHNICAL TRADING RULES IN THE 

AUSTRALIAN STOCK EXCHANGE 

 

3.1 Introduction 

This chapter reports the empirical results obtained from testing technical trading rules on 

data obtained from the Australian Stock Exchange.  As our literature survey in Chapter 2 

indicates, the application of technical trading rules to Australian data is not known in 

previous research and hence, our results can provide further insights into the performance 

of technical trading rules.  To ensure our results are comparable with those of previous 

studies, we conduct the standard and bootstrap tests proposed by Brock, Lakonishok and 

LeBaron (1992), which are also employed in the other studies on technical trading rules.   

 

We begin by describing the empirical data and technical trading rules that we examine in 

section 3.2.  Section 3.3 then provides a description of the standard tests used to evaluate 

the performance of the technical rules along with an overview of the results.  In section 3.4, 

we describe the procedure for conducting bootstrap tests and report the results that we 

obtain.  Finally, section 3.5 concludes the chapter by summarizing our findings and 

highlighting any results that are of particular interest to our research.   

 

3.2 Description of Data and Technical Trading Rules 

3.2.1 Data 

Our data is obtained from Datastream and consists of daily stock prices from the Australian 

Stock Exchange (ASX) All Ordinaries index for the period 01 January 1980 to 31 

December 2002.  To check the consistency of our results over the sample period, we also 
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test four non-overlapping sub-samples, which are approximately equal in length, each of 

which represents a different stage of economic and financial development in the Australian 

economy.  The sub-samples, along with a description of the significant events that occurred 

in the Australian financial economy within each sub-period, are described in the following: 

I. 1980 January 01 to 1985 September 30 

The ASX removed fixed scale commission and deregulated membership 

into the stock exchange in 1984.   

II. 1985 October 01 to 1991 June 30 

A major stock market downturn occurred in October 1987.  Several large 

firms in Australia failed in 1990.   

III. 1991 July 01 to 1997 March 31 

The clearing house electronic settlement system (CHESS) was introduced 

into the ASX in 1994 and fully automated in 1996.  In 1995, the electronic 

announcement system was implemented in the ASX.   

IV. 1997 April 01 to 2002 December 31 

In 1998, investors gained access to internet trading via brokers.  The ASX 

implemented trading links with North American and Singaporean stock 

markets in 2001.  Stamp duty transactions in marketable securities were 

also abolished on 01 July 2001.   

 

Figure 1 provides a plot of the ASX price series over the full sample and major X-axis 

gridlines identify the sub-sample breaks.  As can be seen from the illustration, prices in 

sub-sample II are most volatile whilst ASX prices in the most recent sub-periods are less 

volatile.  In addition, the price plot also shows an upward trending market over time.   
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Figure 1:  ASX Price Plot
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3.2.2 Technical Trading Rules 

We examine two classes of technical trading rules – the moving averages (MA) and trading 

range breaks (TRB) rules.  MA rules emit buy and sell signals depending on the behavior of 

a long-run moving average (LMA) and a short-run moving average (SMA).  The LMA 

represents the long-run trend in stock prices and is defined: 

 ∑
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LMA  (3.1) 

where L is the number of trading days in the LMA, P is stock prices and t is a time-subscript 

that denotes one trading day.  The SMA, on the other hand, represents short-run prices and 

is defined as: 
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where S is the number of days in the SMA.  
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We examine two versions of the MA rule – Variable-Length Moving Averages (VMA) and 

Fixed-Length Moving Averages (FMA) rules.  VMA rules assume that stock prices are on 

an upward (downward) trend when current prices are above (below) the long-run price 

trend.  Hence, VMA rules emit signals according to: 

 ttt LMASMAb >:  (3.3) 

 ttt LMASMAs <:  

where tb  represents a buy signal at t and ts  is a sell signal at t.  This implies that VMA 

rules emit either a buy or a sell signal in each trading day and that buy and sell positions are 

maintained for only one trading day following signal emissions.  We define VMA rules as 

follows: a VMA(1-50) rule has a short-run moving average of 1 day and a long-run moving 

average of 50 days.  We examine a total of five VMA rules – the (1-50), (1-150), (5-150), 

(1-200) and (2-200) VMA rules.   

 

FMA rules also emit buy and sell signals depending on the behavior of the SMA and LMA, 

except that in this case, signals are only emitted at the beginning of upward and downward 

trends in prices.  Because signals are emitted only at the beginning of price trends, buy and 

sell positions are maintained for a few days following signal emissions.  In this study, we 

examine FMA rules that maintain buy and sell positions for fixed 10-day periods and all 

other signals emitted within this 10-day holding period are ignored.  FMA rules emit buy 

signals only when the SMA cuts the LMA from below and sell signals only when the SMA 

cuts the LMA from above.  On the condition that the signals are not emitted within 10 days 

of a prior buy or sell signal, FMA rules emit buy and sell signals according to: 

 days 10for  hold; and : 11 −− <> ttttt LMASMALMASMAb  (3.4) 

 days 10for  hold; and : 11 −− >< ttttt LMASMALMASMAs  
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and no signals otherwise.  We therefore expect FMA rules to emit fewer signals relative to 

FMA rules and the five FMA rules that we examine are the (1-50), (1-150), (5-150), (1-

200) and (2-200) rules.   

 

We now describe the other category of rules examined in this thesis – TRB rules.  TRB 

rules emit buy and sell signals by comparing the current stock price against the maximum 

and minimum stock price over some arbitrarily pre-determined number of previous trading 

days.  Advocates of TRB rules assume that many investors are willing to sell when share 

prices are at the peak and such selling pressure creates resistance against current prices 

moving above the previous peak.  However, when the current share price moves above the 

previous peak, it is believed that an upward trend in prices has initiated and a buy signal is 

emitted.  Conversely, many investors are assumed to be willing to buy when share prices 

are at the minimum level and such buying pressure creates resistance against current prices 

moving below a previous minimum.  However, when the current share price falls below the 

previous minimum, a downward trend in prices is believed to have initiated and a sell 

signal is then ignored.  Again, because signals are emitted at the beginning of price trends, 

buy and sell positions are maintained for a few trading days following signal emissions.  

We examine TRB rules with fixed 10-day holding periods and ignore all other signals 

emitted within the holding period.  To illustrate the way TRB rules emit buy and sell 

signals in equations, we have: 

 ( ) ( ) days 10for  hold;,...,max and ,...,max: 111 mtttmtttt PPPPPPb −−−−− <>  (3.5) 

 ( ) ( ) days 10for  hold;,...,min and ,...,min: 111 mtttmtttt PPPPPPs −−−−− ><  

conditional on the signals not emitted within 10-days of a previous buy or sell signal.  No 

signals are emitted otherwise and again, we expect fewer signals to be emitted by TRB 
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rules relative to VMA rules.  We examine three TRB rules in this thesis - the (1-50), (1-

150) and (1-200) rules.   

 

In addition, we also examine the technical rules with a 1 percent trading band, which is a 

tool used in conjunction with technical trading rules to eliminate whiplash signals.  In the 

case of MA rules, this is a 1 percent band placed above and below the LMA.  This implies 

that VMA rules with the 1 percent band emit buy and sell signals as follows: 

 ttt LMASMAb 01.1: >  (3.6) 

 ttt LMASMAs 99.0: <  

and no signals are emitted when ySMA  is between tLMA01.1  and tLMA99.0 .  In the case of 

FMA rules, buy and sell signals are emitted when: 

 days 10for  hold; and 01.1: 11 −− <> ttttt LMASMALMASMAb  (3.7) 

 days 10for  hold; and 99.0: 11 −− >< ttttt LMASMALMASMAs  

and no signals otherwise.  Again, the condition that these signals are not emitted within 10-

days of a prior signal applies.  As for TRB rules, the 1 percent band modifies by placing a 1 

percent band above the previous maximum and below the minimum level.  On the 

condition that the buy and sell signals are not emitted within 10-days of a prior buy or sell 

signal, TRB rules with the 1 percent band emits buy and sell signals as follows: 

 ( ) ( ) days 10for  hold;,...,max and ,...,max01.1: 111 mtttmtttt PPPPPPb −−−−− <>  (3.8) 

 ( ) ( ) days 10for  hold;,...,min and ,...,min99.0: 111 mtttmtttt PPPPPPs −−−−− ><  

All trading rules are examined with and without the 1 percent band, making a total of 26 

technical rules examined in this study.  We apply the technical trading rules according to 

the double-or-out strategy, where the investor borrows at the risk-free rate and doubles the 

investment in the ASX All Ordinaries index upon the emission of a buy signal and sell 
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shares to invest in the risk-free rate upon the emission of a sell signal.  In addition, we also 

assume similar risk in buy and in sell periods, as well as similar lending and borrowing 

rates for purposes of simplicity and for coherence with previous studies.   

 

3.3 Evaluating Technical Trading Rules with Standard Tests 

3.3.1 Sample Statistics 

Table I presents the sample statistics for 1-day and non-overlapping 10-day returns for the 

full sample and four sub-periods.  N is the number of observations in each sub-period.  

Note that N in each of the four sub-periods does not add up to the total number of 

observations in the full sample.  This is because of the way in which the moving averages 

are constructed.  200 previous price observations are necessary to construct the first moving 

average terms for the (1, 200) and (2, 200) moving average rules as well as the maximum 

and minimum levels for the TRB (1,200) rules.  Since we wish to compare the returns 

generated by the trading rules against the buy-and-hold equivalent portfolio, it is necessary 

for us to compute mean daily returns by a buy-and-hold portfolio that is held from the first 

observable moving average/maximum or minimum term to the last trading day of the sub-

sample. 

 

Panel A provides the sample statistics for 1-day returns.  The mean is higher in sub-periods 

I and III relative to sub-periods II and IV.  The low mean return observed in sub-period II is 

expected since it represents a period of economic and financial instability whilst the low 

mean return observed in sub-period IV is attributable to the Asian Financial Crisis, which 

occurred in August 1997.  Excess kurtosis is positive and highly significant in the full 

sample as well as all four sub-periods, indicating that 1-day returns are highly leptokurtic.  

Some skewness is evident in the full sample and sub-sample results show the presence of 
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TABLE I 

SUMMARY STATISTICS FOR DAILY AND NON-OVERLAPPING 10-DAY RETURNS 

PANEL A: DAILY RETURNS 

 FULL SAMPLE SUB I SUB II SUB III SUB IV 

N 5701 1200 1200 1201 1201 

Mean 0.00026 0.00026 0.00018 0.00030 0.00008 

Standard Error 0.00961 0.00855 0.01359 0.00774 0.00825 

Skewness -5.26546** 0.00642 -8.60226** -0.09283 -0.52304** 

Kurtosis 146.25669** 0.76988** 171.55004** 1.03684** 3.64649** 

ρ(1) 0.113** 0.279** 0.106 0.100** 0.014 

ρ(2) -0.049** -0.043 -0.081 -0.045 -0.039 

ρ(3) 0.073** 0.078** 0.129 -0.008 0.052 

ρ(4) 0.048** 0.011 0.120 0.006 0.038 

ρ(5) 0.034* 0.010 0.077 -0.034 0.009 

Bartlett 0.013 0.029 0.029 0.029 0.029 

PANEL B: NON-OVERLAPPING 10-DAY RETURNS 

 FULL SAMPLE SUB I SUB II SUB III SUB IV 

N 799 169 169 169 169 

Mean 0.00254 0.00245 0.00186 0.00295 0.00080 

Standard Error 0.03170 0.03305 0.04816 0.02115 0.02236 

Skewness -3.17879** -0.03063 -4.25758** -0.01364 -0.31635 

Kurtosis 35.43762** 0.27350 30.81950** -0.57728 0.75624 

ρ(1) 0.534** 0.532** 0.603** 0.413** 0.369** 

ρ(2) -0.220** -0.165* -0.295** -0.165* -0.214** 

ρ(3) 0.049 -0.005 0.129 0.047 0.069 

ρ(4) -0.089* -0.127 -0.086 -0.058 -0.094 

ρ(5) -0.010 -0.002 -0.015 0.094 -0.167** 

Bartlett 0.035 0.077 0.077 0.077 0.077 

Figures marked *(**) are significant at the 5(1) percent level of significance for a two-tailed test. 

N is the number of return observations in the sample. 

ρ(i) is the autocorrelation at lag i. 

Bartlett is the Bartlett standard error, N/1 . 
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strong negative skewness in sub-periods II and IV.  Volatility is highest in sub-period II, 

which is expected since it represents a period of economic and financial instability, and 

decreases in the two most recent sub-periods.  Serial correlation appears to be strong in the 

full sample, but is generally small in the sub-samples.   

 

Panel B provides sample statistics for non-overlapping 10-day returns.  Consistent with the 

results for 1-day returns, the mean is higher in sub-samples I and III relative to sub-samples 

II and IV.  Excess kurtosis is positive and highly significant in the full sample, but reduced 

relative to the results for 1-day returns.  A reduction in excess kurtosis is alsoobserved in 

the sub-sample results, as it is no longer significant in sub-periods I, III and IV.  Some 

reduction in skewness is also observed, since it is only significant in the full sample and 

sub-sample III.  Autocorrelations are significant in the first two lags of the full sample and 

all four sub-periods, but is generally small in the higher lags.  

 

3.3.2 Variable Moving Averages 

Table II reports the full sample results of applying variable moving averages to the ASX 

All Ordinaries index.  Columns bN  and sN  report the total number of buy and sell signals 

respectively.  These figures are computed by: 

 ∑= ttr rIN |  (3.9) 

where r is either a buy (b) or a sell (s), such that rN  is either the total number of buy 

signals ( bN ) or the total number of sell signals ( sN ).  I is an indicator function that takes 

on the value of 1 when the condition tr  is true, or the value of 0 otherwise.  Our results 

show that the VMA (1-50) rules generate about 50 percent more buy signals than sell 

signals and that the other VMA rules generate about 100 percent more buy than sell signals.  
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Since VMA rules without the 1 percent band emit either a buy or a sell signal in each 

trading day, our results are consistent with an upward trending market over the full sample 

period.   

 

Buy reports the difference between the average return generated in buy periods ( bM ) and 

the average 1-day stock return (M) obtained from Table I.  M can also be seen as the 

average 1-day return generated by the buy-and-hold equivalent portfolio, which is held 

from the first day to the last day of the sample.  As such, Buy can also be seen as the excess 

mean return generated in buy periods over the average buy-and-hold return.  Sell, on the 

other hand, reports the difference between the average return in sell periods ( sM ) and M.  

Where rM  is either bM  or sM , we compute bM  and sM  as: 

 ∑= t
h
t

r
r rR

N
M |1  (3.12) 

where h
tR  is the stock return of holding the asset from t to t+h and h is 1 for VMA rules or 

10 for FMA and TRB rules.  Numbers in parenthesis under the Buy and Sell columns are 

the t-ratios for testing the differences with a standard two-tailed test.  The t-ratios are 

computed as: 
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where 2ρ  is the variance of stock returns, which is obtained from Table I and N is the 

number of stock return observations in the sample respectively.  In this as well as the other 

standard tests conducted in this study, we assume that the variance of stock returns in buy 

periods and in sell periods are similar to the overall sample.  It is possible to vary this 

assumption.  However, other studies on technical trading rules adopt this assumption of 
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similar variances in buy and sell periods and we do the same in order to ensure the 

comparability of our results.   

 

Our results show all ten VMA rules generating positive mean Buy differences.  Since stock 

prices are supposed to increase following buy signals, the results imply that the VMA rules 

correctly predict upward movements in stock prices.  All ten VMA rules also generate 

negative mean Sell differences.  Stock prices are supposed to decrease following sell 

signals and hence, our results are also consistent with the VMA rules correctly predicting 

downward movements in stock prices.  Nevertheless, our results are generally insignificant, 

with the exceptions being those for the VMA (1-50) rules.  This suggests that recent past 

prices are more important to the prediction of future stock returns than more dated past 

prices.   

 

The Buy-Sell column reports the difference between bM  and sM , which checks if it is 

profitable to go long in the stock following a buy signal and go short in the stock following 

a sell signal emitted by the technical rules.  We use a standard two-tailed test to examine 

the significance of the Buy-Sell differences and the t-ratios for this test are computed as: 
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Our results under the Buy-Sell column simply follow from our earlier results for Buy and 

Sell and are therefore positive in all ten cases.  Our results are again insignificant in all 

cases, except for the VMA (1-50) rules, both of which are highly significant at the 1 percent 

level.  Our results also indicate that VMA rules with the 1 percent trading band are more 

profitable and shows the 1 percent band useful for increasing trading profits. 
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TABLE II 

STANDARD TEST RESULTS FOR THE VARIABLE MOVING AVERAGES (VMA) 

FULL SAMPLE                    1980:1:1 – 2002:12:31 

VMA RULES 
bN  sN  BUY SELL BUY-SELL 

(1,50,0) 3385 2316 0.00042* -0.00062** 0.00104** 

   (2.02404) (-2.60502) (4.00901) 

(1,50,0.01) 2806 1828 0.00048* -0.00079** 0.00128** 

   (2.18244) (-3.06967) (4.41947) 

(1,150,0) 3759 1942 0.00012 -0.00023 0.00034 

   (0.57760) (-0.89403) (1.27481) 

(1,150,0.01) 3380 1696 0.00011 -0.00037 0.00048 

   (0.52716) (-1.41049) (1.69563) 

(5,150,0) 3767 1934 0.00011 -0.00021 0.00031 

   (0.52588) (-0.81729) (1.16355) 

(5,150,0.01) 3376 1686 0.00010 -0.00028 0.00038 

   (0.46886) (-1.06714) (1.33345) 

(1,200,0) 3840 1861 0.00008 -0.00016 0.00023 

   (0.38087) (-0.61453) (0.86238) 

(1,200,0.01) 3584 1610 0.00008 -0.00020 0.00029 

   (0.41213) (-0.74898) (0.99738) 

(2,200,0) 3844 1857 0.00006 -0.00013 0.00019 

   (0.30901) (-0.49962) (0.70057) 

(2,200,0.01) 3589 1615 0.00005 -0.00021 0.00093 

   (0.25379) (0.92002) (1.76021) 

AVERAGE   0.00016 -0.00032 0.00055 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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TABLE IIA 

STANDARD TEST RESULTS FOR THE VARIABLE MOVING AVERAGES (VMA) 

SUMMARY OF SUB-SAMPLE RESULTS 

SUB-SAMPLE I BUY (*) SELL (*) BUY-SELL (*) 

+ 10 (2) 0 (0) 10 (4) 

- 0 (0) 10 (2) 0 (0) 

AVERAGE 0.00049 -0.00075 0.00124 

    

SUB-SAMPLE II    

+ 10 (0) 0 (0) 10 (2) 

- 0 (0) 10 (2) 0 (0) 

AVERAGE 0.00044 -0.00054 0.00108 

    

SUB-SAMPLE III    

+ 10 (0) 0 (0) 10 (0) 

- 0 (0) 10 (0) 0 (0) 

AVERAGE 0.00012 -0.00018 0.00030 

    

SUB-SAMPLE IV    

+ 2 (0) 8 (0) 2 (0) 

- 8 (0) 2 (0) 8 (0) 

AVERAGE -0.00017 0.00025 -0.00042 

+ indicates the number of positive mean Buy/Sell/Buy-Sell differences and (*) indicates the number 
significant and positive mean Buy/Sell/Buy-Sell differences 

-indicates the number of negative mean Buy/Sell/Buy-Sell differences and (*) indicates the number 
significant and negative mean Buy/Sell/Buy-Sell differences 

AVERAGE refers to the average mean Buy/Sell/Buy-Sell difference of all 10 VMA rules.  

 

We also examine the performance of VMA rules in the different sub-periods.  Details of the 

sub-sample results are provided in Appendix 1 of this thesis whilst a summary of the sub-

sample results are reported in Table IIA.  With reference to Appendix 1, our sub-sample 

results for bN  and sN  are consistent with our full-sample results.  bN  exceeds sN  in all 

cases for all the sub-periods.  We can also observe from our detailed results in Appendix 1 
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that the results for VMA rules with longer LMAs tend to be less significant relative to those 

for VMA rules with an LMA of 50 days.   

 

We proceed with the discussion of our sub-sample results with reference to Table IIA.  

Rows denoted by the positive sign (+) show the total number of positive results and 

numbers in parenthesis indicate the number of positive results that are also significant.  

Rows denoted by the negative sign (-) show the total number of negative results and 

numbers in parenthesis show the number of negative results that are significant.  Average 

reports the average results based on all ten VMA rules.  Our results show a consistent 

decline in the predictive power of VMA rules over time.  The total number of positive Buy 

differences and negative Sell differences decline as the sub-periods are more recent.  Also, 

the average for Buy consistently declines and the average for Sell consistently increases 

over time.  Results under the Buy-Sell column are consistent.  The VMA rules generate 

smaller Buy-Sell spreads as the sub-periods are more recent.    Overall, our sub-sample 

results show VMA rules losing predictive power over time and, as the negative average 

Buy-Sell spread in sub-period IV shows, VMA rules actually generate losses in the most 

recent sub-period! 

 

3.3.3 Fixed Moving Averages 

We now discuss the results for FMA rules, beginning with the full sample results presented 

in Table III.  bN  and sN  are much smaller relative to the total number of buy and sell 

signals emitted by VMA rules, which is expected since FMA rules only emit signals on 

certain trading days when upward and downward trends in share prices initiate.  
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TABLE III 

STANDARD TEST RESULTS FOR THE FIXED MOVING AVERAGES (FMA) 
FULL SAMPLE                    1980:1:1 – 2002:12:31 

FMA RULES 
bN  sN  BUY SELL BUY-SELL 

(1,50,0) 1490 1490 0.00355* -0.00768** 0.01124** 

   (2.55610) (-5.52765) (9.67492) 

(1,50,0.01) 160 230 0.01145** -0.00577* 0.01721** 

   (4.16916) (-2.43145) (5.27501) 

(1,150,0) 890 900 0.00539** -0.00094 0.00633** 

   (3.488819) (-0.60755) (4.22149) 

(1,150,0.01) 140 120 -0.00061 -0.02566** 0.02504** 

   (-0.21135) (-8.26704) (6.35031) 

(5,150,0) 840 840 0.00955** -0.01191** 0.02146** 

   (6.09617) (-7.60105) (13.87183) 

(5,150,0.01) 0 20 N/A -0.08992** N/A 

   N/A (-12.53047) N/A 

(1,200,0) 720 730 0.00251 -0.00253 0.00504** 

   (1.54104) (-0.11997) (3.02418) 

(1,200,0.01) 190 70 0.01309** -0.00970* 0.02279** 

   (5.11753) (-2.45385) (5.14188) 

(2,200,0) 570 580 0.00450** -0.00270 0.00720** 

   (2.59035) (-1.56010) (3.85092) 

(2,200,0.01) 20 60 0.01849* -0.01729** 0.03578** 

   (2.57614) (-4.07544) (4.37160) 

AVERAGE   0.00755 -0.00935 0.01690 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   

AVERAGE is the average of the 9 FMA rules with available results.  
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TABLE IIIA 

STANDARD TEST RESULTS FOR THE FIXED MOVING AVERAGES (FMA) 

SUMMARY OF SUB-SAMPLE RESULTS 

SUB-SAMPLE I BUY (*) SELL (*) BUY-SELL (*) 

+ 8 (5) 1 (0) 8 (5) 

- 0 (0) 7 (4) 0 (0) 

AVERAGE 0.01849 -0.01638 0.03488 

    

SUB-SAMPLE II    

+ 6 (2) 0 (0) 8 (4) 

- 2 (0) 8 (6) 0 (0) 

AVERAGE 0.00443 -0.03185 0.03628 

    

SUB-SAMPLE III    

+ 4 (1) 5 (1) 3 (1) 

- 4 (1) 3 (1) 5 (0) 

AVERAGE 0.00041 -0.00057 0.00111 

    

SUB-SAMPLE IV    

+ 7 (3) 4 (3) 7 (0) 

- 2 (1) 5 (1) 2 (0) 

AVERAGE 0.00673 0.00601 0.00072 

+ indicates the number of positive mean Buy/Sell/Buy-Sell differences and (*) indicates the number 
significant and positive mean Buy/Sell/Buy-Sell differences at the 5% level. 

-indicates the number of negative mean Buy/Sell/Buy-Sell differences and (*) indicates the number 
significant and negative mean Buy/Sell/Buy-Sell differences at the 5% level. 

AVERAGE refers to the average mean Buy/Sell/Buy-Sell difference of all 10 FMA rules.  

 

For FMA rules without the 1 percent band, bN  and sN  is approximately equal.  This is 

different from the results for VMA rules, where we observed more total buy than sell 

signals emitted.  Nevertheless, because FMA rules do not emit signals in every period, the 

results for bN  and sN  have no implications on whether the market was upward or 

downward trending over the sample period and therefore, plausible.  Our results also show 

that FMA rules with the 1 percent band emit significantly fewer signals than FMA rules 
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without the 1 percent band.  This is because for FMA rules with the band, the SMA must 

rise (fall) by an additional 1 percent from time t-1 to t before a buy (sell) signal is emitted.  

In fact, the imposition of the band results in no buy signals emitted by the FMA (5-150-

0.01) rule over the full sample period! 

 

Since we are unable to examine the buy-sell differential of the FMA(5-150-0.01) rule, we 

will conduct our analysis on the results of the remaining nine FMA rules with valid results.  

All of the nine FMA rules (excluding the FMA(5-150-0.01) rule) have positive mean Buy 

differences, of which seven are significant.  These nine FMA rules also generate negative 

mean Sell differences, with six of the results being significant.  Mean Buy-Sell spreads 

generated by these nine FMA rules are all positive and highly significant at the 1 percent 

level.  Our results therefore show that, compared to VMA rules, FMA rules are more 

profitable.  This suggests that profitability can be increased by holding buy and sell 

positions in the stock for longer periods following signal emissions.  This finding is in 

contrast to the results obtained by Brock, Lakonishok and LeBaron (1992), who find VMA 

rules more profitable than FMA rules in the US.  One possible explanation for this is that 

the US stock market is more developed and has greater depth than the Australian stock 

market, leading to news being reflected more quickly in US stock prices than Australian 

stock prices.  When news is reflected quickly in stock prices, say within one trading day, 

FMA rules tend to be less successful because they are less able to capture changes in 

market conditions by maintaining buy and sell positions for fixed periods.   

 

The effects of implementing the 1 percent trading band with FMA rules are similar to those 

of implementing the band with VMA rules.  In all cases, the 1 percent band reduces the 

number of buy and sell signals generated and always increases profitability.  Nevertheless, 
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because the number of buy and sell signals are dramatically reduced by implementing the 1 

percent band, there are instances (such as in the case of the FMA (5-150-0.01) where there 

are no buy signals emitted!  Further, because the total number of buy and sell signals 

emitted by FMA rules with the 1 percent band are relatively few for trades, our results for 

the FMA rules with the band may not be economically significant.   

 

Table IIIA provides a summary of the sub-sample results for testing FMA rules (we report 

only those results that are valid and exclude those with no buy or no sell signals emitted 

over the sub-sample periods) and we report the detailed results in Appendix 2.  Again, we 

observe in decline in predictive power over time as the average Buy-Sell spreads generated 

in sub-samples I and II are higher compared to those generated in sub-samples III and IV.  

It is also interesting to note that the FMA rules perform best in sub-sample II, when 

economic and financial instability was apparent.  One reason for this is that by holding buy 

and sell positions for longer periods following signal emissions, FMA rules help prevent 

the investor from trading on short-run volatilities in the market that may reflect noise in 

periods of uncertainty.   

 

3.3.4 Trading Range Breaks 

We now discuss our results for TRB rules, beginning with the full sample results reported 

in Table IV.  bN  and sN  are smaller compared to those emitted by VMA rules, which is 

expected since TRB rules emit only emit signals on the trading days when the initiation of 

an upward or downward trend in prices is detected.  Implementing TRB rules with the 1 

percent band also reduces bN  and sN  significantly, as previously observed in the cases of 

the VMA and FMA rules.   
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TABLE IV 

STANDARD TEST RESULTS FOR THE TRADING RANGE BREAKS (TRB) 

FULL SAMPLE                    1980:1:1 – 2002:12:31 

TRB RULES 
bN  sN  BUY SELL BUY-SELL 

(1,50,0) 2970 1520 0.00379** -0.00432** 0.00811** 

   (2.99930) (-3.11856) (8.11119) 

(1,50,0.01) 33 30 0.00355 -0.01122 0.01477 

   (0.62957) (-1.90370) (1.84674) 

(1,150,0) 2150 750 0.00323* -0.00534** 0.00856** 

   (2.45656) (-3.31199) (6.37072) 

(1,150,0.01) 19 18 0.00672 -0.00868 0.01540 

   (0.91290) (-1.14917) (1.47698) 

(1,200,0) 1920 650 0.00400** -0.00241 0.00641** 

   (2.99487) (-1.43989) (4.45443) 

(1,200,0.01) 16 13 0.00694 0.00235 0.00459 

   (0.86716) (0.26557) (0.38752) 

AVERAGE   0.00471 -0.00494 0.00964 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   

 

All six TRB rules generate positive mean Buy differences and those Buy differences 

generated by all three TRB rules without band are significant.  Sell is negative in five of the 

six cases and of the negative Sells, two are highly significant at the 1 percent level.  The 

resulting mean Buy-Sell differentials are all positive and, for those generated by TRB rules 

without the band, the Buy-Sell differentials are all highly significant at the 1 percent level.   
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TABLE IVA 

STANDARD TEST RESULTS FOR THE TRADING RANGE BREAKS (TRB) 

SUMMARY OF SUB-SAMPLE RESULTS 

SUB-SAMPLE I BUY (*) SELL (*) BUY-SELL (*) 

+ 6 (1) 2 (0) 6 (3) 

- 0 (0) 4 (2) 0 (0) 

AVERAGE 0.02066 -0.00523 0.02589 

    

SUB-SAMPLE II    

+ 6 (3) 0 (0) 6 (4) 

- 0 (0) 6 (3) 0 (0) 

AVERAGE 0.02505 -0.01603 0.04108 

    

SUB-SAMPLE III    

+ 0 (0) 0 (0) 3 (2) 

- 6 (0) 5 (3) 2 (0) 

AVERAGE -0.00614 -0.00484 -0.00107 

    

SUB-SAMPLE IV    

+ 0 (0) 4 (3) 0 (0) 

- 6 (3) 2 (0) 6 (2) 

AVERAGE -0.00915 0.00320 -0.01234 

+ indicates the number of positive mean Buy/Sell/Buy-Sell differences and (*) indicates the number 
significant and positive mean Buy/Sell/Buy-Sell differences at the 5% level. 

-indicates the number of negative mean Buy/Sell/Buy-Sell differences and (*) indicates the number 
significant and negative mean Buy/Sell/Buy-Sell differences at the 5% level. 

AVERAGE refers to the average mean Buy/Sell/Buy-Sell difference of all 6 TRB rules.  

 

Table IVA provides a summary of the sub-sample results from testing TRB rules.  Detailed 

sub-sample results for the individual TRB rules are provided in Appendix 3.  Again, our 

results show the loss of predictability over time.  Average Buy-Sell spreads in the first two 

sub-samples are higher relative to those in sub-samples III and IV, which are negative.  It is 

also interesting to note that the TRB rules are most successful in sub-sample II, when 

economic and financial uncertainty was present in Australia.  This supports our argument 
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that holding buy and sell positions for longer, fixed periods following signal emissions in 

periods of uncertainty is advantageous for the investor, as it helps prevent the investor from 

trading on short-run fluctuations in stock prices that can reflect noise.   

 

3.3.5 Discussion and Comparison with Previous Research 

In this sub-section, we examine the overall results for VMA, FMA and TRB reported in 

sub-sections 3.3.2, 3.3.3, and 3.3.4 and compare them with the results obtained in previous 

similar studies.  We begin by comparing the performance of the three technical trading 

rules.  Based on our full sample results, we find that TRB and FMA rules are generally 

more profitable than VMA rules.  This is in contrast to the findings of Brock, Lakonishok 

and LeBaron (1992) and Hudson, Dempsey and Keasey (1995), who find VMA rules the 

most profitable amongst the three types of technical rules.  We attribute the differences in 

our results to the different sets of data employed.  Brock, Lakonishok and LeBaron (1992) 

examine US data and Hudson, Dempsey and Keasey (1995) examine UK data.  Compared 

to the Australian stock market, the US and UK stock markets are expected to be more 

developed and have greater depth, which contributes to the US and UK stock markets being 

more efficient.  When the stock market is efficient and news is incorporated into stock 

prices within a short period of time, say one trading day, FMA and TRB rules are unable to 

capture the variations in stock prices due to new information because they require investors 

to maintain buy and sell positions for fixed holding periods.  VMA rules, on the other hand, 

are able to capture the variations in stock prices due to news as buy and sell signals are 

emitted each trading day.  In contrast, when the stock market is relatively less efficient such 

that news is incorporated into stock prices over longer periods of time, FMA and TRB rules 

are profitable.  By holding buy and sell positions for fixed holding periods following signal 
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emissions, they allow stock prices time to reflect the impact of news before positions in the 

stocks are reversed.   

 

We can support our conjecture with reference to other studies that examine the application 

of technical rules to stock markets that are less developed relative to the US and UK stock 

markets.  Examples include Coutts and Chueng’s (2000) study of the Hong Kong stock 

market and Gunasekarage and Power’s (2001) study of South Asian stock markets.  Both 

these studies also find that technical rules requiring buy and sell positions to be maintained 

for fixed holding periods following signal emissions are more profitable than those emitting 

either a buy or a sell signal each trading day.   

 

Although our full sample results suggest that technical rules are profitable, our sub-sample 

results show that the profitability of technical rules is not consistent over time.  We find a 

loss of profitability over time that is common to the VMA, FMA and TRB rules.  Broadly 

speaking, the technical rules are more profitable in sub-samples I and II, but then less 

profitable in sub-samples III and IV.  In fact, the loss of profitability is so significant that in 

the most recent sub-period, the technical rules actually generate significant losses!  This 

loss of predictive power over time is consistent with the findings reported in several studies 

including those by Hudson, Dempsey and Keasey (1996), Mills (1997) and Kwon and Kish 

(2002a, 2002b), who attribute the loss of predictive power by technical rules to an increase 

in informational efficiency over time.  We find a similar link between profitability and 

market efficiency in our study.  In sub-sample III, the ASX implemented CHESS and the 

electronic announcement system, both of which are technological enhancements that 

promote information efficiency.  Our results also show that technical rules begin to lose 
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significant profitability in sub-period III, supporting the argument that an increase in 

market efficiency leads to technical rules being less profitable.   

 

We now examine the effects of implementing technical rules with the 1 percent trading 

band.  Like Brock, Lakonishok and LeBaron (1992), we find that technical trading rules 

emit fewer buy and sell signals when implemented with the 1 percent band.  The reduction 

in the number of buy and sell signals emitted is especially dramatic for the technical rules 

that emit signals to indicate the initiation of upward and downward price trends (e.g. FMA 

and TRB rules).  In fact, implementing the band with TRB rules actually results in no buy 

or sell signals being emitted over the full sample period!  We are therefore only able to 

examine the effects of implementing the 1 percent band with the MA rules.  For both VMA 

and FMA rules, the 1 percent always increases profitability.  This is consistent with Brock, 

Lakonishok and LeBaron (1992), and implies that the 1 percent band is successful in 

eliminating whiplash signals to improve the profitability of the MA rules.  Nevertheless, we 

acknowledge that the total number of buy and sell signals emitted by MA rules with the 

band are very few and hence, our results may not be economically significant.   

 

3.4 Testing Technical Trading Rules with Bootstrap Tests 

Our standard test results reported above reveal some interesting insights into the 

performance of technical trading rules, but because they are based on standard tests, we 

acknowledge that the evidence is incomplete.  This is because standard statistical tests 

assume data is normal, independent and identically distributed (IID-normal), whilst stock 

returns are known to exhibit non-IID-normal characteristics such as non-normality, 

autocorrelation, leptokurtosis and heteroskedasticity.  Based on sample statistics for 1-day 

and 10-day returns (reported in Table I), we know that this is also true for the ASX data 
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employed in our study.  One problem that can arise from this inconsistency is that standard 

tests may indicate that technical rules are profitable when technical rules do not in fact 

possess forecast power, or unprofitable when technical rules actually possess forecast 

power, simply because standard t-ratios are unable to address the non-IID-normal 

characteristics underlying the empirical data.   

 

To mitigate this problem, we employ a second procedure that combines bootstrap methods 

with tests of technical trading rules in order to conduct a more in-depth analysis.  This 

procedure involves using bootstrap methods to generate empirical distributions of technical 

trading returns (i.e. Buy, Sell and Buy-Sell) simulated under various stochastic models and 

then comparing these empirical distributions to the Buy, Sell and Buy-Sell returns estimates 

based on the ASX data.  For the bootstrap tests as well as subsequent empirical tests, we 

will examine only technical rules without the 1 percent band.  This is because technical 

rules with the 1 percent band tend to generate very few buy and sell signals and hence, 

these empirical results can be unreliable.  The following provides a description of this 

procedure in greater detail. 

 

We follow the bootstrap methodology employed by Brock, Lakonishok and LeBaron 

(1992), and first construct the expected returns from trading the ASX according to technical 

rules by setting: 

 ( ) ( )tht
h
t PPR loglog −= +  (3.15) 

where h
tR  is the h-day return of holding the stock from day t to t+h and P is stock prices.  

We then estimate the expected h-day return conditional on a buy signal at t, which is 

estimated with: 
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 ∑= t
h
tb bR

N
m |1  (3.16) 

where tb  is a buy signal at t and  N is the number of stock return observations in the sample 

trading period.  We also estimate the expected h-day return conditional on a sell signal at t: 

 ∑= t
h
ts sR

N
m |1  (3.17) 

where ts  is a sell signal at t.  Note that in (3.16) and (3.17), we estimate expectations by 

dividing the total return generated in either buy or sell periods by the total number of stock 

return observations in the sample (N) and not the total number of buy days ( bN ) or total 

number of sell days ( sN ).  The reason we do this is because we are estimating 

expectations.  Investors form expectations because they are not aware of future events.  

Hence, when dealing with expectations, we have to take the stand that we are not aware of 

which trading days are buy or sell days.  We therefore divide by N to take into account the 

probability that all trading days are either buy or sell days.  We estimate bm  and sm  from 

the ASX data and also generate 500 replications of bm  and sm  simulated under various 

stochastic models.  For clarity, we denote the simulated bm  by *
bm  and the simulated sm  

by *
sm .  Our bootstrap tests then involve (i) comparing the replications *

bm  against bm  and 

(ii) comparing the replications *
sm  against sm  to determine if the standard test results are 

affected by addressing the stochastic process characterized by the model under simulation.   

 

We examine empirical distributions simulated under four models of stock prices.  These are 

the (i) random walk with drift, (ii) autoregressive of order one, or AR(1), (iii) generalized 

autoregressive conditional heteroskedasticity (1,1), or GARCH(1,1) and (iv) exponential 

GARCH(1,1) or EGARCH(1,1) models.  We describe each of these models as follows. 
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The random walk with drift model states that log of stock prices follow a random walk with 

drift such that: 

 1log( ) log( )t t tP P c ε−= + +  (3.18) 

where c is the constant parameter that represents the drift and tε  is the random error term 

with an expected mean of 0.  This implies that the continuously compounded daily stock 

return ( tX ) is: 

 ( ) ( )1log logt t t tX P P c ε−= − = +  (3.19) 

which leads to: 

 t tX c ε= +  (3.20) 

According to the random walk with drift model, stock returns may be non-normal but 

independent and identically distributed (IID).  This is also an implication of the EMH, 

which implies that stock returns may be non-normal but follow an IID process.  This 

implies that tests using the random walk with drift simulations can be used to determine if 

technical trading returns behave in accordance to the EMH.  More specifically, tests using 

the random walk with drift simulations examine if the standard test results are affected by 

addressing non-normality in the data.  To obtain empirical distributions simulated under the 

random walk with drift model, we apply the following steps: 

(i) Construct the continuously compounded daily stock return series 

(X) by setting: 

 ( ) ( )1loglog −−= ttt PPX  (3.21) 

(ii) Construct the series of simulated returns ( *X ) by random sampling 

from the tX  series with replacement. 
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(iii) Construct the series of simulated prices ( *P ) from *X  by setting 

0
*

0 PP = . 

(iv) Apply technical trading rules to *P  and estimate the equivalent of 

bm  and sm  from the results to obtain replications of the expected 

return conditional on a buy signal ( *
bm ) and the expected return 

conditional on a sell signal ( *
sm ).  

(v) Repeat steps (ii) to (iv) another 499 times to obtain 500 replications 

of each expectation.  

(vi) Arrange the replications of *
bm  in ascending order from the smallest 

to largest value to obtain the empirical distribution for *
bm .  Repeat 

the same process for *
sm .   

(vii) Then compare bm  to the empirical distribution for *
bm  and compare 

sm  to the empirical distribution for *
sm .  

 

The second model under simulations is the AR(1) model, which is written: 

 ttt bXaX ε++= −1 ,     1<b  (3.22) 

where a and b are parameters.  The AR(1) model assumes that the current stock return ( tX ) 

is dependent on the previous period’s stock return ( 1−tX ) or, in other words, that stock 

returns are time-dependent and serially correlated.  Empirical distributions simulated under 

the AR(1) are generated using the following steps: 

(i) Construct X from the ASX series.   



 54 

(ii) Using ordinary least squares (OLS) regression, estimate (3.22) to 

obtain â  and b̂  whilst saving the resulting series of estimated 

residuals ( tε̂ ).  

(iii) Construct the series of bootstrapped residuals ( *ˆtε ) by random 

sampling with replacement from tε̂ . 

(iv) Using estimates of the parameters â  and b̂ with *ˆtε , and by setting 

0
*
0 XX = , construct the series of simulated returns ( *X ). 

(v) Construct the series of simulated prices ( *P ) from *X  by setting 

0
*

0 PP = . 

(vi) Apply technical trading rules to *P  and estimate the equivalent of 

(3.17) and (3.18) from the results to obtain replications of the 

expected return conditional on a buy signal ( *
bm ) and the expected 

return conditional on a sell signal ( *
sm ).  

(vii) Repeat steps (ii) to (iv) another 499 times to obtain 500 replications 

of each expectation.  

(viii) Arrange the replications of *
bm  in ascending order from the smallest 

to largest value to obtain the empirical distribution for *
bm .  Repeat 

the same process for *
sm .   

(ix) Then compare bm  to the empirical distribution for *
bm  and compare 

sm  to the empirical distribution for *
sm .  
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The third model under simulation is the GARCH(1,1) model, which is written: 

 ttt baX εε +−= −1  (3.23) 

 1
2

110 −− ++= ttt HH βεαα  

 ttt ZH=ε      ( )1,0~ NZt  

where tε  is the conditionally normally distributed and serially uncorrelated error term, and 

tZ  is the standardized residual.  tH  is the conditional variance at t, which is defined as a 

linear function of the previous period’s conditional variance ( 1−tH ) and squared error term 

( 2
1−tε ), which implies that periods of high (low) volatility will be followed by periods of 

even higher (lower) volatility.  In addition, we follow Brock, Lakonishok and LeBaron 

(1992) and include an MA(1) component 1−tε  in the model to account for short-run 

autocorrelations in the series.  More specifically, empirical distributions of the 

GARCH(1,1) model account for time-dependent conditional means and variances in the 

data.  The way in which the GARCH(1,1) simulations are generated are described as 

follows. 

(i) Construct X from the ASX series.   

(ii) Using maximum likelihood, estimate (3.23) to obtain estimates of the 

parameters â , b̂ , 0α̂ , 1α̂  and β̂  whilst saving the resulting 

estimated standardized residuals ( tẑ ) and conditional variance ( tĤ ) 

series.  

(iii) Using tẑ  and tĤ , construct the estimated residuals series ( tε̂ ).  

(iv) Construct the series of bootstrapped residuals ( *ˆtε ) by random 

sampling with replacement from tε̂ . 



 56 

(v) Using *ˆtε  along with estimates of the mean process parameters â  

and b̂ , construct the series of simulated returns by setting 

0
*
0 XX =  and *

0 0ε ε=  

(vi) Construct the series of simulated prices ( *P ) from *X  by setting 

0
*

0 PP = . 

(vii) Apply technical trading rules to *P  and estimate the equivalent of 

(3.17) and (3.18) from the results to obtain replications of the 

expected return conditional on a buy signal ( *
bm ) and the expected 

return conditional on a sell signal ( *
sm ).  

(viii) Repeat steps (ii) to (iv) another 499 times to obtain 500 replications 

of each expectation.  

(ix) Arrange the replications of *
bm  in ascending order from the smallest 

to largest value to obtain the empirical distribution for *
bm .  Repeat 

the same process for *
sm .   

(x) Then compare bm  to the empirical distribution for *
bm  and compare 

sm  to the empirical distribution for *
sm .  

 

The last model for simulation is the EGARCH(1,1) model, which states: 

 ttt baX εε +−= −1  (3.25) 

 ( ) 110 −− ++= tt HZG
t eH βωα  

 ( ) ( ) ttt ZZZG θπ −−= 2/1/2  

 ttt ZH=ε      ( )1,0~ NZt  
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The EGARCH(1,1) model is similar to the GARCH(1,1) model, except in two respects: (i) 

the log of the conditional variance in the EGARCH(1,1) model follows an autoregressive 

process and (ii) previous returns are allowed to affect future volatility differently depending 

on whether they are positive or negative due to the G function.  The model also includes an 

MA(1) component, 1−tε , to capture short-run autocorrelations in stock returns.  Empirical 

distributions of the EGARCH(1,1) model thus address both time-varying conditional means 

and variances, whilst capturing any asymmetric effects of previous positive and negative 

returns on future volatility.  Empirical distributions simulated under the EGARCH(1,1) 

model are generated in the following steps: 

(i) Construct X from the ASX series.   

(ii) Using maximum likelihood, estimate (3.25) to obtain estimates for 

the parameters â , b̂ , 0α̂ , ω̂ , β̂  and θ̂  whilst saving the resulting 

estimated standardized residuals ( tẑ ) and conditional variance ( tĤ ) 

series.  

(iii) Construct the estimated residuals series ( tε̂ ) from tẑ  and tĤ .  

(iv) Construct the series of bootstrapped residuals ( *ˆtε ) by random 

sampling with replacement from tε̂ . 

(v) Using *ˆtε  along with estimates of the mean process parameters â  

and b̂ , construct the series of simulated returns by setting 

0
*
0 XX =  and *

0 0ε ε=  

(vi) Construct the series of simulated prices ( *P ) from *X  by setting 

0
*

0 PP = . 



 58 

(vii) Apply technical trading rules to *P  and estimate the equivalent of 

(3.17) and (3.18) from the results to obtain replications of the 

expected return conditional on a buy signal ( *
bm ) and the expected 

return conditional on a sell signal ( *
sm ).  

(viii) Repeat steps (ii) to (iv) another 499 times to obtain 500 replications 

of each expectation.  

(ix) Arrange the replications of *
bm  in ascending order from the smallest 

to largest value to obtain the empirical distribution for *
bm .  Repeat 

the same process for *
sm .   

(x) Then compare bm  to the empirical distribution for *
bm  and compare 

sm  to the empirical distribution for *
sm .  

 

3.4.1 Parameter Estimates 

Table V contains parameter estimates for the AR(1), GARCH(1,1) and EGARCH(1,1) 

models.  Panel A contains parameter estimates for the AR(1) model obtained using ordinary 

least squares (OLS) regressions.  The full sample results show a highly significant b̂ , 

suggesting stock returns in the previous period ( 1
ˆ

−tX ) are a significant explanatory variable 

of current stock returns ( tX̂ ).  Sub-sample results show b̂  highly significant in the early 

part of the sample, but that b̂  loses significance over time such that in sub-sample IV, b̂  is 

no longer significant.  This implies that current stock returns ( 1
ˆ

−tX ) are decreasingly 

dependent on stock returns in the previous period ( 1
ˆ

−tX ) over time.  This is consistent with  
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TABLE V 

PARAMETER ESTIMATES FOR THE AR(1), GARCH(1,1) AND EGARCH(1,1) MODELS 

PANEL A: AR(1) 

ttt bXaX ε++= −1      1<b  

SAMPLE a  b  

FULL 0.00026 
(2.07751) 

0.11515 
(8.98486) 

SUB 1 0.00032 
(1.42410) 

0.24710 
(9.90564) 

SUB 2 0.00024 
(0.73014) 

0.10965 
(4.26717) 

SUB 3 0.00027 
(1.36632) 

0.08036 
(3.12246) 

SUB 4 0.00016 
(0.73010) 

0.00682 
(0.26394) 

PANEL B: GARCH(1,1) 

ttt baX εε +−= −1      ttt ZH 2/1=ε  

1
2

110 −− ++= ttt HH βεαα  

( )1,0~ NZ t  

SAMPLE a  b  0α  1α  β  

FULL 0.00049 
(3.98761) 

-0.19110 
(-12.50027) 

1.34e-05 
(13.67740) 

0.24090 
(51.58676) 

0.60770 
(37.19803) 

SUB 1 0.00058 
(2.08087) 

-0.30840 
(-10.99638) 

6.66e-06 
(4.63412) 

0.14980 
(6.74847) 

0.76420 
(21.33722) 

SUB 2 0.00052 
(2.16951) 

-0.27760 
(-8.97145) 

1.99e-05 
(7.92823) 

0.50550 
(24.52988) 

0.40710 
(11.72125) 

SUB 3 0.00033 
(1.48641) 

-0.10900 
(-3.87335) 

1.04e-05 
(2.68067) 

0.06340 
(3.05808) 

0.75760 
(9.22446) 

SUB 4 0.00041 
(1.93003) 

-0.02560 
(-0.93760) 

4.96e-06 
(4.13829) 

0.121946 
(9.02324) 

0.81010 
(29.40988) 

Continues on next page. 
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Continued from previous page. 

PANEL C: EGARCH(1,1) 

ttt baX εε +−= −1      ttt ZH 2/1=ε  

( ) 110 −− ++= tt HZG
t eH βωα  

( ) ( ) ttt ZZZG θπ −−= 2/1/2  

( )1,0~ NZ t  

SAMPLE a  b  0α  β  θ  ω  

FULL 0.00032 
(2.69305) 

-0.18444 
(-13.38718) 

-1.42719 
(-15.58012) 

0.84910 
(89.07783) 

0.29316 
(10.09493) 

0.35888 
(34.96194) 

SUB 1 0.00063 
(2.25113) 

-0.31065 
(-11.51476) 

-0.88123 
(-4.73700) 

0.90747 
(46.66621) 

0.04676 
(0.75979) 

0.26729 
(7.86975) 

SUB 2 0.00012 
(0.45132) 

-0.25386 
(-8.11586) 

-2.47263 
(-11.67963) 

0.73216 
(32.51491) 

0.20604 
(4.36880) 

0.68696 
(23.85791) 

SUB 3 0.00022 
(1.00098) 

-0.10273 
(-3.69156) 

-0.96315 
(-3.28370) 

0.90111 
(30.08788) 

0.76130 
(2.81862) 

0.09852 
(3.47002) 

SUB 4 0.00012 
(0.60304) 

-0.02827 
(-1.15357) 

-0.47150 
(-5.04071) 

0.95088 
(98.52180) 

0.87157 
(5.79972) 

0.14127 
(7.35082) 

OLS is used to estimate the AR(1) model and maximum likelihood is used to estimate the 
GARCH(1,1) and EGARCH(1,1) models. 

tX  is the continuously compounded return on day t and Ht is the conditional variance on day t. 

Numbers in parenthesis are t-ratios. 

 

an increasingly efficient stock market over time and supports our earlier findings based on 

standard tests.   

 

Panel B provides parameter estimates for the GARCH(1,1) model obtained using maximum 

likelihood.  Our full sample results show that 1α̂  and β̂  are highly significant, which 

implies that squared residuals in the previous period ( 2
1−tε ) and the conditional variance in 

the previous period ( 1−tH ) are both highly significant explanatory variables of the current 

period’s conditional variance ( tH ).  This suggests that the variance of ASX returns is 
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conditional and time-varying which, in other words, implies that periods of high (low) 

volatilities are followed by periods of even higher (lower) volatilities.  A highly significant 

result for b̂  suggests that the MA(1) component, 1−tε , is highly significant in explaining 

tX , which is consistent with our AR(1) estimates.  Sub-sample results show that 1α̂  and β̂  

are highly significant across all four sub-periods, implying the variance of ASX returns is 

time-varying and autocorrelated even up to the most recent sub-period.  

 

Panel C presents parameter estimates for the EGARCH(1,1) model, which are also obtained 

using maximum likelihood.  Full sample estimates for the EGARCH(1,1) model are similar 

to those for the GARCH(1,1) model, except that in this case, the leverage term θ̂  is highly 

significant.  The leverage term indicates whether an inverse relationship between past 

returns and future volatility exists and if this relationship is significant.  Our results show a 

correct sign for the leverage term θ̂  and that it is significant, which implies a strong inverse 

relationship between past returns and future volatility over the full sample.  Sub-sample 

results are also consistent with the GARCH(1,1) model as 1−tε  and 1−tH  are highly 

significant across all sub-periods and suggest that the variance of ASX returns is time-

varying and autocorrelated.  The leverage term θ̂  is insignificant in sub-sample I, but 

significant in all subsequent sub-periods.  This suggests that past returns and future 

volatility exhibit an inverse relationship in all four sub-periods and that this relationship is 

significant in all sub-periods, except for sub-period I.  

 

3.4.2 Random Walk with Drift Process 

We now proceed to the discussion of our bootstrap test results based on tests with the 

random walk with drift simulations, which are provided in Table VI.  Prior to the 
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description of our results, we first explain how the bootstrap test results are interpreted.  

Numerical values under the Buy column provides the fractions of simulated mean buy-

period returns ( *
bm ) that are greater than the mean ASX buy return ( bm ).  Because we 

expect positive returns in buy periods, the simulations are expected to replicate values of 

*
bm  at least as large as bm .  However, if Buy is 0.05 or smaller, this implies that the 

technical rules are still significant after accounting for non-normality in the data.  Figures 

under the Sell column provides the fractions of simulated mean sell-period returns ( *
sm ) 

that are greater than the mean ASX sell return ( sm ).  Because technical rules are supposed 

to generate negative returns in sell periods, we would expect the simulations to replicate 

values of *
sm  that are at least as small as sm .  Therefore, if Sell is 0.95 or larger, the 

technical rules are interpreted as significant after addressing for non-normality in the data.  

Buy-Sell provides the fractions of the simulated average buy-sell differences ( *
bm - *

sm ) 

greater than the ASX estimated average buy-sell difference ( bm - sm ).  Since we would 

expect the average Buy-Sell difference to be positive if the technical rules are profitable, 

we would expect the simulations to replicate values of ( *
bm - *

sm ) at least as large as ( bm -

sm ).  Hence, where values under the Buy-Sell column are 0.05 or smaller, we interpret it 

them as significant results after accounting for non-normality in the data.  We can therefore 

refer to these fractions as simulated p-values.  

 

Panel A provides the full sample results for individual rules.  Results for the VMA (1-50) 

rule shows a value of 0.006 for Buy, which means that only 0.006 percent of the 500 

simulations or 3 simulations, replicate a value for *
bm  that is greater than the ASX estimate 

bm  and hence, Buy is significant.  Sell is 1.00, which implies that all 500 simulations 
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replicate a value for *
sm  greater than sm  and that Sell is significant.  Buy-Sell has a value 

of 0.00, implying that Buy-Sell is significant.  These results are consistent with our 

standard test results reported in Table IV and imply that the VMA (1-50) rule is still 

significant after non-normality in the data is accounted for.  The results for the remaining 

four VMA rules show Buy p-values with values greater than 0.05, which is consistent with 

our standard test results.  These results imply that the standard test results for VMA rules 

are not affected by addressing non-normality in the data.   

 

We now look at the random walk simulation test results for FMA rules.  All five FMA rules 

have a Buy p-value greater than 0.05 whilst our standard tests show four of the five FMA 

rules without a band generating a positive and significant Buy.  Addressing non-normality 

in the data therefore affects the standard test outcome of buy-period predictability for the 

four FMA rules previously found to be significant in standard tests.  The p-values under the 

Sell column are all smaller than 0.95, with the exception of the Sell p-value for the FMA 

(1,50) rule.  Our standard test results, in contrast, show that both the FMA (1-50) and FMA 

(1-200) rule generate significant Sells.  Therefore, addressing non-normality in the data 

does not affect the standard test outcome of predictability in sell periods for the FMA (1-

50) rule, although it reverses the standard test outcome of sell-period predictability for the 

FMA (1-200) rule.  The p-values under the Buy-Sell column are smaller than 0.05 for the 

FMA (1-50), FMA (1-150) and FMA (5-150) rules, but larger than 0.05 for the remaining 

two FMA rules.  Standard tests, on the other hand, show positive and significant Buy-Sell 

spreads for all five FMA rules.  This implies that addressing non-normality in the data 

reverses the standard test outcome of predictability for the FMA (1-200) and FMA (2-200)  
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TABLE VI 

TEST RESULTS FROM RANDOM WALK WITH DRIFT SIMULATIONS 

PANEL A – INDIVIDUAL RULES 

FULL SAMPLE:     1980:01:01 – 2002:12:31 

RULES BUY SELL BUY-SELL 

VMA (1, 50) 0.00600 1.00000 0.00000 

VMA (1, 150) 0.31600 0.91000 0.14000 

VMA (5, 150) 0.33600 0.88600 0.20000 

VMA (1, 200) 0.40800 0.82600 0.26200 

VMA (2, 200) 0.43400 0.81600 0.28600 

FMA (1, 50) 0.27600 0.99600 0.00000 

FMA (1, 150) 0.12200 0.68200 0.02000 

FMA (5, 150) 0.08000 0.90800 0.00800 

FMA (1, 200) 0.44200 0.79800 0.05800 

FMA (2, 200) 0.22400 0.79000 0.02400 

TRB (1, 50) 0.10200 0.94000 0.02400 

TRB (1, 150) 0.15200 0.89000 0.07400 

TRB (1, 200) 0.14000 0.77400 0.11800 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    

PANEL B: RULE AVERAGES FOR FULL AND SUB-SAMPLES 

SAMPLE RULES BUY SELL BUY-SELL 

FULL VMA FRACTION>ASX 0.30000 0.88760 0.17760 

  MEAN 0.00018 0.00010 0.00009 

  ASX 0.00025 -0.00002 0.00027 

 FMA FRACTION>ASX 0.22880 0.83480 0.02200 

  MEAN 0.00393 0.00377 0.00016 

  ASX 0.00734 -0.00304 0.01041 

 TRB FRACTION>ASX 0.13133 0.86800 0.07200 

  MEAN 0.00760 0.00280 0.00480 

  ASX 0.01439 0.00047 0.01392 

Continues on next page. 
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Continued from previous page. 

I VMA FRACTION>ASX 0.32560 0.98680 0.11600 

  MEAN 0.00030 0.00013 0.00017 

  ASX 0.00042 -0.00019 0.00061 

 FMA FRACTION>ASX 0.14080 0.84360 0.00960 

  MEAN 0.00594 0.00560 0.00033 

  ASX 0.01762 -0.00483 0.02245 

 TRB FRACTION>ASX 0.36067 0.96400 0.14067 

  MEAN 0.01036 0.00308 0.00728 

  ASX 0.01588 -0.00651 0.06304 

II VMA FRACTION>ASX 0.31440 0.87640 0.20600 

  MEAN 0.00017 0.00009 0.00007 

  ASX 0.00033 -0.00026 0.00052 

 FMA FRACTION>ASX 0.50200 0.91840 0.04600 

  MEAN 0.00300 0.00267 0.00033 

  ASX 0.00524 -0.01656 0.02359 

 TRB FRACTION>ASX 0.01133 0.92000 0.00800 

  MEAN 0.00534 0.00240 0.00294 

  ASX 0.04450 -0.00960 0.05410 

III VMA FRACTION>ASX 0.37640 0.71480 0.32760 

  MEAN 0.00018 0.00009 0.00009 

  ASX 0.00025 0.00004 0.00021 

 FMA FRACTION>ASX 0.63120 0.48000 0.65200 

  MEAN 0.00426 0.00373 0.00053 

  ASX 0.00176 0.00343 -0.00166 

 TRB FRACTION>ASX 0.66200 0.86400 0.49133 

  MEAN 0.00592 0.00225 0.00367 

  ASX -0.00173 0.00321 -0.00494 

Continues on next page. 
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Continued from previous page. 

IV VMA FRACTION>ASX 0.71880 0.40400 0.72560 

  MEAN 0.00009 0.00006 0.00003 

  ASX -0.00005 0.00009 -0.00014 

 FMA FRACTION>ASX 0.41360 0.57440 0.28400 

  MEAN 0.00225 0.00229 -0.00004 

  ASX 0.00065 -0.00203 0.00268 

 TRB FRACTION>ASX 0.78200 0.05933 0.94533 

  MEAN 0.00263 0.00176 0.00087 

  ASX -0.00637 0.01191 -0.01829 

MEAN is the average of from the random walk with drift simulations. 

ASX is the average of the ASX estimates.   

 

rules, although it does not affect the standard test outcome of predictability for the other 

three FMA rules.   

 

We now look at the full sample results of testing TRB rules using the random walk with 

drift simulations.  All three Buy p-values are greater than 0.05 whilst standard tests show 

all three TRB rules without the band generating positive and significant Buys.  This implies 

that addressing non-normality in the data affects the standard test outcome of buy-period 

predictability for TRB rules.  All three Sell p-values are smaller than 0.95 and standard 

tests show that two of the three TRB rules without the band have negative and significant 

Sells.  Therefore, addressing non-normality in the data also affects the standard test 

outcome of sell-period predictability for TRB rules.  Under the Buy-Sell column, the p-

value is smaller than 0.05 for the TRB (1-50) rule but greater than 0.05 for the remaining 

two TRB rules.  Standard tests, on the other hand, show all three TRB rules without the 

band generating positive and significant Buy-Sell spreads.  Our results therefore imply that 
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addressing non-normality in the data affects the standard test outcome of predictability for 

the TRB (1-150) and TRB (1-200) rules, but not the TRB (1-50) rule.   

 

Panel B contains a summary of the full and sub-sample results for rule averages.  Sub-

sample results for the individual rules are provided in Appendix 4.  By looking at the 

summarized results for rule averages, we are also able to determine if the standard test 

results of predictability are reversed by addressing non-normality in the data.  We illustrate 

this with reference to the summary of the full sample results for VMA rule averages.  The 

rows Fraction>ASX provide the average simulated p-values of the respective Buy, Sell and 

Buy-Sell columns.  Mean refers to the mean of the 500 replications of Buy, Sell and Buy-

Sell respectively and ASX refers to estimates of the respective Buy, Sell and Buy-Sell 

values from the ASX data.  The mean in the Buy column is 0.00018, which is lower than 

the ASX estimates of 0.00030.  This suggests that the random walk replications are unable 

to replicate values for Buy at least as large as the ASX estimate and that the standard test 

result of predictability is unaffected.  The mean in the Sell column is higher than the ASX 

estimate and implies that the random walk simulations do not replicate a value at least as 

small as the ASX estimate of Sell and that the standard test result of predictability is 

unaffected.  The mean for Buy-Sell is also smaller than the ASX estimate for Buy-Sell, 

implying that the random walk simulations do not replicate the Buy-Sell spread generated 

by technical rules and the standard test results of predictability are unaffected.  

 

We now interpret the sub-sample results based on the summary of results for rule averages 

based on the above illustration.  We see that in sub-samples I and II, the mean of the 

random walk replications for Buy and Buy-Sell is always smaller than their equivalent 

ASX estimates whilst the random walk replications for Sell is always larger than their 
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equivalent ASX estimates.  This implies that addressing non-normality in the data does not 

affect the standard test results of predictability for technical rules in the first two sub-

periods.  This is also the case for VMA and FMA rules in sub-sample III, although we find 

that the simulated mean of Buy and Buy-Sell is now larger than the ASX estimate, which is 

now negative.  In sub-sample IV, where the technical rules generate losses, the random 

walk replications generate averages for Buy and Buy-Sell that are higher than their ASX 

counterparts whilst the averages for Sell are lower than the ASX estimates of Sell.  In this 

sub-sample, where the technical rules do not demonstrate forecast power, the simulation 

results do not affect the standard test results of no predictability.   

 

3.4.3 AR(1) Process 

Table VII contains results based on tests with the AR(1) simulations.  With this test, we 

seek to evaluate if non-normality and daily serial correlation in the series affects our 

standard test results and begin by discussing the full sample results for individual rules 

presented in Panel A.  The results for VMA rules are similar to those obtained with tests 

based on the random walk simulations.  The VMA (1-50) rule is still significant and the 

remaining VMA rules are insignificant, which is consistent with the standard test results.  

and imply that addressing non-normality and time-dependent means in the data does not 

affect the standard test results of predictability.  Results for the FMA rules are also similar 

to those obtained with the random walk simulation tests and imply that addressing non-

normality and time-varying means in the data affects the standard test result of 

predictability for some of the FMA rules whilst the standard test outcome of predictability 

remains unaffected for the other FMA rules.  The results for TRB rules are, likewise, 

similar to those obtained with the random walk tests.  Our results show that the standard   
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TABLE VII 

TEST RESULTS FROM AR(1) SIMULATIONS 

PANEL A – INDIVIDUAL RULES 

FULL SAMPLE:     1980:01:01 – 2002:12:31 

RULES BUY SELL BUY-SELL 

VMA (1, 50) 0.00800 1.00000 0.00000 

VMA (1, 150) 0.27800 0.90000 0.14000 

VMA (5, 150) 0.30800 0.89200 0.14600 

VMA (1, 200) 0.37200 0.84800 0.23600 

VMA (2, 200) 0.38800 0.80200 0.26400 

FMA (1, 50) 0.25600 0.99200 0.00000 

FMA (1, 150) 0.13800 0.68600 0.02200 

FMA (5, 150) 0.09200 0.88000 0.00600 

FMA (1, 200) 0.40200 0.77800 0.07000 

FMA (2, 200) 0.18000 0.72400 0.02200 

TRB (1, 50) 0.13800 0.92800 0.03600 

TRB (1, 150) 0.13800 0.91400 0.06800 

TRB (1, 200) 0.11000 0.73600 0.11200 

PANEL B: RULE AVERAGES FOR FULL AND SUB-SAMPLES 

SAMPLE RULES BUY SELL BUY-SELL 

FULL VMA FRACTION>ASX 0.27080 0.88840 0.15720 

  MEAN 0.00017 0.00009 0.00008 

  ASX 0.00025 -0.00002 0.00027 

 FMA FRACTION>ASX 0.21360 0.81200 0.02400 

  MEAN 0.00379 0.00338 0.00041 

  ASX 0.00734 -0.00304 0.01041 

 TRB FRACTION>ASX 0.12867 0.85933 0.07200 

  MEAN 0.00757 0.00281 0.00476 

  ASX 0.01439 0.00047 0.01392 

Continues on next page. 
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Continued from previous page. 

I VMA FRACTION>ASX 0.23840 0.97360 0.07920 

  MEAN 0.00025 0.00010 0.00015 

  ASX 0.00042 -0.00019 0.00061 

 FMA FRACTION>ASX 0.13600 0.79120 0.01160 

  MEAN 0.00570 0.00390 0.00180 

  ASX 0.01762 -0.00483 0.02245 

 TRB FRACTION>ASX 0.33133 0.95000 0.13600 

  MEAN 0.00938 0.00249 0.00689 

  ASX 0.01588 -0.00651 0.06304 

II VMA FRACTION>ASX 0.30080 0.86360 0.19360 

  MEAN 0.00016 0.00008 0.00008 

  ASX 0.00033 -0.00026 0.00052 

 FMA FRACTION>ASX 0.51080 0.91480 0.0600 

  MEAN 0.00314 0.00233 0.00081 

  ASX 0.00524 -0.01656 0.02359 

 TRB FRACTION>ASX 0.02000 0.90800 0.00867 

  MEAN 0.00627 0.00222 0.00405 

  ASX 0.04450 -0.00960 0.05410 

III VMA FRACTION>ASX 0.36680 0.71720 0.31800 

  MEAN 0.00018 0.00009 0.00010 

  ASX 0.00025 0.00004 0.00021 

 FMA FRACTION>ASX 0.64680 0.44560 0.66160 

  MEAN 0.00419 0.00396 0.00023 

  ASX 0.00176 0.00343 -0.00166 

 TRB FRACTION>ASX 0.68600 0.86600 0.48333 

  MEAN 0.00598 0.00227 0.00370 

  ASX -0.00173 0.00321 -0.00494 

Continues on next page. 
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Continued from previous page. 

IV VMA FRACTION>ASX 0.69040 0.38840 0.71080 

  MEAN 0.00009 0.00006 0.00002 

  ASX -0.00005 0.00009 -0.00014 

 FMA FRACTION>ASX 0.42000 0.57000 0.27600 

  MEAN 0.00236 0.00228 0.00008 

  ASX 0.00065 -0.00203 0.00268 

 TRB FRACTION>ASX 0.80533 0.05600 0.94400 

  MEAN 0.00301 0.00158 0.00143 

  ASX -0.00637 0.01191 -0.01829 

MEAN is the average from the AR(1) simulations. 

ASX is the average of the ASX estimates.   

 

test outcome of predictability is reversed for the TRB rules that were previously found to be 

significant in standard tests.  This implies that addressing non-normality time-varying 

means in the data affects the standard test outcome of predictability for most of the TRB 

rules.  Overall, our results based on tests with the AR(1) simulations are very similar to 

those based on tests with the random walk simulations.  This implies that addressing time-

varying means in the data does not significantly affect the random walk results we obtained 

earlier.   

 

Panel B provides summarized full and sub-sample results for rule averages and detailed 

results for the individual rules are provided in Appendix 5.  Addressing non-normality and 

time-varying means in the data does not affect the standard test outcome of predictability 

for the technical rules in sub-samples I and II.  In sub-sample III, the standard test outcome 

of predictability for VMA and FMA rules is unaffected whilst the standard test outcome of 

no predictability for TRB rules remains unaffected.  In sub-sample IV, the standard test 

outcome of no predictability for the technical rules is unaffected.  Our results therefore 
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show that addressing non-normality and time-varying means in the data does not affect our 

standard test outcomes.   

 

3.4.4 GARCH(1,1) Process 

Table VIII reports the results based on tests with the GARCH(1,1) simulations.  In this 

case, we want to determine if addressing non-normality and time-varying means and 

variances in the data affects the standard test outcomes.  Panel A reports the full sample 

results for individual rules.  The simulated p-values for Buy are all larger than 0.05 and the 

simulated p-values for Sell are all smaller than 0.95. The simulated p-value for Buy-Sell is 

still significant for the VMA (1-50) rule, which suggests that addressing time-varying 

conditional means and variances in the data does not affect the standard test outcome that 

the VMA (1-50) rule are profitable in the absence of transaction costs over the full sample 

period.   

 

The results for FMA rules show only two simulated p-values for Buy-Sell smaller than 

0.05, as compared to four significant Buy-Sell p-values in the AR(1) simulation tests and 

five significant Buy-Sell p-values in the standard tests.  The results that were previously 

significant in the AR(1) tests, but are now insignificant in the GARCH(1,1) tests are 

explained by the ignored presence of time-varying conditional variances in the data.  

Nevertheless, for the FMA rules with GARCH(1,1) simulated Buy-Sell p-values smaller 

than 0.05, the standard test outcome of predictability remains unaffected.   

 

We now proceed to discuss the GARCH(1,1) simulation test results for TRB rules.  In this 

case, all three Buy-Sell simulated p-values are greater than 0.05.  In tests with the AR(1)  
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TABLE VIII 

TEST RESULTS FROM GARCH(1,1) SIMULATIONS 

PANEL A – FULL SAMPLE:     1980:01:01 – 2002:12:31 

INDIVIDUAL RULES 

RULES BUY SELL BUY-SELL 

VMA (1, 50) 0.18800 0.94200 0.04000 

VMA (1, 150) 0.53800 0.63600 0.50200 

VMA (5, 150) 0.35800 0.82400 0.21600 

VMA (1, 200) 0.60000 0.54400 0.56000 

VMA (2, 200) 0.52400 0.65000 0.46800 

FMA (1, 50) 0.47800 0.92200 0.01800 

FMA (1, 150) 0.24600 0.35800 0.36800 

FMA (5, 150) 0.13200 0.82400 0.03800 

FMA (1, 200) 0.55200 0.53400 0.54800 

FMA (2, 200) 0.35400 0.61800 0.21800 

TRB (1, 50) 0.22600 0.74400 0.17600 

TRB (1, 150) 0.29000 0.69600 0.24400 

TRB (1, 200) 0.24600 0.52000 0.26800 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    

PANEL B: RULE AVERAGES FOR FULL AND SUB-SAMPLES 

SAMPLE RULES BUY SELL BUY-SELL 

FULL VMA FRACTION>ASX 0.44160 0.71920 0.35720 

  MEAN 0.00024 0.00004 0.00021 

  ASX 0.00025 -0.00002 0.00027 

 FMA FRACTION>ASX 0.35240 0.65120 0.23800 

  MEAN 0.00553 0.00046 0.00507 

  ASX 0.00734 -0.00304 0.01041 

 TRB FRACTION>ASX 0.25400 0.65333 0.22933 

  MEAN 0.01311 -0.00087 0.01399 

  ASX 0.01439 0.00047 0.01392 

Continues on next page. 
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Continued from previous page. 

I VMA FRACTION>ASX 0.36840 0.92080 0.16560 

  MEAN 0.00035 0.00005 0.00030 

  ASX 0.00042 -0.00019 0.00061 

 FMA FRACTION>ASX 0.22160 0.72080 0.08000 

  MEAN 0.00828 0.00136 0.00692 

  ASX 0.01762 -0.00483 0.02245 

 TRB FRACTION>ASX 0.45133 0.89133 0.25000 

  MEAN 0.01545 0.00027 0.01518 

  ASX 0.01588 -0.00651 0.06304 

II VMA FRACTION>ASX 0.40320 0.74520 0.32960 

  MEAN 0.00028 -0.00002 0.00029 

  ASX 0.00033 -0.00026 0.00052 

 FMA FRACTION>ASX 0.59040 0.82520 0.21640 

  MEAN 0.00572 -0.00273 0.00846 

  ASX 0.00524 -0.01656 0.02359 

 TRB FRACTION>ASX 0.04267 0.77933 0.04000 

  MEAN 0.01344 -0.00529 0.01875 

  ASX 0.04450 -0.00960 0.05410 

III VMA FRACTION>ASX 0.41680 0.63760 0.39240 

  MEAN 0.00022 0.00007 0.00015 

  ASX 0.00025 0.00004 0.00021 

 FMA FRACTION>ASX 0.65440 0.41960 0.76160 

  MEAN 0.00503 0.00241 0.00262 

  ASX 0.00176 0.00343 -0.00166 

 TRB FRACTION>ASX 0.73067 0.82067 0.56267 

  MEAN 0.00795 0.00146 0.00649 

  ASX -0.00173 0.00321 -0.00494 

Continues on next page. 
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Continued from previous page. 

IV VMA FRACTION>ASX 0.72400 0.37440 0.73840 

  MEAN 0.00010 0.00005 0.00004 

  ASX -0.00005 0.00009 -0.00014 

 FMA FRACTION>ASX 0.41160 0.55400 0.33160 

  MEAN 0.00248 0.00181 0.00067 

  ASX 0.00065 -0.00203 0.00268 

 TRB FRACTION>ASX 0.77800 0.05600 0.94467 

  MEAN 0.00292 0.00120 0.00172 

  ASX -0.00637 0.01191 -0.01829 

MEAN is the average from the GARCH(1,1) simulations. 

ASX is the average of the ASX estimates.   

 

simulations, we found that only two of the three Buy-Sell simulated p-values were greater 

than 0.05 whilst standard tests showed that all three TRB rules generated positive and 

significant Buy-Sell spreads.  This implies that the standard test outcome of predictability 

for the TRB (1-50) rule, which was found to be significant in the AR(1) simulation tests but 

now insignificant in the GARCH(1,1) simulation tests, is due to the ignored presence of 

time-varying conditional variances in the data.   

 

Panel B provides a summary of the sub-sample results for tests with the GARCH(1,1) 

simulations and the full sub-sample results for individual rules are reported in Appendix 6.  

Sub-sample results are generally consistent with those obtained with the AR(1) and random 

walk simulation tests, except that in this case, the simulated Buy-Sell mean tends to be 

larger relative to the simulated Buy-Sell means replicated by the AR(1) and random walk 

simulations.  We therefore find that addressing time-varying conditional variances in the 

data affects the standard test outcome of predictability for a greater proportion of the 

technical rules and, in particular, those for TRB rules.  For the MA rules, however, 
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addressing time-varying conditional variances in the data diminishes but does not eliminate 

the abnormal profits from trading.   

 

3.4.5 EGARCH(1,1) Process 

Table IX contains the results of testing technical rules with the EGARCH(1,1) simulations 

and we begin by discussing the full sample results for individual rules in Panel A.  With 

this test, we also examine non-normality as well as time-dependence in the conditional 

mean and variance, but in this case, we allow for the conditional variance to react 

differently to past positive and negative returns.  The results for VMA rules are very similar 

to those obtained with the GARCH(1,1) simulation tests, which implies that the significant 

results observed in the GARCH(1,1) simulation tests are not due to the ignored presence of 

asymmetric responses in the conditional variance to past positive and negative returns.  

Results for FMA rules are also very similar to those obtained with the GARCH(1,1) 

simulation tests and implies that the significant results previously observed with the 

GARCH(1,1) tests are not explained by the ignored presence of asymmetric responses in 

the conditional variance to past positive and negative stock returns.  Results for TRB rules 

are again very similar to those obtained with the GARCH(1,1) tests.  

 

Our sub-sample results are detailed in Appendix 7, and are also consistent with our full 

sample results and show that the significant p-values observed in the GARCH(1,1) 

simulation tests are not explained by the ignored presence of asymmetric responses in the 

conditional variance to past positive and negative stock returns. 
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TABLE IX 

TEST RESULTS FROM EGARCH(1,1) SIMULATIONS 

PANEL A – FULL SAMPLE:     1980:01:01 – 2002:12:31 

INDIVIDUAL RULES 

RULES BUY SELL BUY-SELL 

VMA (1, 50) 0.19400 0.92600 0.04400 

VMA (1, 150) 0.52200 0.61600 0.49400 

VMA (5, 150) 0.37000 0.81400 0.20800 

VMA (1, 200) 0.58400 0.54200 0.57200 

VMA (2, 200) 0.48800 0.66200 0.43000 

FMA (1, 50) 0.48400 0.93600 0.01600 

FMA (1, 150) 0.25400 0.35000 0.34200 

FMA (5, 150) 0.14800 0.84000 0.02800 

FMA (1, 200) 0.59000 0.52200 0.56400 

FMA (2, 200) 0.33000 0.59200 0.22000 

TRB (1, 50) 0.22400 0.73800 0.17600 

TRB (1, 150) 0.30200 0.71000 0.24800 

TRB (1, 200) 0.24000 0.53400 0.27600 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data. 

PANEL B: RULE AVERAGES FOR FULL AND SUB-SAMPLES 

SAMPLE RULES BUY SELL BUY-SELL 

FULL VMA FRACTION>ASX 0.43160 0.71200 0.3496 

  MEAN 0.00024 0.00004 0.00021 

  ASX 0.00025 -0.00002 0.00027 

 FMA FRACTION>ASX 0.36120 0.64800 0.23400 

  MEAN 0.00552 0.00060 0.00492 

  ASX 0.00734 -0.00304 0.01041 

 TRB FRACTION>ASX 0.25533 0.66067 0.23333 

  MEAN 0.01305 -0.00085 0.01390 

  ASX 0.01439 0.00047 0.01392 

Continues on next page. 
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Continued from previous page. 

I VMA FRACTION>ASX 0.38600 0.92040 0.17680 

  MEAN 0.00036 0.00005 0.00031 

  ASX 0.00042 -0.00019 0.00061 

 FMA FRACTION>ASX 0.20080 0.70760 0.08040 

  MEAN 0.00826 0.00152 0.00674 

  ASX 0.01762 -0.00483 0.02245 

 TRB FRACTION>ASX 0.43733 0.87933 0.25333 

  MEAN 0.01559 0.00013 0.01546 

  ASX 0.01588 -0.00651 0.06304 

II VMA FRACTION>ASX 0.40440 0.75160 0.32200 

  MEAN 0.00027 -0.00001 0.00028 

  ASX 0.00033 -0.00026 0.00052 

 FMA FRACTION>ASX 0.43665 0.67018 0.13927 

  MEAN 0.00521 -0.00256 0.00778 

  ASX 0.00524 -0.01656 0.02359 

 TRB FRACTION>ASX 0.04467 0.78667 0.03467 

  MEAN 0.01295 -0.00486 0.01782 

  ASX 0.04450 -0.00960 0.05410 

III VMA FRACTION>ASX 0.41520 0.62640 0.39280 

  MEAN 0.00021 0.00006 0.00014 

  ASX 0.00025 0.00004 0.00021 

 FMA FRACTION>ASX 0.66720 0.43320 0.75800 

  MEAN 0.00502 0.00246 0.00256 

  ASX 0.00176 0.00343 -0.00166 

 TRB FRACTION>ASX 0.73133 0.83400 0.55533 

  MEAN 0.00771 0.00146 0.00625 

  ASX -0.00173 0.00321 -0.00494 

Continues on next page. 

 
 
 
 
 



 79 

Continued from previous page. 

IV VMA FRACTION>ASX 0.71440 0.36120 0.74360 

  MEAN 0.00010 0.00005 0.00005 

  ASX -0.00005 0.00009 -0.00014 

 FMA FRACTION>ASX 0.41280 0.56840 0.33840 

  MEAN 0.00258 0.00156 0.00102 

  ASX 0.00065 -0.00203 0.00268 

 TRB FRACTION>ASX 0.80533 0.05267 0.94200 

  MEAN 0.00332 0.00103 0.00228 

  ASX -0.00637 0.01191 -0.01829 

MEAN is the average from the EGARCH(1,1) simulations. 

ASX is the average of the ASX estimates.   

 

 

3.4.6 Discussion and Comparison with Previous Research 

Results from our bootstrap tests show that the Buy-Sell spreads generated by the VMA (1-

50-0) rule in the full sample and sub-periods I and II are not due to the inability of standard 

test ratios to address non-normality, daily serial correlation, time-dependent conditional 

means and variances or asymmetric responses in the conditional variance to past positive 

and negative returns.  In the case of the other VMA rules, the standard test outcome of no 

predictability also remains unaffected in the various simulation tests.  Generally, the results 

from our bootstrap tests show the standard test outcomes for the VMA rules unaffected in 

the four simulation tests.   

 

On the other hand, we find that the standard test outcome of predictability for FMA and 

TRB rules is reversed by addressing non-normality and time-dependent means in the data.  

After conducting GARCH(1,1) tests, we find the standard test outcome of predictability 

reversed for a higher number of FMA and TRB rules.  Our results therefore show that the 
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FMA and TRB rules that were previously found to be significant in random walk and 

AR(1) tests, but are later insignificant in the GARCH(1,1) tests, are explained by the 

ignored presence of time-varying conditional variances in the data.  Our results from the 

GARCH(1,1) and EGARCH(1,1) tests are very similar, suggesting that additionally 

allowing for asymmetric responses in the conditional variance to past positive and negative 

returns do not affect the standard test results of predictability.   

 

Our results are therefore in contrast to those obtained by Brock, Lakonishok and LeBaron 

(1992) and Isakov and Hollistein (1999).  Both studies by Brock, Lakonishok and LeBaron 

(1992) and Isakov and Hollistein (1999) report the profitability of technical trading rules in 

the absence of transaction costs and find that trading profits generated by VMA, FMA and 

TRB rules do not diminish in tests with the random walk, AR(1), GARCH(1,1) and 

EGARCH(1,1) simulations.  Instead, our results show that trading profits diminish 

depending on which technical trading rule is examined in the simulation tests.  Trading 

profits generated by VMA rules are unaffected, whilst those generated by FMA and TRB 

rules diminish after simulations under the various stochastic models are employed in tests. 

 

One aspect of our results consistent with those obtained by Brock, Lakonishok and 

LeBaron (1992) is that the standard test outcome of predictability is reversed in a higher 

number of cases by addressing time-varying conditional means and variances in the data 

relative to addressing non-normality and time-dependent means alone.  Like Brock, 

Lakonishok and LeBaron (1992), we also find that the ignored presence of time-varying 

conditional variances affects the standard test outcome of predictability for some technical 

rules.   
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Our results for TRB rules are another interesting aspect of our findings.  We find that 

addressing non-normality and time-dependent means in the data diminish TRB trading 

profits and when time-varying conditional means and variances are addressed, TRB trading 

profits are virtually eliminated.  This aspect of our results are consistent with the findings 

reported by Mills (1997) and Feng and Smith (1997), who find profits virtually eliminated 

when the technical rules are tested with simulations under various stochastic models.   

 

3.5 Conclusions 

This chapter presents the results obtained from testing technical trading rules, namely 

VMA, FMA and TRB rules, with data from the ASX All Ordinaries index obtained in two 

stages of econometric tests.  The first stage examines the technical trading rules with 

standard tests using data from the full sample as well as four non-overlapping sub-samples 

to determine the stability of the full sample results.  Full sample results indicate some 

evidence of predictability in the VMA, FMA and TRB rules, although these results are not 

stable over the four non-overlapping sub-periods.  The full sample results are only 

supported by evidence from the first two sub-periods, but not from the two most recent sub-

periods which show technical trading rules losing significant forecast power in general.  

These results are consistent with the declining importance of past share price information in 

predicting future price movements over time and suggest that the ASX gained substantial 

increases in informational efficiency, particularly from 1997 onwards.  

 

This study, however, recognizes that results from the standard statistical tests in the first 

stage of empirical analysis do not provide a complete picture on the performance of 

technical trading rules because of inconsistencies between assumptions of data properties in 

standard t-ratios and stochastic properties underlying the empirical data.  One problem that 
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can arise from this inconsistency is that the standard tests indicate significant technical 

trading returns, even when technical trading rules do not in fact possess forecast power, 

simply because standard t-ratios are unable to address non-IID-normal properties 

underlying the empirical data.  Similarly, this inconsistency can also result in standard tests 

finding insignificant technical trading returns when technical rules actually possess forecast 

power for the same reason.  The second stage of empirical tests is conducted to mitigate 

this problem by re-evaluating the technical trading rules with empirical distributions 

simulated under four stochastic models of stock returns: (a) the random walk with drift, (b) 

AR(1), (c) GARCH(1,1) and (d) EGARCH(1,1) models.   

 

The purpose of re-evaluating the technical trading rules with empirical distributions 

simulated under the random walk with drift model is to examine if non-normality in the 

data explains standard test results of predictability.  Because implications of the random 

walk with drift model are consistent with the Efficient Markets Hypothesis (EMH), 

simulation tests of the model are also able to indicate if stock returns in the ASX conform 

to the predictions of the EMH.  Tests with simulations of the AR(1) model are used to 

examine if addressing daily serial correlation, or time-varying conditional means, in the 

data series explains standard test results of predictability, whilst tests with GARCH(1,1) 

simulations are used to examine if time-dependent conditional means and variances explain 

predictability in the standard tests.  Although EGARCH(1,1) simulations also address time-

dependent conditional means and variances, they differ from GARCH(1,1) simulations by 

allowing asymmetric responses in the conditional variance to positive and negative shocks 

to the returns series.  Tests with EGARCH(1,1) simulations are therefore used to determine 

if allowing for asymmetric responses in the conditional variance in simulations addressing 

time-dependent means and variances explains standard test results of predictability.   
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This study finds that simulation test results for VMA rules differ from those for FMA and 

TRB rules.  The simulation results show that the standard test outcome of predictability for 

VMA rules is unaffected by addressing the AR(1), GARCH(1,1) and EGARCH(1,1) 

components as well as non-normality in the ASX data.  Results for FMA and TRB rules, on 

the other hand, show the significance of technical trading returns diminishing in tests with 

the random walk with drift and AR(1) simulations and a further loss of significance in tests 

with the GARCH(1,1) and EGARCH(1,1) simulations.  These results imply that non-

normality and daily serial correlation in the series reverses the standard test outcome of 

predictability for some FMA and TRB rules, and that time-dependent conditional means 

and variances explain significant results for some of the FMA and TRB rules obtained in 

random walk with drift and AR(1) simulations.  This study does not, however, find any 

usefulness in allowing for asymmetric responses in the conditional variance to positive and 

negative shocks to the returns series, as EGARCH(1,1) simulated p-values are only 

marginally, if any, different from the GARCH(1,1) simulated p-values. 

 

Overall, this study finds that simulations of the various stochastic models of stock returns 

diminishes but does not virtually eliminate the significance of technical trading returns in 

the ASX.  This implies that the returns-generating process of stocks in the ASX is probably 

more complicated than suggested by the random walk with drift, AR(1), GARCH(1,1) or 

EGARCH(1,1) models and that technical rules pick up some of the hidden properties in the 

data.   
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CHAPTER 4 

TRADING RULES BASED ON TIME-SERIES MODELS 

 

4.1 Introduction 

In this chapter, we explore a trading strategy based on time-series forecasts and compare 

the results against those obtained by applying technical trading rules to determine which 

trading strategy is more profitable in the ASX.  Since technical trading rules generate buy 

and sell signals based on information contained in daily past prices, we also examine time-

series trading rules that emit signals based on information contained in daily past prices for 

comparability.  Because we examined versions of technical trading rules that maintain buy 

and sell positions for 1 trading day and for 10 trading days following signal emissions, we 

also examine two variations of the time-series trading rules.  One variation is a strategy that 

emits either a buy or a sell signal in each trading day and is compared against the results for 

VMA rules.  The second variation is a strategy that maintains buy and sell positions for 

fixed 10-day holding periods following signal emissions and is compared against the results 

for FMA and TRB rules.   

 

We extend the literature on time-series trading strategies in two ways.  First, the second 

variation of the above described time-series trading strategy is not known in previous 

research.  We only know of Fang and Xu’s (2003) study as a test of trading strategies based 

on the forecasts univariate time-series models and Fang and Xu (2003) only examine the 

first variation of the above described time-series trading strategy.  The second variation of 

the time-series trading strategy maintains buy and sell positions for fixed holding periods 

following signal emissions and can therefore reveal if holding positions in the stock for 

fixed periods following signal emissions will increase or decrease the profitability of time-



 85 

series trading rules.  The second way in which this thesis extends the literature on time-

series trading rules is that we apply our tests to data from the Australian stock exchange.  

This is new to the literature since Fang and Xu (2003) examine US data and no other study 

has conducted similar tests.   

 

Chapter 4 is set out as follows.  Section 4.2 begins by describing the four time-series 

models examined in this study.  We obtain parameter estimates for each of the four models 

and describe the results relevant to our study.  Section 4.3 describes the time-series trading 

strategy examined in this chapter.  Section 4.4 tests the trading strategy based on the 

forecasts of each of the four time-series models and the results are then compared against 

those obtained with technical trading rules.  Section 4.5 concludes the chapter by 

summarizing our findings and highlighting any interesting aspects of our findings.   

 

4.2 Description of Time-Series Models and Parameter Estimates 

There are a huge number of different time-series models that we can examine, but for 

reasons of comparability with Fang and Xu (2003), we obtain time-series forecasts from 

four models and they are the AR(1), AR(1)-GARCH(1,1), AR(1)-GARCH(1,1)-M and 

AR(1)-EGARCH(1,1) models.  The AR(1) model is written as: 

 ttt bXaX ε++= −1      1<b  (4.1) 

where a and b are parameters and X is stock returns.  The AR(1) model states that the stock 

return in the previous period ( 1−tX ) is a significant explanatory variable of the current stock 

return ( tX ), which implies that the AR(1) model captures serial correlation and time-

dependent means in the series.  

 



 86 

The second model is the AR(1)-GARCH(1,1) model, which is simply the AR(1) model 

with GARCH(1,1) components.  The model is expressed: 

 ttt bXaX ε++= −1      1<b  (4.2) 

 1
2

110 −− ++= ttt HH βεαα  

 ttt ZH=ε      ( )1,0~ NZt  

where a, b, oα , 1α  and β  are parameters, tH  is the conditional variance at period t and 

tZ  is normalized estimated residuals.  tH  is linearly related to the previous period’s 

squared error term ( 2
1−tε ) and conditional variance ( 1−tH ), which implies that the model 

captures time-dependence in the variance of stock returns.  Although we are only interested 

in forecasting the mean, the model captures time-dependence in the variance of stock 

returns by assuming GARCH(1,1) errors, which is in turn captured in the mean equation.  

Our examination of the AR(1)-GARCH(1,1) errors can therefore indicate if the assumption 

of GARCH(1,1) errors influences the mean to be different from that predicted by the AR(1) 

model.  

 

The third model examined is the AR(1)-GARCH(1,1)-M model, which states: 

 tttt HbXaX εδ +++= −1      1<b  (4.3) 

 1
2

110 −− ++= ttt HH βεαα  

 ttt ZH=ε      ( )1,0~ NZt  

where a, b, δ , oα , 1α  and β  are parameters, tH  is the conditional variance at period t 

and tZ  is normalized estimated residuals.  The AR(1)-GARCH(1,1)-M model is essentially 

the same as the AR(1)-GARCH(1,1) model, except in one respect.  With the AR(1)-
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GARCH(1,1)-M model, the square root of the conditional variance ( tH ) enters the 

conditional mean ( tX ) equation as an explanatory variable.  Therefore, in addition to the 

assumption of GARCH(1,1) errors, the AR(1)-GARCH(1,1)-M model also captures any 

possible linear relationship between the conditional mean and the conditional variance.   

 

The last model examined is the AR(1)-EGARCH(1,1) model, which is expressed: 

 ttt bXaX ε++= −1      1<b  (4.4) 

 ( ) 110 −− ++= tt HZG
t eH βωα  

 ( ) ( ) ttt ZZZG θπ −−= 2/1/2  

 ttt ZH=ε      ( )1,0~ NZt  

where a, b, ω , oα , θ  and β  are parameters, tH  is the conditional variance at period t and 

tZ  is normalized estimated residuals.  The AR(1)-EGARCH(1,1) model is essentially the 

same as the AR(1)-GARCH(1,1) model, except that in this case, future volatility is allowed 

to be different depending on whether past returns are positive or negative due to the G 

function.  Therefore, the AR(1)-EGARCH(1,1) model not only captures time-varying 

conditional means and variances in stock returns, but also any possible asymmetric 

responses in the conditional variance to past positive or negative stock returns.  Therefore, 

the advantage of the AR(1)-EGARCH(1,1) model over the AR(1)-GARCH(1,1) model is 

that the AR(1)-EGARCH(1,1) model is more flexible by allowing different responses in 

future volatility to past positive and negative returns.  

 

Table X reports parameter estimates of the four time-series models for the same ASX data 

sample employed earlier in Chapter 3.  Each model is estimated with the least squares 
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TABLE X 

PARAMETER ESTIMATES FOR TIME-SERIES MODELS 

PANEL A: AR(1) 

1t t tX a bX ε−= + +      1b <  

SAMPLE a  b 

FULL 0.00026 
(2.03497) 

0.11562 
(5.10108) 

SUB I 0.00032 
(1.39091) 

0.24710 
(7.13853) 

SUB II 0.00026 
(0.75711) 

0.11037 
(2.45805) 

SUB III 0.00028 
(0.08503) 

0.00014 
(0.00669) 

SUB IV 0.00014 
(0.65602) 

0.00669 
(0.83430) 

PANEL B: AR(1)-GARCH(1,1) 

1t t tX a bX ε== + +       1b <  

2
0 1 1 1t t tH Hα α ε β− −= + +  

t t tH Zε =      ( )~ 0,1tZ N  

SAMPLE a  b 0α  1α  β  

FULL 0.00040 
(3.62037) 

0.17798 
(10.39039) 

0.00001 
(2.83775) 

0.23905 
(2.51652) 

0.61852 
(5.15143) 

SUB I 0.00039 
(1.83374) 

0.30610 
(10.09675) 

0.00001 
(3.04843) 

0.13869 
(4.50303) 

0.77801 
(17.59915) 

SUB II 0.00039 
(1.56496) 

0.24457 
(7.30496) 

0.00002 
(3.27270) 

0.52518 
(2.31411) 

0.39822 
(2.78449) 

SUB III 0.00029 
(1.47735) 

0.10449 
(3.90527) 

0.00001 
(1.60548) 

0.06530 
(2.61836) 

0.78480 
(7.28217) 

SUB IV 0.00037 
(1.92877) 

0.02453 
(0.85394) 

0.00001 
(3.49304) 

0.12196 
(14.19753) 

0.80803 
(14.19753) 

Continues on next page. 
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Continued from previous page. 

PANEL C: AR(1)-GARCH(1,1)-M 

1t t t tX a bX Hδ ε== + + +       1b <  

2
0 1 1 1t t tH Hα α ε β− −= + +  

t t tH Zε =      ( )~ 0,1tZ N  

SAMPLE a  b  δ  0α  1α  β  

FULL 0.00024 
(1.56378) 

0.17841 
(10.90550) 

2.45551 
(1.43712) 

0.00001 
(2.67146) 

0.23959 
(2.46354) 

0.61706 
(5.00076) 

SUB I 0.00080 
(1.53747) 

0.30498 
(10.62839) 

-6.51364  
(-0.85927) 

0.00001 
(2.92955) 

0.13908 
(4.57274) 

0.77730 
(17.28585) 

SUB II 0.00027 
(0.93243) 

0.24696 
(6.48637) 

1.60054 
(1.02219) 

0.00002 
(3.38664) 

0.52555 
(2.33965) 

0.39985 
(2.97238) 

SUB III -0.00140 
(-0.95038) 

0.10160 
(3.55091) 

30.48901 
(1.21206) 

9.35e-06 
(0.94874) 

0.06657 
(1.84440) 

0.77113 
(3.88881) 

SUB IV -0.00018 
(-0.41185) 

0.02426 
(0.82998) 

9.23520 
(1.49690) 

5.04e-06 
(2.15526) 

0.12053 
(3.15164) 

0.81070 
(13.76224) 

PANEL D: AR(1)-EGARCH(1,1) 

1t t tX a bX ε== + +       1b <  

( )0 1 1t ta G Z H
tH e ω β− −+ +=  

( ) ( )1/ 22t t tG Z Z Zπ θ= − −  

t t tH Zε =      ( )~ 0,1tZ N  

SAMPLE a  b  0α  ω  β  θ  

FULL 0.00024 
(2.67651) 

0.17344 
(11.88344) 

-1.65023 
(-2.00906) 

0.35444 
(2.41050) 

0.85534 
(11.30012) 

-0.10601 
(-2.20702) 

SUB I 0.00045 
(2.40476) 

0.30318 
(12.50576) 

-0.98868 
(-3.08554) 

0.24505 
(4.63423) 

0.91690 
(29.87561) 

-0.01313 
(-0.58435) 

SUB II 0.00011 
(0.69548) 

0.21341 
(24.74306) 

-3.14066 
(-3.38095) 

0.71145 
(3.47443) 

0.72123 
(8.26712) 

-0.13847 
(-2.48232) 

SUB III 0.00018 
(0.97979) 

0.10148 
(3.87170) 

-0.93342 
(-1.58980) 

0.10183 
(2.88963) 

0.91253 
(15.61847) 

-0.07168 
(-2.23406) 

SUB IV 0.00010 
(0.48397) 

0.02689 
(1.22197) 

-0.59648 
(-3.48560) 

0.14191 
(3.22833) 

0.94967 
(60.92561) 

-0.12172 
(-4.92537) 

FULL: 1980 Jan 01 – 2002 Dec 31; SUB I: 1980 Jan 01 – 1985 Sep 30; SUB II: 1985 Oct 01 – 1991 Jun 30; 
SUB III: 1991 Jul 01 – 1997 Mar 31; SUB IV: 1997 Apr 01 – 2002 Dec 31 
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method and the residuals are then corrected to allow for non-normality.  We begin this 

discussion on the results for the AR(1) model, which are provided in Panel A.  1−tX  is a 

significant explanatory variable of tX  in the full sample as well as in sub-periods I and II.  

In the more recent sub-periods III and IV, however, 1−tX  turns insignificant.  This suggests 

that current stock returns ( tX ) are less dependent on information contained in past returns 

( 1−tX ) as the ASX evolves over time and implies an increasingly efficient ASX through 

time.  Tests on higher ordered AR models show that autocorrelation in the higher orders are 

insignificant and hence, the AR(1) model is appropriate for the study.   

 

Panel B reports parameter estimates for the AR(1)-GARCH(1,1) model.  By comparing our 

results for a and b against those obtained for the AR(1) model, we determine whether the 

assumption of GARCH(1,1) errors affects the estimated coefficients of the mean equation.  

We first look at the full sample results.  The estimate of coefficient a based on the AR(1)-

GARCH(1,1) model is 0.00040, which is nearly double the estimate of 0.00026 based on 

the AR(1) model.  The assumption of GARCH(1,1) errors also influences the estimate of 

coefficient b to some extent.  The estimate of coefficient b based on the AR(1)-

GARCH(1,1) is 0.17798, which is nearly 50 percent larger than the estimate of 0.11562 

based on the AR(1) model.  When we compare significance levels, we find the estimates of 

coefficients a and b based on the AR(1)-GARCH(1,1) model more significant than the 

estimates based on the AR(1) model.  Likewise, our sub-sample results also show larger 

and more significant estimates for coefficients a and b with the AR(1)-GARCH(1,1) model 

than with the AR(1) model.  Our results therefore suggest that the assumption of 

GARCH(1,1) errors improves the estimates of coefficients in the mean equation.  
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Panel C reports parameter estimates for the AR(1)-GARCH(1,1)-M model.  In this case, the 

model assumes that the mean equation is influenced by GARCH(1,1) errors as well as the 

conditional variance of stock returns.  Our results indicate that the inclusion of the term 

tH  into the mean equation causes estimates of the a coefficient to turn negative for the 

full sample as well as all four sub-periods.  We find only very marginal differences in the 

estimates of coefficient b based on the AR(1)-GARCH(1,1)-M model and those based on 

the AR(1)-GARCH(1,1) model, suggesting that the inclusion of tH  into the mean 

equation does not significantly affect the estimate of coefficient b.  Our estimates for 

coefficient δ  are small and insignificant in the full sample and sub-periods II and III.  In 

sub-period I, the estimate of coefficient δ  is negative, which is of the wrong sign since it 

contradicts the fact that volatility and returns are positively related.  The results of sub-

period IV are more interesting.  We find the estimates of coefficients a and b insignificant, 

but the estimate of coefficient δ  significant.  This implies that, in sub-period IV, stock 

returns are more dependent on the conditional variance of stock returns than past returns.   

 

Panel D reports parameter estimates for the AR(1)-EGARCH(1,1) model, which allows for 

asymmetric responses in future volatility to past positive and negative stock returns.  With 

the exception of sub-period I, our results for the full sample and other sub-periods show 

that the estimates of coefficient a based on the AR(1)-EGARCH(1,1) model are generally 

smaller and less significant than those based on the AR(1)-GARCH(1,1) model.  However, 

our estimates of coefficient b based on the AR(1)-EGARCH(1,1) model is only marginally 

different from those based on the AR(1)-GARCH(1,1) model.  Hence, we find that 

allowing for asymmetric responses in the conditional variance to past positive and negative 

stock returns does not significantly affect the estimated coefficients of the mean equation.   
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4.3 Description of Time-Series Trading Rule 

In this section, we briefly describe the time-series trading rule examined in this thesis.  

Since we examined technical trading rules with 1-day holding periods (i.e. VMA rules) and 

with fixed 10-day holding periods (i.e. FMA and TRB rules), we also examine time-series 

trading rules with 1-day and fixed 10-day holding periods following signal emissions to 

maintain consistency and allow the comparability of our results.  The time-series trading 

rule with 1-day holding periods following signal emissions emit buy and sell signals as 

follows: 

 ( ) θ>Ω+ ttt XEb |: 1  (4.5) 

 ( ) θ<Ω+ ttt XEs |: 1  

where tb  is a buy signal and ts  is a sell signal at t.  E  is the expectations operator that 

denotes the expectation at t, X is stock returns, tΩ  is the information set that contains all 

information available to investors at period t and hence, ( )ttXE Ω+ |1  is the best forecast of 

the next period’s stock return given the information available at t.  θ  is a non-negative 

constant that can take on non-zero values when taking into account factors such as trading 

costs or the risk-free rate.  In this study, however, we assume θ  is zero because (i) 

transaction costs are not considered and (ii) we apply the double-or-out trading strategy 

which assumes similar borrowing and lending rates.   

 

To ensure that results based on the time-series trading rule defined by (4.5) are comparable 

with our earlier results for VMA rules, we define tΩ  as a moving window comprising 

stock price information over the preceding m days, where m is a fixed number that is 

equivalent to the number of days from which historical stock prices are obtained to 

compute the long moving averages (LMA) used in VMA rules.  For instance, the LMA of 
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the VMA (1-50) rule is computed as a moving average of stock prices from the preceding 

50 trading days.  A time-series trading rule that is comparable with the VMA (1-50) rule 

should then produce forecasts based on the same information set such that tΩ  also contains 

stock price information from the preceding 50 days.  Our earlier tests examined various 

VMA rules which compute long moving averages based on stock price information from 

the preceding 50, 150 and 200 days.  The use of moving windows is justified on the 

following grounds.  First, the moving windows are the same as the length of the moving 

averages tested previously.  An investor interested in applying the MA rules tested in this 

thesis is more likely to use the same information for estimating the time-series models 

necessary for implementing the time-series trading rules.   As such, we re-estimate 

( )ttt XE Ω+ |1  each trading day based on the moving window represented by tΩ .  Secondly, 

increasing the number of observations with the use of recursive estimations rather than the 

“moving windows” approach proposed tends to generate parameters that become 

increasingly consistent.  Variability in the estimated parameters is, however, an important 

feature that allows the time-series trading rules to work.  Therefore, even though the use of 

moving windows instead of recursive estimations constitute to the loss of information, it is 

more likely to reflect the sort of information an investor would use in reality and allows 

greater variability in the estimated parameters for the time-series trading rules to work.  

 

We also test time-series trading rules with fixed 10-day holding periods following signal 

emissions in order to compare with our earlier results for FMA and TRB rules.  To recap, 

trading rules with fixed 10-day holding periods require that investors maintain buy (sell) 

positions for a fixed period of 10-days following the emission of buy (sell) signals and 
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ignore any other signals emitted within the 10-day holding period.  Therefore, time-series 

trading rules with fixed 10-day holding periods emit buy and sell signals as follows: 

 ( ) days 10 fixedfor  hold ; and |: 1 θθ <>Ω+ ttttt XXEb  (4.6) 

 ( ) days 10 fixedfor  hold ; and |: 1 θθ ><Ω+ ttttt XXEs  

The FMA rules we examined earlier in Chapter 3 compute long moving averages from 

historical stock prices over the preceding 50, 150 and 200 days.  Likewise, the TRB rules 

examined earlier establish maximum and minimum price levels over the preceding 50, 150 

and 200 days.  Therefore, for comparability with our earlier results for FMA and TRB 

rules, we also test trading rule (4.6) where tΩ  contains stock prices from the preceding 50, 

150 and 200 days.  

 

Note that our specification of the time-series trading rule differs from that specified in Fang 

and Xu’s (2003) study.  In Fang and Xu’s (2003) study, estimates of ( )ttt XE Ω+ |1  are 

based on model parameters estimated over the full sample.  This implies that, in Fang and 

Xu’s (2003) study, the same coefficient estimates are used to predict ( )ttt XE Ω+ |1  from the 

first to the last day of the sample.  In this thesis, however, we adopt a different approach.  

We estimate ( )ttt XE Ω+ |1  based on a rolling AR(1) model, where tΩ  is a rolling window 

containing historical stock price information over a fixed number of trading days preceding 

t.  With the use of a rolling AR(1) model, we allow the coefficient estimates for predicting 

( )ttt XE Ω+ |1  to be different in each trading day of the sample.  Relative to the approach 

adopted by Fang and Xu (2003), we find this definition of the time-series trading rule more 

applicable to the real world.  To use model parameters estimated over the full sample, one 

requires stock return data for the full sample period.  However, an investor estimating 
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( )ttt XE Ω+ |1  in, say, day 300 of the sample only has stock price information up to t=300.  

If the full sample data contains stock price information up to t=5000, then it is unrealistic to 

use parameter estimates based on the stock price information up to day 5000 because the 

investor at day 300 has no information of the stock prices for days 301 to 5000.  We 

therefore take the stand that our specification of the time-series trading rule is more realistic 

and expect some differences in our results from those obtained by Fang and Xu (2003) due 

to our different definitions of the time-series trading rule.  

 

4.4 Empirical Results 

We now discuss the results of applying the above time-series trading rules to the ASX.  

Details of the full sample results are reported in Table XI whilst a summary of the sub-

sample results are provided in Table XIA.  bN  is the total number of buy signals and sN  is 

the total number of sell signals emitted over the sample period.  Buy is the difference 

between the mean buy period return and the unconditional 1-day mean (from Table I).  Sell 

is the difference between the mean sell period return and the unconditional 1-day mean.  

 

We begin by describing the full sample results for the time-series trading rules with 1-day 

holding periods reported in Panel A of Table XI.  We first examine the results for the 

AR(1) trading rule.  bN  exceeds sN  for all three AR(1) trading rules.  Since time-series 

trading rules with 1-day holding periods emit either a buy or a sell signal each trading day, 

the results are consistent with an upward trending market over the full sample period.  

Where the time-series trading rules are valid, Buy is expected to be positive and Sell is 

expected to be negative.  In this case, however, Buy is negative and Sell is positive in all 

three cases.  Although the negative Buy differences and positive Sell differences are only at 
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TABLE XI 

RESULTS OF TIME-SERIES TRADING RULE 

FULL SAMPLE    1980:1:1 – 2002:12:31 

PANEL A: 1 DAY HOLDING PERIOD 

MODEL NB NS BUY SELL BUY-SELL 

AR(1)      

50 Day Window 3303 2398 -0.00001 
(-0.06987) 

0.00002 
(0.06969) 

-0.00003 
(-0.12017) 

150 Day Window 3598 2103 -0.00004 
(-0.18308) 

0.00006 
(0.24317) 

-0.00010 
(-0.36803) 

200 Day Window 3758 1943 -0.00014 
(-0.69691) 

0.00027 
(1.05897) 

-0.00041 
(-1.51963) 

AVERAGE   -0.00006 0.00012 -0.00018 

AR(1)-GARCH(1,1)      

50 Day Window 3346 2355 -0.00010 
(-0.46570) 

0.00013 
(0.57129) 

-0.00023 
(-0.89732) 

150 Day Window 3700 2001 -3.67e-06 
(-0.01808) 

2.08e-06 
(0.00834) 

-5.75e-06 
(-0.02156) 

200 Day Window 3830 1871 -0.00008 
(-0.38101) 

0.00015 
(0.59196) 

-0.00023 
(-0.84140) 

AVERAGE   -0.00006 0.00009 -0.00016 

AR(1)-GARCH(1,1)-M      

50 Day Window 3112 2589 -0.00002 
(-0.09693) 

0.00002 
(0.09362) 

-0.00004 
(-0.16462) 

150 Day Window 3269 2432 0.00006 
(0.29405) 

-0.00009 
(-0.37465) 

0.00015 
(0.57976) 

200 Day Window 3372 2329 0.00003 
(0.40284) 

-0.00013 
(-0.53232) 

0.00021 
(0.81069) 

AVERAGE   0.00002 -0.00007 0.00011 

AR(1)-EGARCH(1,1)      

50 Day Window 3338 2363 -0.00004 
(-0.20491) 

0.00006 
(0.24092) 

-0.00010 
(-0.38537) 

150 Day Window 3571 2130 0.00001 
(0.05032) 

-0.00002 
(-0.08993) 

0.00003 
(0.12177) 

200 Day Window 3661 2040 -0.00002 
(-0.10025) 

0.00003 
(0.12910) 

-0.00005 
(-0.19740) 

AVERAGE   -0.00002 0.00002 -0.00004 
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PANEL B: FIXED 10 DAY HOLDING PERIOD 

MODEL NB NS BUY SELL BUY-SELL 

AR(1)      

50 Day Window 702 702 -0.00220 
(-1.33935) 

-0.00175 
(-1.06537) 

-0.00045 
(-1.33935) 

150 Day Window 794 795 -0.00260 
(-1.63700) 

-0.00213 
(-1.34043) 

-0.00047 
(-1.63700) 

200 Day Window 800 800 -0.00152 
(-0.96082) 

-0.00051 
(-0.32146) 

-0.00101 
(-0.96082) 

AVERAGE   -0.00211 -0.00146 -0.00064 

AR(1)-GARCH(1,1)      

50 Day Window 1111 768 -0.00004 
(-0.02737) 

0.00260 
(1.62022) 

-0.00264 
(-1.77179) 

150 Day Window 1023 344 -0.00101 
(-0.67190) 

0.00113 
(0.55462) 

-0.00214 
(-1.08284) 

200 Day Window 1038 231 -0.00162 
(-1.08641) 

0.00166 
(0.70092) 

-0.00328 
(-1.42258) 

AVERAGE   -0.00089 0.00180 -0.00269 

AR(1)-GARCH(1,1)-M      

50 Day Window 1055 939 -0.00140 
(-0.94047) 

0.00363 
(2.38069) 

-0.00503 
(-3.53708) 

150 Day Window 861 591 -0.00087 
(-0.55712) 

0.00049 
(0.28778) 

-0.00136 
(-0.80461) 

200 Day Window 856 480 -0.00094 
(-0.60245) 

-0.00104 
(-0.56786) 

0.00010 
(0.05538) 

AVERAGE   -0.00107 0.00103 -0.00210 

AR(1)-EGARCH(1,1)      

50 Day Window 702 702 -0.00234 
(-1.42417) 

-0.00138 
(-0.83938) 

-0.00096 
(-0.56677) 

150 Day Window 868 868 -0.00174 
(-1.11661) 

-0.00114 
(-0.73437) 

-0.00059 
(-0.39041) 

200 Day Window 889 889 -0.00216 
(-1.40899) 

-0.00135 
(-0.87655) 

-0.00082 
(-0.54723) 

AVERAGE   -0.00208 -0.00129 -0.00079 

Numbers in parenthesis are t-ratios of a two-tailed test. 

The asterisks *(**) indicate significance at the 5(1) percent level. 
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insignificant levels, the results imply that the AR(1) model is weak at predicting future 

upward and downward price movements in the ASX and unable to generate abnormal 

returns in excess of the buy-and-hold equivalent.  Results for Buy-Sell sell simply follow 

and show insignificant levels for negative Buy-Sell differences.   

 

If we compare our results against those obtained by Fang and Xu (2003), we find that the 

estimate and t-statistic of coefficient b̂  in their study similar to our estimate.  However, our 

results for Buy, Sell and Buy-Sell are significantly different from those obtained in Fang 

and Xu’s (2003) study.  As stated earlier, we specify our time-series trading rules 

differently from Fang and Xu (2003) and hence, these differences in our results are 

plausible.We now look at the results for AR(1)-GARCH(1,1) trading rules with 1-day 

holding periods following signal emissions.  bN  exceeds sN  for all three cases, which is 

again consistent with an upward trending market over the full sample period.  In all three 

cases, Buy is negative and insignificant whilst Sell is positive and insignificant.  Mean 

Buy-Sell differences are also negative and insignificant.  Our results therefore show no 

improvement in the ability to forecast future directional movements in the ASX from the 

AR(1) trading rules to the AR(1)-GARCH(1,1) trading rules.  This implies that the 

assumption of GARCH(1,1) errors in the AR(1)-GARCH(1,1) trading rules do not improve 

forecasting ability, even though the estimated equations provide better t-statistics.  This is 

very interesting since it demonstrates that significant regressors in an estimated equation 

does not necessarily imply that a trading rule based on the forecasts of the equation is 

profitable.   
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Next, we discuss the results for the AR(1)-GARCH(1,1)-M trading rules in Panel A.  In this 

case, we are interested in knowing if allowing for a linear relationship between the 

conditional variance and the conditional mean of stock returns affects forecasting ability.  

Again, bN  exceeds sN  for the three rules based on 50, 150 and 200 day rolling windows, 

which is consistent with an upward trending market over the full sample period.  Results 

for the AR(1)-GARCH(1,1)-M trading rule based on the 50-day rolling window are similar 

as those for the AR(1) and AR(1)-GARCH(1,1) trading rules.  Buy is negative and Sell is 

negative at insignificant levels.  Some improvement in forecast ability is observed for the 

AR(1)-GARCH(1,1) trading rules based on the 150- and 200-day rolling windows, 

however, as these rules generate positive Buy and negative Sell differences.  Although 

insignificant, these results imply that the trading rules are successful at predicting future 

upward and downward movements in the ASX.  Our results therefore suggest that allowing 

for the conditional variance of stock returns to be linearly related to the conditional mean 

marginally improves forecast performance, despite an insignificant tH  in the estimated 

equation.  Again, this aspect of our results show that the significance of regressors does not 

necessarily imply that a trading rule based on the model’s forecasts is profitable.   

 

We now examine the results for the AR(1)-EGARCH(1,1) trading rules.  bN  exceeds sN  

in all three cases, which is consistent with an upward trending market over the full sample 

period.  In this case, we find the results of the AR(1)-EGARCH(1,1) trading rules based on 

the 50- and 200-day rolling windows similar to our findings for the AR(1) and AR(1)-

GARCH(1,1) trading rules.  Only the AR(1)-EGARCH(1,1) trading rule based on the 150-

day rolling window demonstrates the ability to correctly predict future upward and 

downward movements in the ASX and generate a positive Buy and a negative Sell 
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difference.  Our results therefore suggest that allowing for asymmetric responses in the 

conditional variance to past positive and negative returns in the AR(1)-EGARCH(1,1) 

model only marginally improves forecast performance from the AR(1)-GARCH(1,1) 

model.  Relative to the AR(1)-GARCH(1,1)-M model, however, the AR(1)-EGARCH(1,1) 

model still demonstrates weaker forecasting ability.   

 

Panel B reports the results of the time-series trading rules with fixed 10-day holding 

periods following signal emissions.  Mean Buy-Sell differences are negative at insignificant 

levels in all 12 cases, which imply that the time-series trading rules are weak at predicting 

future directional movements in the ASX over the full sample period.  These results are 

expected since ( )ttt XE Ω+ |1  is estimated in the same manner and the only difference in 

these rules from those with 1-day holding periods is that buy and sell positions are 

maintained for fixed 10-day holding periods following signal emissions.  The purpose of 

examining time-series trading rules with fixed 10-day holding periods is to allow time-

series trading rules and technical trading rules with fixed 10-day holding periods (i.e. FMA 

and TRB rules) to be compared.   

 

We now proceed to discuss the sub-sample results, which are summarized in Table XIA.  

Panel A presents the results for time-series trading rules with 1-day holding periods whilst 

Panel B presents the results for time-series trading rules with fixed 10-day holding periods 

following signal emissions.  Column Avg Buy (Sell) reports the average mean Buy (Sell) 

differences of each time-series trading rule with tΩ  based on 50, 150 and 200 day windows 

whilst column Avg Buy-Sell differences report the average mean Buy-Sell differences.  

Detailed sub-sample results are provided in Appendix 8.   
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TABLE XIA 

RESULTS OF TIME-SERIES TRADING RULE 

SUMMARY OF SUB-SAMPLE RESULTS 

PANEL A: 1 DAY HOLDING PERIOD 

 AVG BUY AVG SELL AVG BUY-SELL 

SUB-SAMPLE I    

AR(1) 0.00025 -0.00034 0.00059 

AR(1)-GARCH(1,1) 0.00025 -0.00026 0.00059 

AR(1)-GARCH(1,1)-M 0.00035 -0.00052 0.00088 

AR(1)-EGARCH(1,1) 0.00029 -0.00043 0.00072 

SUB-SAMPLE II    

AR(1) -0.00020 0.00023 -0.00043 

AR(1)-GARCH(1,1) -0.00021 0.00031 -0.00052 

AR(1)-GARCH(1,1)-M -0.00006 0.00004 -0.00010 

AR(1)-EGARCH(1,1) -0.00010 0.00018 -0.00030 

SUB-SAMPLE III    

AR(1) -0.00006 0.00009 -0.00016 

AR(1)-GARCH(1,1) -0.00017 0.00025 -0.00042 

AR(1)-GARCH(1,1)-M -0.00001 -0.00016 0.00016 

AR(1)-EGARCH(1,1) -0.00005 0.00006 -0.00010 

SUB-SAMPLE IV    

AR(1) -0.00015 0.00038 -0.00052 

AR(1)-GARCH(1,1) -0.00017 0.00039 -0.00056 

AR(1)-GARCH(1,1)-M -0.00005 0.00019 -0.00029 

AR(1)-EGARCH(1,1) -0.00010 0.00020 -0.00030 
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PANEL B: FIXED 10 DAY HOLDING PERIOD 

 BUY SELL BUY-SELL 

SUB-SAMPLE I    

AR(1) -0.00130 -0.00092 -0.00038 

AR(1)-GARCH(1,1) 0.00064 -0.00098 0.00162 

AR(1)-GARCH(1,1)-M 0.00047 -0.00376 0.00505 

AR(1)-EGARCH(1,1) -0.00118 -0.00095 -0.00022 

SUB-SAMPLE II    

AR(1) -0.00773 -0.00660 -0.00112 

AR(1)-GARCH(1,1) -0.00307 0.00355 -0.00661 

AR(1)-GARCH(1,1)-M -0.00202 0.00643 -0.00845 

AR(1)-EGARCH(1,1) -0.00690 -0.00560 -0.00130 

SUB-SAMPLE III    

AR(1) -0.00024 0.00095 -0.00119 

AR(1)-GARCH(1,1) -0.00043 0.00164 -0.00207 

AR(1)-GARCH(1,1)-M 0.00026 -0.00208 0.00234 

AR(1)-EGARCH(1,1) -0.00069 0.00022 -0.00091 

SUB-SAMPLE IV    

AR(1) -0.00125 -0.00095 -0.00030 

AR(1)-GARCH(1,1) -0.00073 0.00149 -0.00222 

AR(1)-GARCH(1,1)-M -0.00150 0.00123 -0.00272 

AR(1)-EGARCH(1,1) -0.00236 -0.00112 -0.00124 

AVG BUY column reports the average mean BUY differences. 

AVG SELL column reports the average mean SELL differences. 

AVG BUY-SELL column reports the average mean BUY-SELL differences. 

 

We begin by discussing our results for the time-series trading rules with 1-day holding 

periods, which are presented in Panel A.  The results for sub-sample I show positive 

average mean Buy differences and negative average mean Sell differences in all cases.  

Positive average mean Buy-Sell differences simply follow and imply that, in sub-sample I, 

the time-series trading rules are able to predict future upward and downward movements in 

the ASX.  In sub-period II, however, we observe a loss of predictive ability.  Average mean 

Buy differences are all negative and the average mean Sell differences are all positive, 
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leading to negative average mean Buy-Sell differences for all four time-series trading rules.  

As sub-sample II contains a period of economic and financial instability, this loss of 

predictive ability is expected.  

 

We also observe the lack of predictive ability in sub-period III as average mean Buy 

differences continue to be negative and average mean Sell differences positive.  

Nevertheless, in comparison to the results for sub-period II, we find that the negative 

(positive) average Buy (Sell) differences in sub-period III are smaller in magnitude.  

Therefore, even though the results for sub-period III indicate that the time-series trading 

rules do not predict future directional movements in the ASX, our results indicate that the 

time-series trading rules are more profitable in sub-period III than in sub-period II.  One 

explanation for this is that, in sub-sample III, the Australian economy and financial markets 

are more stable relative to sub-sample II.  

 

Results for sub-sample IV show a further decline in predictive ability from sub-sample III.  

Average mean buy differences are negative and smaller whilst the average mean sell 

differences are positive and greater than those for sub-sample III.  Therefore, average mean 

buy-sell differences are negative and smaller than those for sub-sample III.  In fact, when 

compared to our results for sub-sample II, we find that forecast power is weaker in sub-

sample IV.  One explanation for these results is that the ASX became more informationally 

efficient in the most recent sub-period such that attempts to generate abnormal returns 

through forecasting are unsuccessful.  

 

The above compares our sub-sample results across the different sub-periods.  If we 

compare our results across the different time-series trading rules in each sub-period, we 
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find that the AR(1)-GARCH(1,1)-M trading rule is consistently stronger than the other 

three trading rules.  In each sub-period, the AR(1)-GARCH(1,1)-M trading rule generates a 

higher average mean Buy-Sell difference relative to the other three trading rules.  In 

addition, we also find the AR(1)-GARCH(1,1) trading rule consistently weaker than the 

other three trading rules in forecasting future directional movements in the ASX.  In each 

sub-period, the average mean Buy-Sell difference generated by the AR(1)-GARCH(1,1) 

trading rule is always the smallest relative to those generated by the other three trading 

rules.  

 

Panel B presents sub-sample results for the time-series trading rules with fixed 10-day 

holding periods, which we will now discuss.  Results under the Avg Buy-Sell column 

follow a similar trend as those for the time-series trading rules with 1-day holding periods.  

The time-series trading rules are most successful in sub-sample I, where two of the four 

average mean Buy-Sell differences are positive.  In sub-sample II, a loss of predictive 

ability is observed as all four average mean Buy-Sell differences are negative.  A slight 

improvement in forecast power is observed in sub-sample III, where one positive and three 

negative average mean Buy-Sell differences are observed.  In sub-sample IV, a loss of 

forecast power is again observed as all four average mean Buy-Sell differences are 

negative.  The only difference in these results from Panel A’s results is that in Panel A, the 

time-series trading rules perform worst in sub-period IV whilst in Panel B, the trading rules 

perform worst in sub-period II.  Sub-period II represents a period of economic and financial 

volatility whilst trading rules with fixed 10-day holding periods tend to be less successful at 

capturing very short-run fluctuations in the ASX.  Hence, the weak performance of the 

trading rules with fixed 10-day holding periods in sub-period II.  
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Unlike our results in Panel A, we do not find a particular rule that is consistently the most 

or least successful at predicting future directional movements in the ASX.  The AR(1)-

GARCH(1,1)-M trading rule is the most successful trading rule in sub-sample I and III 

whilst in sub-sample II and IV, it is the AR(1) trading rule.  On the other hand, the AR(1)-

GARCH(1,1)-M trading rule is the weakest in sub-sample II and IV, the AR(1) trading rule 

is the weakest in sub-sample I and the AR(1)-GARCH(1,1) trading rule is weakest in sub-

sample III.  Based on these results, we are unable to safely conclude which of the time-

series trading rules with fixed 10-day holding periods is the strongest or weakest over the 

sample period.   

 

4.5 Conclusions 

We conclude this chapter by summarizing our empirical findings and highlighting the 

interesting aspects of our analysis.  Our results for the time-series trading rules with 1-day 

holding periods identify the AR(1)-GARCH(1,1)-M trading rule as the most successful 

trading rule for predicting future directional movements in the ASX.  In the full sample as 

well as all four sub-periods, the AR(1)-GARCH(1,1)-M trading rule with 1-day holding 

periods consistently generates the highest average mean Buy-Sell difference relative to the 

other three trading rules.  This suggests that allowing for a linear relationship between the 

conditional variance and the conditional mean improves forecast performance.  This is a 

very interesting aspect of our results as yH  is insignificant in our estimates of the 

GARCH(1,1)-M model.   

 

Similarly, we also identify the AR(1) trading rule as the least successful trading rule for 

predicting future upward and downward movements in the ASX.  In the full sample and the 
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four sub-periods, the AR(1) trading rule consistently generates the lowest average mean 

Buy-Sell difference relative to the three trading rules.  This implies that forecast 

performance is not optimal when only time-dependence is accounted for.  There are merits 

to assuming GARCH(1,1) errors (as in the AR(1)-GARCH(1,1) model), allowing for the 

conditional variance and conditional mean to be linearly related (as in the AR(1)-

GARCH(1,1)-M model) and asymmetric responses in the conditional variance to past 

positive and negative stock returns (as in the AR(1)-EGARCH(1,1) model), although the 

positive effects on forecast performance is only very marginal.  

 

In contrast, our results for the time-series trading rules with fixed 10-day returns do not 

identify any particular trading rule as being consistently strongest or weakest over the 

sample period.  We find that this is because, by holding buy and sell positions for fixed 10-

day periods, the trading rules are unable to fully capture the short-run fluctuations in stock 

prices which in turn affect their forecast performance.   

 

Nevertheless, our results indicate that the time-series trading rules are very weak in 

predicting future directional movements in the ASX relative to technical trading rules.  

Where technical trading rules generate positive and significant mean Buy-Sell differences, 

the time-series trading rules generally produce negative mean Buy-Sell differences or only 

insignificantly positive mean Buy-Sell differences.  This is a very interesting aspect of our 

results since academics traditionally argue that the benefits of forecasting based on time-

series models outweigh those based on technical trading rules.  One explanation is that non-

linear characteristics exist in the ASX data and these are not picked out by the linear time-

series models examined in this study.  In contrast, technical trading rules are better able to 

pick out these non-linear properties and hence, produce superior forecasts of ASX returns.   
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CHAPTER 5 

COMBINING TECHNICAL TRADING RULES AND TIME-SERIES MODELS 

 

5.1 Introduction 

Following our analysis of technical trading rules and time-series trading strategies, we 

examine a trading strategy based on the combination of technical trading rules and time-

series models in this chapter.  The advantages of combining forecasts are documented by 

Armstrong (1989) and Clemen (1989), who note that combining individual forecasts 

produces greater forecast accuracy.  The argument is that combining forecasts provides a 

way to compensate for deficiencies in an individual forecasting technique.  By combining 

complementary methods, the shortcomings of one technique can be offset by the 

advantages of another to produce more accurate forecasts.  We therefore combine technical 

trading rules and time-series models in a trading strategy to determine if the combination of 

the two forecasting methods leads to greater forecast accuracy.  Although the combination 

of individual forecasting techniques is not new to the literature on predictability, the 

combination of technical trading rules and time-series models in stock return forecasting is 

still very new.  In fact, only one other study is known to examine trading strategies based 

on the combination of technical trading rules and time-series models.  This is the study by 

Fang and Xu (2003), who evaluate the combined strategy using data on the Dow Jones 

index.  

 

Our study extends the literature on combined trading strategies in two ways.  First, we 

employ data from the Australian stock exchange.  Our results based on a different data set 

can therefore provide further insights into the validity of applying combined trading 

strategies.  Second, we examine a larger universe of combined trading strategies than those 



 108 

tested by Fang and Xu (2003).  Fang and Xu (2003) examine trading strategies that are 

based on the combination of time-series models and variable moving averages (VMA) 

rules, which maintain buy and sell positions for only 1 day following signal emissions.  In 

addition to the combined trading strategies examined by Fang and Xu (2003), we also 

examine trading strategies that combine time-series models with fixed-length moving 

averages (FMA) and with trading range break (TRB) rules.  By exploring a larger universe 

of technical trading rules than those examined by Fang and Xu (2003), we mitigate the 

problem of data snooping.  More importantly, this thesis contributes to the literature on 

trading rules as the evaluation of combined trading strategies that maintain buy and sell 

positions for fixed holding periods following signal emissions (e.g. combined FMA and 

TRB rules) is still not known in previous research.   

 

Chapter 5 is presented in the following manner.  Following this introduction, section 5.2 

briefly describes the combined trading strategy based on technical trading rules and time-

series models.  Section 5.3 then evaluates the application of the combined trading strategy 

on data from the ASX and compares the results against those obtained using each of the 

two individual methods – technical trading rules and time-series models.  Section 5.4 

concludes the chapter by summarizing our findings and highlighting the interesting aspects 

of our results.   

 

5.2 Description of Combined Trading Strategy 

To capture different aspects of the two forecasting techniques into a single trading strategy, 

we follow Fang and Xu (2003) and apply a combined trading rule that emits buy and sell 

signals as follows: 
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 tt bb emit  model series- timeand rule  tradingicalBoth techn :  (5.1) 

tt ss emit  model series- timeand rule  tradingicalBoth techn :  

and no signals on the days where the above conditions do not hold.  By this definition, the 

combined strategy requires fewer transactions than either individual method.  Although this 

implies that the combined strategy may not be sensitive enough to generate early signals, it 

is better able to capture upward and downward price trends in the longer term so that there 

is greater potential to capture excess profits in a costly trading environment.  This method 

of combining forecasts differs from the traditional definition of a “combination forecast”, 

which is defined by Terragrossa (1999, Pg.148) as “a weighted average of component 

forecasts from different models or sources”.  Nevertheless, combining the two forecasting 

methods as defined by (5.1) is consistent with how traders combine various trading 

strategies in reality.  For instance, traders who wish to combine two different trading 

strategies would typically apply the two individual trading rules on stock prices and only 

trade when both individual trading rules emit the same signals and confirm the signals 

generated by the individual trading rules.  Further, by combining the two forecasting 

methods as defined by (5,1), we also allow our results to be comparable to those reported 

by Fang and Xu (2003).  

 

The following describes how technical trading rules and time-series models are combined 

to produce the above trading strategy.  Moving averages (MA) rules such as the VMA and 

FMA rules are combined with time-series forecasts by matching the number of days in the 

LMA to the number of days represented by tΩ  in the time-series models.  For instance, an 

MA rule with an LMA spanning 50 days is matched with time-series models where tΩ  is a 

50-day moving window.  An MA rule with an LMA spanning 150 days is matched with 
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time-series models with tΩ  representing a 150-day moving window and so forth.  The way 

in which trading range breaks (TRB) and time-series models are combined follows the 

same principle.  TRB rules that determine maximum and minimum levels over the previous 

50 trading days are matched with time-series models based on a 50-day moving window 

whilst TRB rules that determine maximum and minimum levels over the previous 150 

trading days are matched with time-series models based on a 150-day moving window and 

so forth.  This particular matching of technical trading rules and time-series models is due 

to two reasons.  First, it ensures that both technical trading rule and time-series model in the 

combined strategy emits signals based on the same information.  Second, it mitigates the 

data snooping bias.  

 

Further, we also ensure that we match holding periods when combining technical trading 

rules and time-series models.  Technical trading rules that maintain buy and sell positions 

for only 1 trading day following signal emissions (e.g. VMA rules) are matched with time-

series strategies with 1-day holding periods.  Technical trading rules that maintain buy and 

sell positions in the asset for fixed 10-day holding periods following signal emissions (e.g. 

FMA and TRB rules) are matched with time-series trading strategies that also maintain buy 

and sell positions for fixed 10-day holding periods.  

 

5.3 Empirical Results 

5.3.1 Combining Technical Trading Rules and the AR(1) Model 

Table XII presents the full sample results for combining technical trading rules with the 

AR(1) model.  We begin by discussing the results for the AR(1)-VMA combined strategies.  

bN  exceeds sN  in all cases.  Although the AR(1)-VMA combined strategies maintain buy 
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TABLE XII 

RESULTS FOR COMBINED AR(1) MODEL AND TECHNICAL TRADING RULES 

FULL SAMPLE                    1980:1:1 – 2002:12:31 

PANEL A:          AR(1) MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 2683 1696 0.00025 -0.00041 0.00067* 

   (1.13044) (-1.55567) (2.24020) 

(1,150,0) 2907 1251 0.00007 -0.00009 0.00016 

   (0.31098) (-0.28963) (0.47703) 

(5,150,0) 2898 1234 0.00005 -0.00011 0.00015 

   (0.21156) (-0.35889) (0.47348) 

(1,200,0) 3012 1115 -0.00003 0.00012 -0.00015 

   (-0.14716) (0.38894) (-0.45787) 

(2,200,0) 3016 1115 -0.00004 0.00014 -0.00018 

   (-0.20308) (0.44194) (-0.54336) 

AVERAGE   0.00006 -0.00007 -0.00001 

PANEL B:          AR(1) MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 69 68 0.00164 -0.00798 0.00962 

   (0.41291) (-1.99293) (1.77652) 

(1,150,0) 49 30 0.00640 -0.00554 0.01194 

   (1.37082) (-0.94034) (1.62462) 

(5,150,0) 30 20 0.01004 -0.02071** 0.03075** 

   (1.70271) (-2.88584) (3.36009) 

(1,200,0) 45 24 0.00283 -0.00141 0.00424 

   (0.58245) (-0.21535) (0.52955) 

(2,200,0) 33 28 0.00449 -0.00481 0.00931 

   (0.79812) (-0.78991) (1.14287) 

AVERAGE   0.00508 0.00019 0.01317 

Continues on next page. 
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PANEL C:          AR(1) MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 264 127 0.00369 -0.00582 0.00950** 

   (1.63923) (-1.92042) (2.77637) 

(1,150,0) 201 59 0.00344 -0.00376 0.00720 

   (1.37661) (-0.87952) (1.53499) 

(1,200,0) 173 51 0.00435 -0.00374 0.00809 

   (1.63673) (-0.81702) (1.60196) 

AVERAGE   0.00383 -0.00444 0.00826 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   

 

and sell positions for only 1 trading day following signal emissions, signals are not emitted 

in all trading days.  This is because both the VMA rule and AR(1) model must emit the 

same signal in the same period before the combined strategy emits a signal to buy or sell.  

Therefore, bN  and sN  in this case is smaller relative to those for either the VMA rules or 

the AR(1) model.  

 

Buy has the correct sign and is positive for rules with an LMA spanning 50 and 150 days 

but has the wrong sign and negative for rules with an LMA spanning 200 days.  Likewise, 

Sell has the correct sign and negative for rules with an LMA spanning 50 and 150 days 

whilst it has the wrong sign and is positive for the rules with an LMA spanning 200 days.  

As such, our results for Buy-Sell are positive for the combined rules based on 50 and 150 

day windows, but negative for the rules based on 200 day windows.  Further, we find that 
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the positive Buy-Sell differences lose significance as the LMA extends from 50 to 150 days.  

Our results therefore suggest that trading returns are higher when the number of days in the 

LMA is shorter.  This implies that current information is more relevant than older 

information in the prediction of future movements in ASX prices.  For instance, forecasts 

based on information contained in the most recent 50 trading days are more relevant than 

information contained in the prior trading days.   

 

Compared to our earlier results obtained with only VMA rules, we find that the AR(1)-

VMA combined rules perform worse at predicting future directional movements in the 

ASX.  In all five cases, mean Buy-Sell differences generated by the VMA rules exceed 

those produced by the AR(1)-VMA combined strategies.  On the other hand, the AR(1)-

VMA combined strategies all produce mean Buy-Sell differences higher than those 

generated by the trading strategies based only on the AR(1) model.  Contrary to the 

arguments by Armstrong (1989) and Clemen (1989), we do not find that the combination of 

VMA rules and the AR(1) model improves forecast accuracy.  Rather, we find that forecast 

accuracy is averaged by combining the highly significant VMA rules with the weak AR(1) 

model. 

 

Panel B reports the full sample results for the AR(1)-FMA combined strategies.  bN  and 

sN  are smaller relative to those produced by either the AR(1) model or the FMA rules.  

This is expected since both the AR(1) model and the FMA rule components in each 

combined trading rule must emit the same signal before the combined strategy emits a 

signal to either buy or sell.   
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Like our earlier results for FMA rules, the AR(1)-FMA combined strategies also generate 

positive mean Buy differences in all five cases.  Of the five positive mean Buy differences 

generated by the FMA rules, four are significant.  In the case of the AR(1)-FMA combined 

strategies, however, only none is significant.  Nevertheless, the AR(1)-FMA rules perform 

better than the AR(1) trading rules, which produce negative Buy differences over the full 

sample.  We also find the AR(1)-FMA combined strategies performing worse than the 

FMA rules, but better than the AR(1) trading rules at predicting future downward 

movements in the ASX.  FMA rules produce the highest number of significantly negative 

mean Sell differences, followed by the AR(1)-FMA combined rules whilst the AR(1) 

trading rules produce positive mean Sell differences.  The results for Buy-Sell simply 

follow and show FMA rules producing the highest number of significantly positive mean 

Buy-Sell spreads, followed by AR(1)-FMA rules and negative mean Buy-Sell spreads by 

the AR(1) trading rules.  Again, our results show that forecast accuracy is not improved by 

combining the AR(1) model with FMA rules.  Instead, forecast accuracy is simply averaged 

between the strong predictive ability of FMA rules and the weak forecast power of the 

AR(1) model.  

 

Panel C provides the full sample results for the AR(1)-TRB combined strategies.  Again, 

bN  and sN  are smaller than those generated by either the AR(1) trading rules or TRB rules 

as expected.  Buy is all positive at insignificant levels, which is in contrast to the significant 

Buy differences generated by all 6 TRB rules over the same period.  Sell is negative in all 

cases at insignificant levels.  In contrast, all TRB rules without the band all produce 

negative Sell differences with two of the three being highly significant at the 1 percent 

level.  Nevertheless, because the average Sell generated by TRB rules (-0.00402) is higher 
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than that generated by the AR(1)-TRB rules (-0.00444), our results suggest that the AR(1)-

TRB rules are more successful at predicting downward ASX price movements.  Our results 

for Buy-Sell confirm that AR(1)-TRB rules are more successful than the TRB rules at 

predicting future directional movements in the ASX.  The AR(1)-TRB rules produce an 

average Buy-Sell return of 0.00826 whilst the TRB rules only produce an average return of 

0.00769. Our results therefore show that combining the AR(1) model and TRB rules 

produces a trading strategy that is more profitable than either TRB rules or the AR(1) 

trading rules individually.   

 

Table XIIA presents a summary of the sub-sample results and detailed sub-sample results 

for the individual rules are provided in Appendix 9.  Recall from Chapter 3 that sub-sample 

I (1980 January 01 – 1985 September 30) represents a period of financial deregulation, sub-

sample II (1985 October 01 – 1991 June 30) represents a period of economic uncertainty, 

sub-sample III (1991 July 01 – 1997 March 31) contains a period of technological 

advancements in the ASX and sub-sample IV (1997 April 01 – 2002 December 31) 

represents a period of increased market integration of the ASX and other international stock 

markets.  We begin by analyzing the sub-sample results for the combined AR(1)-VMA 

strategies.  A loss of predictive power over time consistent with our earlier results for 

technical rules and for time-series models is observed from the results.  The average mean 

Buy-Sell difference is highest in sub-sample I, lower in sub-sample II, even lower in sub-

sample III and the lowest in sub-sample IV.  We also present average mean differences for 

VMA rules and for the AR(1) model obtained earlier in this table so that the forecast 

performance of the three trading strategies can be compared.  The combined AR(1)-VMA 

strategies perform best relative to the other two strategies in sub-sample I.  In sub-samples 

II, III and IV, however, VMA rules produce the highest average mean Buy-Sell spread and 
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TABLE XIIA 

RESULTS FOR COMBINED AR(1) MODEL AND TECHNICAL TRADING RULES 

SUMMARY SUB-SAMPLE RESULTS 

AR(1)+VMA 

 BUY SELL BUY-SELL 

SUB-SAMPLE I    

+  5 (0) 0 (0) 5 (5) 

-  0 (0) 5 (0) 0 (0) 

AVERAGE 0.00042 -0.00098 0.00140 

VMA AVERAGE 0.00048 -0.00068 0.00116 

AR(1) AVERAGE (1-DAY) 0.00025 -0.00034 0.00059 

SUB-SAMPLE II    

+ 5 (0) 3 (0) 3 (0) 

- 0 (0) 2 (0) 2 (0) 

AVERAGE 0.00033 0.00017 0.00016 

VMA AVERAGE 0.00043 -0.00059 0.00101 

AR(1) AVERAGE (1-DAY) -0.00020 0.00023 -0.00043 

SUB-SAMPLE III    

+ 3 (0) 1 (0) 4 (0) 

- 2 (0) 4 (0) 1 (0) 

AVERAGE -0.00004 -0.00016 0.00012 

VMA AVERAGE 0.00010 -0.00017 0.00027 

AR(1) AVERAGE (1-DAY) -0.00006 0.00009 -0.00016 

SUB-SAMPLE IV    

+ 1 (0) 5 (0) 0 (0) 

- 4 (0) 0 (0) 5 (2) 

AVERAGE -0.00020 0.00058 -0.00078 

VMA AVERAGE -0.00013 0.00027 -0.00041 

AR(1) AVERAGE (1-DAY) -0.00015 0.00038 -0.00052 

Continues on next page. 
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Continued from previous page. 

AR(1)+FMA 

 BUY SELL BUY-SELL 

SUB-SAMPLE I    

+ 5 (0) 0 (0) 5 (1) 

- 0 (0) 5 (0) 0 (0) 

AVERAGE 0.01313 -0.01157 0.02470 

FMA AVERAGE 0.01623 -0.01108 0.02731 

AR(1) AVERAGE (10-DAY) -0.00130 -0.00092 -0.00038 

SUB-SAMPLE II    

+ 4 (0) 0 (0) 5 (1) 

- 1 (0) 5 (2) 0 (0) 

AVERAGE 0.00959 -0.05206 0.06164 

FMA AVERAGE 0.00507 -0.02465 0.02972 

AR(1) AVERAGE (10-DAY) -0.00773 -0.00660 -0.00112 

SUB-SAMPLE III    

+ 1 (0) 2 (1) 3 (0) 

- 4 (0) 3 (0) 2 (0) 

AVERAGE -0.00063 -0.00236 0.00173 

FMA AVERAGE 0.00126 0.00011 0.00135 

AR(1) AVERAGE (10-DAY) -0.00024 0.00095 -0.00119 

SUB-SAMPLE IV    

+ 4 (0) 2 (2) 3 (1) 

- 1 (1) 3 (1) 2 (0) 

AVERAGE 0.00765 0.00427 0.00143 

FMA AVERAGE 0.00180 0.00038 0.00142 

AR(1) AVERAGE (10-DAY) -0.00125 -0.00095 -0.00030 

Continues on next page. 
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AR(1)+TRB 

 BUY SELL BUY-SELL 

SUB-SAMPLE I    

+ 3 (0) 0 (0) 3 (2) 

- 0 (0) 3 (0) 0 (0) 

AVERAGE 0.00669 -0.01319 0.02007 

TRB AVERAGE 0.00577 -0.01124 0.01701 

AR(1) AVERAGE (10-DAY) -0.00130 -0.00092 -0.00038 

SUB-SAMPLE II    

+ 3 (3) 0 (0) 3 (3) 

- 0 (0) 3 (0) 0 (0) 

AVERAGE 0.01938 -0.01346 0.03284 

TRB AVERAGE 0.01927 -0.01406 0.03334 

AR(1) AVERAGE (10-DAY) -0.00773 -0.00660 -0.00112 

SUB-SAMPLE III    

+ 0 (0) 0 (0) 2 (0) 

- 3 (0) 3 (0) 1 (0) 

AVERAGE -0.00277 -0.00426 0.00149 

TRB AVERAGE -0.00270 -0.00697 0.00427 

AR(1) AVERAGE (10-DAY) -0.00024 0.00095 -0.00119 

SUB-SAMPLE IV    

+ 0 (0) 3 (1) 0 (0) 

- 3 (0) 0 (0) 3 (1) 

AVERAGE -0.00407 0.00810 -0.01217 

TRB AVERAGE -0.00631 0.01065 -0.01696 

AR(1) AVERAGE (10-DAY) -0.00125 -0.00095 -0.00030 

+ (-) indicates the number of positive (negative) results and numbers in parenthesis show the number of 
results that are positive (negative) and significant at the 5% level.  

AVERAGE indicates the average return based on all variations of the trading rule.   
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are most successful.  The AR(1) model is the worst performer in sub-samples I, II and III 

whilst in sub-sample IV, it is the combined AR(1)-VMA rules that produce the lowest 

average mean Buy-Sell spread.  The combined AR(1)-VMA rules are the best performers in 

sub-sample I, but the worst performers in sub-sample IV.  This implies that combining the 

AR(1) model and VMA rules has the potential to generate profits above those possible by 

the other two individual strategies, but also the risk of producing even greater losses than 

those generated by the other two strategies.  In particular, we find that when both the VMA 

rule and AR(1) component of the combined strategy produce positive (negative) mean Buy 

differences and negative (positive) mean Sell differences, the potential of higher (lower) 

returns relative to the two individual strategies is greater.  When this condition is not 

satisfied, the AR(1)-VMA combined strategy simply produces returns that are between 

those obtained with the VMA rules and the AR(1) model.   

 

Sub-sample results for the AR(1)-FMA combined strategies show a different pattern in 

forecast power over time.  The AR(1)-FMA strategies perform best in sub-sample II, 

followed by sub-sample I, sub-sample IV and then worst in sub-sample III.  Since sub-

sample II represents a period of economic and financial instability, the results suggest that 

the AR(1)-FMA strategies are most successful in periods of economic adversity.  In 

particular, we find that these results are due to the AR(1)-FMA strategies are successful at 

detecting downward ASX movements as all five rules generate negative Sell differences in 

the sub-period, two of which are significant.   

 

Comparing our results for the AR(1)-FMA strategies against those obtained with the FMA 

rules and the AR(1) model, we find that the AR(1)-FMA rules perform best relative to the 

other two strategies in sub-samples II and IV, FMA rules perform best in sub-sample I and 
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the AR(1) model performs best in sub-sample III.  The AR(1) model is the worst performer 

in sub-samples I, II and IV whilst FMA rules perform worst in sub-sample III.  Because 

stock returns are most volatile in sub-samples II and IV, our results imply that combining 

FMA rules and the AR(1) model produces greater forecast accuracy in periods of economic 

and financial uncertainty.   

 

We now examine the sub-sample results for the AR(1)-TRB rules.  The trend in forecast 

power over time is similar to that observed for the AR(1)-FMA rules.  Since both the 

AR(1)-FMA and AR(1)-TRB rules maintain buy and hold positions for fixed 10-day 

holding periods following signal emissions, our results suggest that trading strategies with 

fixed holding periods tend to be more successful in volatile times.  Comparing our results 

for the AR(1)-TRB rules against the other two individual trading strategies, we find that the 

combined AR(1)-TRB rules perform best only in sub-period I.  In sub-period II, TRB rules 

perform best whilst in sub-periods III and IV, the AR(1) model performs best.  In this case, 

we find that combining the AR(1) model and TRB rules only produces greater forecast 

accuracy in the earlier parts of the sample.  In the later sub-periods, trading strategies based 

on the AR(1) model are more successful relative to the other two strategies simply because 

they generate smaller losses. 

 

Overall, our results suggest that the effects on forecast accuracy due to combining technical 

rules and the AR(1) model is subject to the type of technical rules used.  Our results 

indicate some benefits to combining MA type technical rules with the AR(1) model, but 

that the combination of TRB rules with the AR(1) model fails to produce improvements in 

forecast accuracy.   
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5.3.2 Combining Technical Trading Rules and the AR(1)-GARCH(1,1) Model 

Table XIII provides the full sample results for combining technical trading rules and the 

AR(1)-GARCH(1,1) model.  We begin by discussing results for the AR(1)-GARCH(1,1)-

VMA rules in Panel A.  Like the AR(1)-VMA rules, the AR(1)-GARCH(1,1)-VMA rules 

generate three positive and two negative Buy differences, although the average Buy is 

marginally higher at 0.00007.  However, a higher proportion of the AR(1)-GARCH(1,1)-

VMA rules generate mean Sell differences with the correct sign.  In this case, all Sells are 

negative whilst the AR(1)-VMA rules only generate three negative Sells.  As a result, our 

results show all five AR(1)-GARCH(1,1)-VMA rules generating positive mean Buy-Sell 

spreads in contrast to only three AR(1)-VMA rules with positive mean Buy-Sell spreads.   

 

Our results therefore suggest that the assumption of GARCH(1,1) errors provides some 

improvements to forecast accuracy.  This is not surprising considering that the AR(1)-

GARCH(1,1) model already shows an improvement over the AR(1) model in predicting 

future directional movements in the ASX over the full sample period.  This improvement in 

forecast accuracy already observed in the time-series forecasts is simply reflected in the 

combined trading strategies.  Our results also show that the AR(1)-GARCH(1,1)-VMA 

rules tend to perform worse than VMA rules, but better than the AR(1)-GARCH(1,1) rules.  

This implies that combining the AR(1)-GARCH(1,1) model with VMA rules do not lead to 

greater profits than possible with the two individual methods.   

 

We now discuss our results for the AR(1)-GARCH(1,1)-FMA rules provided in Panel B of 

Table XIII.  Our results show that the AR(1)-GARCH(1,1)-FMA rules perform better 

relative to the AR(1)-FMA rules.  Both the AR(1)-FMA and AR(1)-GARCH(1,1)-FMA 

rules generate positive mean Buy differences in all five cases.  However, the AR(1)- 
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TABLE XIII 

RESULTS FOR COMBINED AR(1)-GARCH(1,1) MODEL AND TECHNICAL TRADING RULES 

FULL SAMPLE                    1980:1:1 – 2002:12:31 

PANEL A:   AR(1)-GARCH(1,1) MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 2629 1599 0.00032 -0.00017 0.00049 

   (1.40159) (-0.62383) (1.59854) 

(1,150,0) 2921 1163 0.00007 -0.00020 0.00027 

   (0.30314) (-0.65154) (0.80355) 

(5,150,0) 2885 1119 0.00005 -0.00023 0.00027 

   (0.21426) (-0.72107) (0.80846) 

(1,200,0) 3001 1032 -0.00003 -0.00008 0.00005 

   (-0.12096) (-0.24473) (0.15383) 

(2,200,0) 3002 1029 -0.00004 -0.00007 0.00003 

   (-0.19683) (-0.22780) (0.09072) 

AVERAGE   0.00007 -0.00015 0.00022 

PANEL B:          AR(1)-GARCH(1,1) MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 87 89 0.00474 -0.01079** 0.01552** 

   (1.32341) (-3.04509) (3.24803) 

(1,150,0) 60 40 0.00682 -0.00634 0.01315* 

   (1.60661) (-1.23356) (2.03271) 

(5,150,0) 38 22 0.00614 -0.02557** 0.03171** 

   (1.16664) (-3.73214) (3.73378) 

(1,200,0) 56 26 0.00366 -0.00269 0.00635 

   (0.83418) (-0.42634) (0.84391) 

(2,200,0) 52 36 0.00589 -0.00592 0.01181 

   (1.29781) (-1.09658) (1.71839) 

AVERAGE   0.00545 -0.01026 0.01571 

Continues on next page. 
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PANEL C:          AR(1)-GARCH(1,1) MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 257 119 0.00388 -0.00254 0.00642 

   (1.70636) (-0.81637) (1.82704) 

(1,150,0) 201 60 0.00393 -0.00551 0.00943* 

   (1.56990) (-1.29791) (2.02307) 

(1,200,0) 175 50 0.00449 -0.00602 0.01052* 

   (1.69872) (-1.30309) (2.06877) 

AVERAGE   0.00410 -0.00469 0.00879 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   

 

GARCH(1,1)-FMA rules generate a higher average mean Buy difference at 0.00545 (as 

compared to 0.00508 as generated by the AR(1)-FMA rules).  All five AR(1)- 

GARCH(1,1)-FMA rules also generate negative mean Sell differences like the AR(1)-FMA 

rules, but the average mean Sell difference generated by the AR(1)-GARCH(1,1)-FMA 

rules generate a lower average mean Sell difference of -0.01026, as compared to an average 

mean Sell difference of 0.00019 generated by the AR(1)-FMA rules.  As such, the AR(1)-

GARCH(1,1)-FMA rules generate a  higher average mean Buy-Sell spread (0.01571) than 

that generated by the AR(1)-FMA rules (0.01371).  Our results also show that the AR(1)-

GARCH(1,1)-FMA rules tend to perform better than the AR(1)-GARCH(1,1) trading rules, 

but worse than the FMA rules.  Therefore, combining the AR(1)-GARCH(1,1) model with 

FMA rules in a single trading strategy does not lead to greater profits than possible by the 

individual methods. 
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The advantages of assuming GARCH(1,1) errors is again reflected in our results for the 

AR(1)-GARCH(1,1)-TRB rules.  As compared to the AR(1)-TRB rules, the AR(1)-

GARCH(1,1)-TRB rules generate a higher average mean Buy difference and a lower 

average mean Sell difference, resulting in a higher average mean Buy-Sell spread.  This 

average mean Buy-Sell spread of 0.00879 is higher than the average mean Buy-Sell spread 

of 0.00769 generated by TRB rules.  Our results therefore imply that combining TRB rules 

with the AR(1)-GARCH(1,1) model in a single trading strategy may produce greater 

forecast accuracy and hence, profitability.   

 

A summary of the sub-sample results is provided in Table XIIA and details are provided in 

Appendix 10.  Sub-sample results for the AR(1)-GARCH(1,1)-VMA rules are consistent 

with our earlier results for the AR(1)-VMA rules.  The combined AR(1)-GARCH(1,1)-

VMA rules only outperform VMA rules and the AR(1)-GARCH(1,1) model in sub-sample 

I whilst in the other sub-periods, VMA rules are the most successful.  We also observe a 

similar trend in forecast power over time.  Forecast power is most significant in sub-sample 

I, but loses significance over time until it is weakest in sub-sample IV.  When compared the 

AR(1)-VMA rules, we find that the AR(1)-GARCH(1,1)-VMA rules actually perform 

worse in sub-samples I, II and III and are only better in sub-sample IV because they 

generate a smaller negative average mean Buy-Sell spread.  These results are attributed to 

the relative performance of the AR(1) and the AR(1)-GARCH(1,1) models in the sub-

periods.  The AR(1) model outperforms the AR(1)-GARCH(1,1) model in sub-samples I, II 

and III whilst in sub-sample IV, the AR(1)-GARCH(1,1) model is relatively better because 

it produces smaller losses.   

 



 125 

TABLE XIIIA 

RESULTS FOR COMBINED AR(1)-GARCH(1,1) MODEL AND TECHNICAL TRADING RULES 

SUMMARY OF SUB-SAMPLE RESULTS 

AR(1)-GARCH(1,1)+VMA 

 BUY SELL BUY-SELL 

SUB-SAMPLE I    

+  5 (0) 0 (0) 5 (5) 

-  0 (0) 5 (0) 0 (0) 

AVERAGE 0.00046 -0.00098 0.00144 

VMA AVERAGE 0.00048 -0.00068 0.00116 

AR(1) GARCH(1,1) 0.00025 -0.00026 0.00059 

SUB-SAMPLE II    

+ 5 (0) 3 (0) 3 (0) 

- 0 (0)  2 (0) 2 (0) 

AVERAGE 0.00031 0.00013 0.00019 

VMA AVERAGE 0.00043 -0.00059 0.00101 

AR(1)-GARCH(1,1) -0.00021 0.00031 -0.00052 

SUB-SAMPLE III    

+ 1 (0) 1 (0) 5 (0) 

- 4 (0) 4 (0) 0 (0) 

AVERAGE -0.00008 -0.00001 -0.00010 

VMA AVERAGE 0.00010 -0.00017 0.00027 

AR(1)-GARCH(1,1)  -0.00017 0.00025 -0.00042 

SUB-SAMPLE IV    

+ 1 (0) 4 (0) 5 (1) 

- 4 (0) 1 (0) 0 (0) 

AVERAGE 0.00007 -0.00145 0.00151 

VMA AVERAGE -0.00013 0.00027 -0.00041 

AR(1)-GARCH(1,1)  -0.00017 0.00039 -0.00056 

Continues on next page. 
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AR(1)-GARCH(1,1)+FMA 

 BUY SELL BUY-SELL 

SUB-SAMPLE I    

+ 5 (1) 0 (0) 5 (2) 

- 0 (0) 5 (0) 0 (0) 

AVERAGE 0.01631 -0.01130 0.02760 

FMA AVERAGE 0.01623 -0.01108 0.02731 

AR(1)-GARCH(1,1)  0.00064 -0.00098 0.00162 

SUB-SAMPLE II    

+ 4 (0) 0 (0) 5 (1) 

- 1 (0) 5 (1) 0 (0) 

AVERAGE 0.00699 -0.03542 0.04241 

FMA AVERAGE 0.00507 -0.02465 0.02972 

AR(1)-GARCH(1,1)  -0.00307 0.00355 -0.00661 

SUB-SAMPLE III    

+ 1 (0) 2 (0) 2 (1) 

- 4 (0) 3 (1) 3 (0) 

AVERAGE -0.00161 -0.00686 0.00525 

FMA AVERAGE 0.00126 0.00011 0.00135 

AR(1)-GARCH(1,1) ( -0.00043 0.00164 -0.00207 

SUB-SAMPLE IV    

+ 4 (0) 2 (1) 3 (1) 

- 1 (1) 3 (1) 2 (0) 

AVERAGE 0.00007 -0.00145 0.00151 

FMA AVERAGE 0.00180 0.00038 0.00142 

AR(1)-GARCH(1,1)  -0.00073 0.00149 -0.00222 

Continues on next page. 
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AR(1)-GARCH(1,1)+TRB 

 BUY SELL BUY-SELL 

SUB-SAMPLE I    

+ 3 (0) 0 (0) 3 (3) 

- 0 (0) 3 (1) 0 (0) 

AVERAGE 0.00643 -0.01396 0.02040 

TRB AVERAGE 0.00577 -0.01124 0.01701 

AR(1)-GARCH(1,1)  0.00064 -0.00098 0.00162 

SUB-SAMPLE II    

+ 3 (0) 0 (0) 3 (2) 

- 0 (0) 3 (0) 0 (0) 

AVERAGE 0.02005 -0.01239 0.03249 

TRB AVERAGE 0.01927 -0.01406 0.03334 

AR(1)-GARCH(1,1)  -0.00307 0.00355 -0.00661 

SUB-SAMPLE III    

+ 0 (0) 1 (0) 2 (0) 

- 3 (0) 2 (0) 1 (0) 

AVERAGE -0.00274 -0.00256 0.00140 

TRB AVERAGE -0.00270 -0.00697 0.00427 

AR(1)-GARCH(1,1)  -0.00043 0.00164 -0.00207 

SUB-SAMPLE IV    

+ 0 (0) 3 (2) 0 (0) 

- 3 (0) 0 (0) 3 (3) 

AVERAGE -0.00412 0.01119 -0.01531 

TRB AVERAGE -0.00631 0.01065 -0.01696 

AR(1)-GARCH(1,1)  -0.00073 0.00149 -0.00222 

+ (-) indicates the number of positive (negative) results and numbers in parenthesis show the number of 
results that are positive (negative) and significant at the 5% level.  

AVERAGE indicates the average return based on all variations of the trading rule.   
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The benefits of combining the AR(1)-GARCH(1,1) model and FMA rules are more 

pronounced.  Our results show that the AR(1)-GARCH(1,1)-FMA rules outperform the 

other two individual trading strategies in all sub-samples.  Therefore, unlike our results for 

the AR(1)-GARCH(1,1)-VMA rules, we find improvements in forecast accuracy by 

combining the AR(1)-GARCH(1,1) model and FMA rules. 

 

On the contrary, our sub-sample results for the AR(1)-GARCH(1,1)-TRB rules indicate 

otherwise.  As with the case for the AR(1)-GARCH(1,1)-VMA rules, the combination of 

the AR(1)-GARCH(1,1) model and TRB rules only outperform the other two individual 

strategies in sub-period I.  In sub-periods II and III, TRB rules are most profitable whilst in 

sub-periods and IV, the AR(1)-GARCH(1,1) model is relatively better as it produces the 

lowest negative Buy-Sell spreads.   

 

Again, our results suggest that the effect on forecast accuracy by combining technical 

trading rules and the AR(1)-GARCH(1,1) model is dependent on which type of technical 

rules are used in the combination.  Improvements in forecast accuracy can be observed 

when MA rules – especially the FMA rules – whilst there appears to be no benefits to 

combining TRB rules with the AR(1)-GARCH(1,1) model.  

 

5.3.3 Combining Technical Trading Rules and the AR(1)-GARCH(1,1)-M Model 

Full sample results for testing the combined strategy based on the AR(1)-GARCH(1,1)-M 

model and technical trading rules are presented in Table XIV.  Panel A presents the results 

for testing the AR(1)-GARCH(1,1)-M-VMA rules.  We observe an increase in profitability 

relative to the AR(1)-GARCH(1,1)-VMA rules.  All 5 mean Buy-Sell differences are 

positive and in this case, one of the results is significant at the 5 percent level.  The average 
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mean Buy-Sell spread generated by the AR(1)-GARCH(1,1)-M-VMA rules is also higher 

at 0.00039 compared to an average of only 0.00022 generated by the AR(1)-GARCH(1,1)-

VMA rules.   

 

However, the AR(1)-GARCH(1,1)-M-VMA rules still perform weaker than the VMA rules 

in detecting future directional movements in share prices.  Recall that all five VMA rules 

without the band generate positive mean Buy-Sell differences and of these, the VMA (1-50-

0) generated a mean Buy-Sell spread that is significant at the 1 percent level.  The AR(1)-

GARCH(1,1)-M-VMA (1-50-0) rule only generated a positive mean Buy-Sell spread 

significant at the 5 percent level.  When compared to the AR(1)-GARCH(1,1)-M rules, 

however, the AR(1)-GARCH(1,1)-M-VMA rules tend to perform better.  Again, our results 

show that combining the AR(1)-GARCH(1,1)-M model with VMA rules does not generate 

greater profits than possible by the individual trading methods.  

 

In contrast, our results for the AR(1)-GARCH(1,1)-M-FMA rules show lower profitability 

levels relative to the AR(1)-GARCH(1,1)-FMA rules.  When we look at the results for the 

AR(1)-GARCH(1,1) and AR(1)-GARCH(1,1)-M models, we find that the AR(1)-

GARCH(1,1)-M model still outperforms the AR(1)-GARCH(1,1) model over the full 

sample period.  However, the results are reversed when the models are combined with 

FMA rules.  In fact, we find the AR(1)-GARCH(1,1)-M-FMA rules even less profitable 

than the AR(1)-FMA rules!  We imagine that this is due to the way in which the combined 

strategies with fixed 10-day holding periods are structured.  The assumption of a linear 

relationship between the conditional mean and conditional variance does not work as well 

with FMA rules, possibly due to the requirement that buy and sell positions are maintained 

for fixed holding periods following signal emissions. 
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TABLE XIV 

RESULTS FOR COMBINED AR(1)-GARCH(1,1)-M MODEL AND TECHNICAL TRADING RULES 

FULL SAMPLE                    1980:1:1 – 2002:12:31 

PANEL A:  AR(1)-GARCH(1,1)-M MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) 
RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 2408 1613 0.00038 -0.00028 0.00065* 

   (1.62014) (-1.01709) (2.11531) 

(1,150,0) 2524 1197 0.00022 -0.00006 0.00029 

   (0.97750) (-0.21134) (0.85739) 

(5,150,0) 2496 1161 0.00019 -0.00012 0.00031 

   (0.80463) (-0.39601) (0.90256) 

(1,200,0) 2625 1114 0.00011 -0.00026 0.00037 

   (0.49013) (-0.82232) (1.07664) 

(2,200,0) 2621 1106 0.00009 -0.00027 0.00035 

   (0.38665) (-0.84475) (1.02855) 

AVERAGE   0.00020 -0.00020 0.00039 

PANEL B:          AR(1)-GARCH(1,1)-M MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 76 81 0.00252 -0.00300 0.00552 

   (0.66305) (-0.81063) (1.09286) 

(1,150,0) 47 51 0.00611 -0.00045 0.00656 

   (1.28351) (-0.09899) (1.02346) 

(5,150,0) 29 29 0.00663 -0.00946 0.01609 

   (1.10683) (-1.57886) (1.93322) 

(1,200,0) 48 36 0.00333 -0.00136 0.00469 

   (0.70619) (-0.25258) (0.67118) 

(2,200,0) 43 40 0.00667 -0.00030 0.00697 

   (1.34403) (-0.05788) (1.00051) 

AVERAGE   0.00505 -0.00291 0.00797 

Continues on next page. 
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PANEL C:          AR(1)-GARCH(1,1)-M MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 249 127 0.00298 -0.00300 0.00598 

   (1.29503) (-0.99046) (1.72968) 

(1,150,0) 180 59 0.00379 -0.00103 0.00482 

   (1.44768) (-0.24144) (1.01333) 

(1,200,0) 161 52 0.00454 -0.00428 0.00883 

   (1.65866) (-0.94447) (1.74575) 

AVERAGE   0.00377 -0.00277 0.00654 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   

 

This conclusion that the AR(1)-GARCH(1,1)-M model does not work well with technical 

rules that maintain buy and sell positions for fixed holding periods is also supported by our 

results for the AR(1)-GARCH(1,1)-M-TRB rules.  The AR(1)-GARCH(1,1)-M-TRB rules 

generate fewer positive mean Buy-Sell spreads relative to the AR(1)-GARCH(1,1)-TRB 

rules and a lower average mean Buy-Sell spread.  Again, when compared to the AR(1)-

TRB rules, the AR(1)-GARCH(1,1)-M-TRB rules also perform worse.  All the AR(1)-TRB 

and AR(1)-GARCH(1,1)-M-TRB rules also produce positive mean Buy-Sell spreads, but 

one of the positive results by the AR(1)-TRB rules is significant whilst none by the AR(1)-

GARCH(1,1)-M-TRB rules are significant.  Further, the average mean Buy-Sell spread by 

the AR(1)-TRB rules is higher than that produced by the AR(1)-GARCH(1,1)-M-TRB 

rules.  
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Table XIVA presents a summary of the sub-sample results for testing the combined AR(1)-

GARCH(1,1)-M trading strategies and detailed results are provided in Appendix 11.  The 

combined AR(1)-GARCH(1,1)-VMA rules outperform VMA rules and the AR(1)-

GARCH(1,1) model in sub-samples I and III.  In contrast, the AR(1)-VMA and AR(1)-

GARCH(1,1)-VMA rules only outperform VMA rules and the time-series models in sub-

sample I.  Our results therefore suggest that the benefits of combining VMA rules and the 

AR(1)-GARCH(1,1)-M model outweigh those of combining VMA rules and the AR(1) 

model as well as the AR(1)-GARCH(1,1) model.  

 

Sub-sample results for the combined AR(1)-GARCH(1,1)-M-FMA rules, on the other 

hand, show the combined strategies outperforming the two individual strategies in sub-

samples II and IV.  In this sense, the sub-sample results are consistent with those for the 

AR(1)-GARCH(1,1)-FMA rules.  Our sub-sample results for combining MA rules and the 

AR(1)-GARCH(1,1)-M model are therefore very interesting.  When buy and sell positions 

are maintained for only 1 day following signal emissions, combining MA rules and the 

AR(1)-GARCH(1,1)-M model outperforms the two individual strategies in periods of low 

volatility.  However, when buy and sell positions are maintained for fixed 10-day holding 

periods following signal emissions, the combination of MA rules and the AR(1)-

GARCH(1,1)-M model outperforms the other two individual strategies in periods of high 

volatility.   

 

Results for the combined AR(1)-GARCH(1,1)-M-TRB rules are consistent with our earlier 

results for the combined AR(1)-TRB and AR(1)-GARCH(1,1)-TRB rules.  The combined 

AR(1)-GARCH(1,1)-M-TRB rules only outperform TRB rules and the AR(1)-

GARCH(1,1)-M model in sub-sample I.  In sub-sample II, TRB rules perform best whilst in  
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TABLE XIVA 

RESULTS FOR COMBINED AR(1)-GARCH(1,1)-M MODEL AND TECHNICAL TRADING 
RULES 

SUMMARY OF SUB-SAMPLE RESULTS 

AR(1)-GARCH(1,1)-M+VMA 

 BUY SELL BUY-SELL 

SUB-SAMPLE I    

+  5 (0) 0 (0) 5 (5) 

-  0 (0) 5 (4) 0 (0) 

AVERAGE 0.00051 -0.00127 0.00178 

VMA AVERAGE 0.00048 -0.00068 0.00116 

AR(1)-GARCH(1,1)-M 0.00035 -0.00052 0.00088 

SUB-SAMPLE II    

+ 5 (0) 4 (0) 5 (0) 

- 0 (0) 1 (0) 0 (0) 

AVERAGE 0.00091 0.00039 0.00052 

VMA AVERAGE 0.00043 -0.00059 0.00101 

AR(1)-GARCH(1,1)-M -0.00006 0.00004 -0.00010 

SUB-SAMPLE III    

+ 1 (0) 5 (0) 5 (0) 

- 4 (0) 0 (0) 0 (0) 

AVERAGE -0.00005 -0.00046 0.00041 

VMA AVERAGE 0.00010 -0.00017 0.00027 

AR(1)-GARCH(1,1)-M  -0.00001 -0.00016 0.00016 

SUB-SAMPLE IV    

+ 1 (0) 4 (0) 1 (0) 

- 4 (0) 1 (0) 4 (0) 

AVERAGE -0.00018 0.00050 -0.00068 

VMA AVERAGE -0.00013 0.00027 -0.00041 

AR(1)-GARCH(1,1)-M  -0.00005 0.00019 -0.00029 

Continues on next page. 
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AR(1)-GARCH(1,1)-M+FMA 

 BUY SELL BUY-SELL 

SUB-SAMPLE I    

+ 5 (1) 0 (0) 5 (1) 

- 0 (0) 5 (0) 0 (0) 

AVERAGE 0.01569 -0.00691 0.02260 

FMA AVERAGE 0.01623 -0.01108 0.02731 

AR(1)-GARCH(1,1)-M  0.00047 -0.00376 0.00505 

SUB-SAMPLE II    

+ 4 (0) 0 (0) 4 (1) 

- 1 (0) 5 (1) 1 (0) 

AVERAGE 0.00524 -0.01467 0.01991 

FMA AVERAGE 0.00507 -0.02465 0.02972 

AR(1)-GARCH(1,1)-M  -0.00202 0.00643 -0.00845 

SUB-SAMPLE III    

+ 3 (0) 2 (1) 3 (0) 

- 2 (0) 3 (0) 2 (0) 

AVERAGE 0.00679 0.01246 -0.00568 

FMA AVERAGE 0.00126 0.00011 0.00135 

AR(1)-GARCH(1,1)-M ( 0.00026 -0.00208 0.00234 

SUB-SAMPLE IV    

+ 3 (0) 2 (0) 5 (0) 

- 2 (0) 3 (0) 0 (0) 

AVERAGE 0.00350 -0.00102 0.00452 

FMA AVERAGE 0.00180 0.00038 0.00142 

AR(1)-GARCH(1,1)-M  -0.00150 0.00123 -0.00272 

Continues on next page. 
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AR(1)-GARCH(1,1)-M+TRB 

 BUY SELL BUY-SELL 

SUB-SAMPLE I    

+ 3 (1) 0 (0) 3 (1) 

- 0 (0) 3 (0) 0 (0) 

AVERAGE 0.01037 -0.00824 0.01861 

TRB AVERAGE 0.00577 -0.01124 0.01701 

AR(1)-GARCH(1,1)-M  0.00047 -0.00376 0.00505 

SUB-SAMPLE II    

+ 3 (3) 0 (0) 3 (1) 

- 0 (0) 3 (0) 0 (0) 

AVERAGE 0.01915 -0.00551 0.02500 

TRB AVERAGE 0.01927 -0.01406 0.03334 

AR(1)-GARCH(1,1)-M  -0.00202 0.00643 -0.00845 

SUB-SAMPLE III    

+ 0 (0) 0 (0) 1 (0) 

- 3 (0) 3 (0) 2 (0) 

AVERAGE -0.00868 -0.00845 -0.00023 

TRB AVERAGE -0.00270 -0.00697 0.00427 

AR(1)-GARCH(1,1)-M  0.00026 -0.00208 0.00234 

SUB-SAMPLE IV    

+ 0 (0) 3 (1) 0 (0) 

- 3 (0) 0 (0) 3 (2) 

AVERAGE -0.00429 0.00968 -0.01396 

TRB AVERAGE -0.00631 0.01065 -0.01696 

AR(1)-GARCH(1,1)-M  -0.00150 0.00123 -0.00272 

+ (-) indicates the number of positive (negative) results and numbers in parenthesis show the number of 
results that are positive (negative) and significant at the 5% level.  

AVERAGE indicates the average return based on all variations of the trading rule.   
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sub-samples III and IV, the AR(1)-GARCH(1,1) model is most profitable.  Our results 

therefore support the hypothesis that combining TRB rules and the AR(1)-GARCH(1,1)-M 

model does not improve forecast accuracy. 

 

5.3.4 Combining Technical Trading Rules and the AR(1)-EGARCH(1,1) Model 

Table XV presents the full sample results for testing the combined AR(1)-EGARCH(1,1) 

trading strategies.  We first discuss the results for the combined AR(1)-EGARCH(1,1)-

VMA strategies, which are presented in Panel A.  Like the AR(1)-GARCH(1,1)-M-VMA 

rules, Buy-Sell is all positive and one of the results is significant at the 5 percent level.  

However, the average mean Buy-Sell spread is only 0.00026, which is lower than the 

0.00039 average generated by the AR(1)-GARCH(1,1)-M-VMA rules.  Nevertheless, the 

AR(1)-EGARCH(1,1)-VMA strategies still outperform the AR(1)-GARCH(1,1)-VMA 

rules and AR(1)-VMA rules in terms of profitability.  We attribute the relative performance 

of the combined time-series-VMA strategies to that of the time-series models.  With 

reference back to Table XI, which presents results for the time-series models, we find that 

the AR(1)-EGARCH(1,1) model is less profitable than the AR(1)-GARCH(1,1)-M model, 

but better than the AR(1) and AR(1)-GARCH(1,1) models as it generates less losses.  

 

The AR(1)-EGARCH(1,1)-FMA rules generate more significantly positive mean Buy-Sell 

spreads than the AR(1)-GARCH(1,1)-M-FMA and AR(1)-FMA rules, but fewer than the 

AR(1)-GARCH(1,1)-FMA rules.  However, the average mean Buy-Sell spread generated 

by the AR(1)-EGARCH(1,1)-FMA rules is not only that produced by the AR(1)-

GARCH(1,1)-FMA rules, but also that produced by the AR(1)-FMA rules.  When we 

examine the individual mean Buy-Sell spreads, we find that the AR(1)-FMA rules tend to 
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generate larger Buy-Sell spreads than the AR(1)-EGARCH(1,1)-FMA rules even though 

many are not significant. 

 

Results for the AR(1)-EGARCH(1,1)-TRB rules in Panel C show all three rules generating 

a positive mean Buy-Sell spread with one of the positive results significant.  This implies 

that the AR(1)-EGARCH(1,1)-TRB rules are more profitable than the AR(1)-

GARCH(1,1)-M-TRB rules, which only produce insignificantly positive mean Buy-Sell 

spreads.  A comparison of the average mean Buy-Sell spread by the two types of combined 

TRB strategies also supports the AR(1)-EGARCH(1,1)-TRB rules being more profitable.  

Compared to the AR(1)-TRB and AR(1)-GARCH(1,1)-TRB rules, however, the AR(1)-

EGARCH(1,1)-TRB rules are less profitable.  We find the other two combined TRB 

strategies generating more significant and positive Buy-Sell spreads and also higher 

average spreads.  

 

Table XVA provides a summary of the sub-sample results for testing the AR(1)-

EGARCH(1,1) combined strategies.  Detailed results are provided in Appendix 12.  We 

first look at the results for the AR(1)-EGARCH(1,1)-VMA rules.  The combined AR(1)-

EGARCH(1,1)-VMA rules only outperform the other two individual strategies in sub-

period I whilst in sub-period IV, they are the least profitable.  Again, our results suggest 

that combining the AR(1)-EGARCH(1,1) model and VMA rules has the potential to 

generate higher positive returns than possible with either VMA rules or the AR(1)-

EGARCH(1,1) model individually, but also the potential to produce lower negative returns 

than either individual method. 
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TABLE XV 

RESULTS FOR COMBINED AR(1)-EGARCH(1,1) MODEL AND TECHNICAL TRADING RULES 

FULL SAMPLE                    1980:1:1 – 2002:12:31 

PANEL A:  AR(1)-EGARCH(1,1) MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 2635 1613 0.00028 -0.00033 0.00062* 

   (1.25845) (-1.23124) (2.03605) 

(1,150,0) 2829 1200 0.00012 -0.00012 0.00024 

   (0.53464) (-0.39336) (0.71956) 

(5,150,0) 2802 1165 0.00009 -0.00015 0.00025 

   (0.42439) (-0.48900) (0.73189) 

(1,200,0) 2897 1097 0.00006 -0.00005 0.00011 

   (0.26288) (-0.15750) (0.31566) 

(2,200,0) 2896 1092 0.00004 -0.00004 0.00008 

   (0.19876) (-0.11630) (0.23591) 

AVERAGE   0.00012 -0.00014 0.00026 

PANEL B:          AR(1)-EGARCH(1,1) MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 85 86 0.00165 -0.01150** 0.01315** 

   (0.45667) (-3.19580) (2.71196) 

(1,150,0) 50 49 0.00722 -0.00342 0.01065 

   (1.56259) (-0.73400) (1.67059) 

(5,150,0) 31 22 0.00796 -0.02354** 0.03150** 

   (1.37132) (-3.43590) (3.56417) 

(1,200,0) 46 33 0.00146 -0.00103 0.00249 

   (0.30394) (-0.18359) (0.34497) 

(2,200,0) 48 37 0.00499 -0.00321 0.00820 

   (1.05883) (-0.60266) (1.18251) 

AVERAGE   0.00466 -0.00854 0.01320 

Continues on next page. 
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PANEL C:          AR(1)-EGARCH(1,1) MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 260 129 0.00387 -0.00421 0.00808* 

   (1.70870) (-1.39940) (2.36579) 

(1,150,0) 202 61 0.00352 -0.00127 0.00479 

   (1.41106) (-0.30078) (1.03411) 

(1,200,0) 173 50 0.00456 -0.00293 0.00749 

   (1.71546) (-0.63365) (1.47123) 

AVERAGE   0.00398 -0.00280 0.00679 

bN  and bN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   

 

Generally, we find that when both VMA rules and the time-series model produce positive 

(negative) mean Buy differences and negative (positive) Sell differences, the combined 

time-series-VMA strategy is likely to be more (less) profitable than either of the individual 

methods.  On the contrary, when one trading strategy is profitable and produces positive 

returns whilst the other strategy generates losses, the strategy that is based on combining 

the two individual methods tend to produce returns that are in between the two methods 

(i.e. lower than the profitable strategy but higher than the unprofitable strategy).  

 

Sub-sample results for the AR(1)-EGARCH(1,1)-FMA rules are consistent with those for 

the AR(1)-FMA rules and AR(1)-GARCH(1,1)-M-FMA rules.  The combined strategies 

outperform both individual methods in two most volatile sub-periods, II and IV.  Our 
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TABLE XVA 

RESULTS FOR COMBINED AR(1)-EGARCH(1,1) MODEL AND TECHNICAL TRADING RULES 

SUMMARY OF SUB-SAMPLE RESULTS 

AR(1)-EGARCH(1,1)+VMA 

 BUY SELL BUY-SELL 

SUB-SAMPLE I    

+  5 (0) 0 (0) 5 (5) 

-  0 (0) 5 (1) 0 (0) 

AVERAGE 0.00046 -0.00099 0.00146 

VMA AVERAGE 0.00048 -0.00068 0.00116 

AR(1)-EGARCH(1,1) 0.00029 -0.00043 0.00072 

SUB-SAMPLE II    

+ 5 (0) 2 (0) 3 (0) 

- 0 (0) 3 (0) 2 (0) 

AVERAGE 0.00037 -0.00003 0.00040 

VMA AVERAGE 0.00043 -0.00059 0.00101 

AR(1)-EGARCH(1,1) -0.00010 0.00018 -0.00030 

SUB-SAMPLE III    

+ 3 (0) 1 (0) 4 (0) 

- 2 (0) 4 (0) 1 (0) 

AVERAGE 0.00001 -0.00010 0.00011 

VMA AVERAGE 0.00010 -0.00017 0.00027 

AR(1)-EGARCH(1,1)  -0.00005 0.00006 -0.00010 

SUB-SAMPLE IV    

+ 1 (0) 5 (0) 1 (0) 

- 4 (0) 0 (0) 4 (1) 

AVERAGE -0.00012 0.00053 -0.00065 

VMA AVERAGE -0.00013 0.00027 -0.00041 

AR(1)-EGARCH(1,1)  -0.00010 0.00020 -0.00030 

Continues on next page. 
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Continued from previous page. 

AR(1)-EGARCH(1,1)+FMA 

 BUY SELL BUY-SELL 

SUB-SAMPLE I    

+ 5 (0) 0 (0) 5 (1) 

- 0 (0) 5 (0) 0 (0) 

AVERAGE 0.01306 -0.01104 0.02409 

FMA AVERAGE 0.01623 -0.01108 0.02731 

AR(1)-EGARCH(1,1)  -0.00118 -0.00095 -0.00022 

SUB-SAMPLE II    

+ 4 (0) 0 (0) 5 (1) 

- 1 (0) 5 (2) 0 (0) 

AVERAGE 0.00894 -0.03874 0.04768 

FMA AVERAGE 0.00507 -0.02465 0.02972 

AR(1)-EGARCH(1,1)  -0.00690 -0.00560 -0.00130 

SUB-SAMPLE III    

+ 1 (0) 2 (0) 2 (0) 

- 4 (0) 3 (0) 3 (0) 

AVERAGE -0.00153 -0.00019 -0.00314 

FMA AVERAGE 0.00126 0.00011 0.00135 

AR(1)-EGARCH(1,1) ( -0.00069 0.00022 -0.00091 

SUB-SAMPLE IV    

+ 4 (0) 2 (0) 3 (1) 

- 1 (0) 3 (1) 2 (0) 

AVERAGE 0.00387 -0.00217 0.00604 

FMA AVERAGE 0.00180 0.00038 0.00142 

AR(1)-EGARCH(1,1)  -0.00236 -0.00112 -0.00124 

Continues on next page. 
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Continued from previous page. 

AR(1)-EGARCH(1,1)+TRB 

 BUY SELL BUY-SELL 

SUB-SAMPLE I    

+ 3 (0) 0 (0) 3 (3) 

- 0 (0) 3 (0) 0 (0) 

AVERAGE 0.00682 -0.01364 0.02046 

TRB AVERAGE 0.00577 -0.01124 0.01701 

AR(1)-EGARCH(1,1)  -0.00118 -0.00095 -0.00022 

SUB-SAMPLE II    

+ 3 (3) 0 (0) 3 (2) 

- 0 (0) 3 (0) 0 (0) 

AVERAGE 0.01997 -0.01095 0.03092 

TRB AVERAGE 0.01927 -0.01406 0.03334 

AR(1)-EGARCH(1,1)  -0.00690 -0.00560 -0.00130 

SUB-SAMPLE III    

+ 0 (0) 0 (0) 2 (0) 

- 3 (0) 3 (0) 1 (0) 

AVERAGE -0.00260 -0.00444 0.00185 

TRB AVERAGE -0.00270 -0.00697 0.00427 

AR(1)-EGARCH(1,1)  -0.00069 0.00022 -0.00091 

SUB-SAMPLE IV    

+ 0 (0) 3 (2) 0 (0) 

- 3 (0) 0 (0) 3 (2) 

AVERAGE -0.00406 0.01114 -0.01520 

TRB AVERAGE -0.00631 0.01065 -0.01696 

AR(1)-EGARCH(1,1)  -0.00236 -0.00112 -0.00124 

+ (-) indicates the number of positive (negative) results and numbers in parenthesis show the number of 
results that are positive (negative) and significant at the 5% level.  

AVERAGE indicates the average return based on all variations of the trading rule.   
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results are again consistent with the combined strategy being most successful in periods of 

high volatility. 

 

Sub-sample results for the AR(1)-EGARCH(1,1)-TRB rules are also similar with our 

earlier results.  The combined strategies only outperform the other two individual methods 

in sub-period I whilst they are slightly less profitable than TRB rules in sub-period II.  In 

sub-period III and IV, the AR(1)-EGARCH(1,1) model is preferred since it generates the 

smallest losses.  Implications based on our results for combining the AR(1)-EGARCH(1,1) 

model with TRB rules are therefore similar to those for combining TRB rules with the other 

time-series models – there are few benefits to forecast accuracy, if any, by combining TRB 

rules with time-series models.  

 

5.4 Conclusions 

In this chapter, we examine trading strategies that combine technical trading rules and time-

series models.  Specifically, we examine various combinations of the three types of 

technical trading rules tested earlier in this thesis – VMA, FMA and TRB rules – and the 

four linear time-series models tested earlier – AR(1), AR(1)-GARCH(1,1), AR(1)-

GARCH(1,1)-M and AR(1)-EGARCH(1,1) models.  By testing the combined trading 

strategies, we seek to determine if combining two individual trading strategies – time series 

models and technical trading rules – in a single strategy leads to an improvement in forecast 

accuracy as claimed by Fang and Xu (2003) and implied by Armstrong (1989) and Clemen 

(1989). 

 

Our results indicate that the potential for combined strategies to outperform technical 

trading rules and time-series models depends on a number of factors – (i) the relative 
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performance of the technical trading rule and the time-series model components in the 

combined strategy, (ii) which type of technical trading rule is used in the combination and 

(iii) which type of time-series model is used in the combination.  The relative performance 

of the technical trading rule and time-series model components in the combined strategy is 

important in determining whether the combined strategy is able to produce even higher 

returns (or lower losses!) than either individual trading method.  Our results show that the 

combined strategies are always able to outperform technical trading rules and time-series 

models in the first sub-period, which ranges from 1 January 1980 to 30 September 1985.  

At the same time, we also find that combined strategies perform worse than the two 

individual methods in the sub-sample IV, which ranges from 1 April 1997 to 31 December 

2002.  When we examine the results for technical trading rules and time-series models in 

sub-period I, we find that two methods generally successful at predicting upward and 

downward future ASX movements and that they produce positive mean Buy-Sell spreads.  

The results for sub-period IV show both technical trading rules and time-series models 

producing negative Buys and positive Sells such that significant losses are made.  In sub-

periods II and III, technical rules are generally more successful than time-series models and 

combined strategies simply generate profits that are in between that of technical rules and 

time-series models.  Based on these results, we conclude that the ability of combined 

strategies to produce even higher profits (or lower losses for that matter) is dependent on 

whether the two component strategies are equally successful (or unsuccessful) at predicting 

future directional movements in the ASX. 

 

The type of technical trading rule used in the combined trading strategy is also of 

significance.  Strategies that combine time-series models with FMA rules are generally 

more successful at generating higher profits than the two individual trading strategies.  In 
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contrast, the potential of an improvement in forecast accuracy is dramatically reduced if the 

trading strategies involve combining time-series models with TRB rules.  Generally, our 

results suggest that time-series models combined with MA rules work better than when 

they are combined with TRB rules.  TRB rules are based on the comparison of current 

prices with maximum and minimum price levels whilst MA rules emit signals based on the 

comparison of short-run and long-run moving averages.  Our time-series models include an 

AR(1) component in the conditional mean equation, which allows stock returns in the 

previous period to affect current stock returns.  One possible explanation for our results is 

that MA rules capture some characteristic of time-dependent means with the use of moving 

averages and hence, are able to work better when combined with the time-series models. 

 

The type of time-series model used in the combination is another factor that affects the 

ability of combined strategies to outperform both technical rules and time-series models.  

Although this is a less important consideration that the type of technical rules used for 

combining, it still influences the performance of combined strategies to some extent.  We 

find that technical rules combined with the AR(1)-GARCH(1,1)-M model tend to be most 

successful, followed by those combined with the AR(1)-EGARCH(1,1) model, the AR(1) 

model and then the AR(1)-GARCH(1,1) model.  This ranking of the combined rules is very 

similar to our earlier ranking for the time-series trading strategies.  The GARCH(1,1)-M 

model is the most successful, followed by the EGARCH(1,1) model, the AR(1) model and 

the AR(1)-GARCH(1,1) model.  Again, this reinforces our argument that the relative 

performance of the technical rule and time-series model components is important in 

determining whether combining the two forecast methods leads to an improvement in 

forecast accuracy. 
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Nevertheless, when we consider our overall full and sub sample results for the various 

combined trading strategies, we find little support for Fang and Xu’s (2003) argument that 

the combination of technical trading rules and time-series models leads to a trading strategy 

that is significantly more profitable than either individual trading methods.  Instead, we find 

that technical trading rules are generally more profitable in the early parts of the sample 

whilst time-series models are relatively better in the later parts of the sample simply 

because they generate smaller losses!  Our results therefore also contradict Armstrong’s 

(1989) and Clemen’s (1989) arguments that combining individual forecasts leads to an 

improvement in forecast accuracy.  
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CHAPTER 6 

CONCLUSIONS 

 

In this thesis, we examined and compared three trading strategies: (i) technical trading 

rules, (ii) time-series trading rules and (iii) combined technical and time-series trading 

rules.  Technical trading rules refer to ad-hoc rules that emit buy and sell signals by 

detecting trends and patterns in past prices.  These trading strategies are advocated by the 

private sector, although the academic community has traditionally doubted their validity 

due to their lack of theoretical foundations.  Instead, the academic community has 

traditionally preferred to use time-series models when examining if the future directional 

movements in stock prices are predictable.  We are interested in evaluating whether the 

viewpoints of the private sector or those of the academic community are valid.  Hence, we 

examined trading strategies that are based on the forecasts of some univariate time-series 

models and compare them against the technical trading rules.  Further, we also investigated 

if there are any merits to combining technical trading rules and time-series trading rules 

into a single trading strategy.  

 

The first segment of our thesis examined technical trading rules (namely, variable-length 

moving averages, fixed-length moving averages and trading range breaks) with standard 

and bootstrap tests.  This is the same methodology employed in previous studies on 

technical trading rules and allows our results to be comparable.  Our standard test results 

show that technical trading rules that require buy and sell positions to be maintained for 

fixed periods following signal emissions are more profitable than those that maintain buy 

and sell positions for only one trading day following signal emissions.  This is in contrast to 

the findings reported by Brock, Lakonishok and LeBaron (1992) and Hudson, Dempsey 
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and Keasey (1996), who find technical rules with only 1-day holding periods more 

profitable.  One explanation for the differences in our results is the different data sets 

employed.  Brock, Lakonishok and LeBaron (1992) examined US data and Hudson, 

Dempsey and Keasey (1996) examined UK data, whilst we examined Australian data.  

Compared to the US and UK stock markets, the Australian stock market is less developed 

and we would therefore expect Australian stock prices to reflect new information at a 

slower rate than US and UK stock prices.  As such, technical trading rules that maintain 

buy and sell positions for longer periods following signal emissions are better able to 

capture the stock price changes due to new information in the Australian stock market and 

hence, more profitable.  In the more developed stock markets of the US and UK, stock 

prices are expected to reflect new information quickly.  Technical rules that maintain buy 

and sell positions for fixed, long periods are therefore expected to be less profitable since 

investors are prevented from acting on new information that are quickly reflected in stock 

prices.  In the more developed US and UK stock markets, we would therefore expect 

technical rules that maintain buy and sell positions for shorter periods to be more profitable.   

 

Our standard test results also show that technical trading rules become less profitable over 

time.  Our sub-sample results show that technical trading rules are profitable in the absence 

of transaction costs in the period prior to 1991, but that the technical rules become 

unprofitable and actually generate losses when applied to the ASX data after 1991.  When 

we look at the events that occurred in the ASX from 1991 onwards, we find a link between 

technical trading profits and technological developments.  The ASX implemented several 

measures contributing to technological advancements from 1991 such as the electronic 

announcement system and CHESS.  It is also from 1991 onwards that technical trading 

rules exhibit a dramatic loss of profitability.  Our findings therefore support Kwon and 
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Kish’s (2002) result that technological advancements in the stock markets enhances 

informational efficiency, which reduces the profitability of technical trading rules.  

 

We also examined the technical rules with bootstrap tests using simulations under four 

stochastic models – the random walk with drift, AR(1), GARCH(1,1) and EGARCH(1,1) 

models.  Our bootstrap test results are dependent on which type of technical trading rule is 

under examination.  For the variable-length moving averages (VMA) rules, the standard 

test outcome of predictability remain unaffected in tests with simulations under the four 

stochastic models.  For the fixed-length moving averages (FMA) rules, the standard test 

outcome of predictability is affected in some cases, but remains unaffected in other cases.  

For the trading range breaks (TRB) rules, the standard test outcome of predictability is 

reversed in most cases.  This aspect of our bootstrap results is in contrast with the results 

reported in Brock, Lakonishok and LeBaron’s (1992) study, who find the standard test 

outcome of predictability generally unaffected regardless of which type of technical rule is 

under examination.   

 

Nevertheless, another aspect of our bootstrap test results is similar to that reported by 

Brock, Lakonishok and LeBaron (1992).  Like BLL, we find that results from tests with the 

random walk and AR(1) simulations are very similar, whilst tests with the GARCH(1,1) 

simulations show the standard test outcome of predictability reversed for a higher number 

of technical rules.  This implies that the results found to be significant in tests with the 

AR(1) simulations, but later found to be insignificant in tests with the GARCH(1,1) 

simulations are due to the ignored presence of time-varying conditional variances in the 

data.  We also find results from tests with the GARCH(1,1) simulations similar to those 

with the EGARCH(1,1) simulations, suggesting that asymmetric responses in the 
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conditional variance to past positive and negative returns does not affect the standard test 

outcome of predictability for the technical rules.   

 

The second segment of our thesis examines trading rules based on the forecasts of four 

univariate time-series models – the AR(1), AR(1)-GARCH(1,1), AR(1)-GARCH(1,1)-M 

and AR(1)-EGARCH(1,1) models.  We examined two variations of the time-series trading 

rules – one maintains buy and sell positions for only 1 trading day following signal 

emissions, another maintains buy and sell positions for fixed 10-day holding periods 

following signal emissions.  The second variation of the time-series rule has not been 

examined in previous research and is a new contribution to the literature on time-series 

trading rules.  Unlike Fang and Xu (2003), we do not use the forecasts based on parameter 

estimates obtained over the sample period.  Instead, our trading strategy generates buy and 

sell signals based on the forecasts obtained from a moving window.  The advantage of 

using forecasts based on a moving window rather than sample estimates is that it is more 

realistic.   

 

Our results are in contrast to those obtained by Fang and Xu (2003).  Despite testing the 

same time-series models examined by Fang and Xu (2003), we are unable to find evidence 

supporting Fang and Xu’s (2003) argument that time-series trading rules are more 

successful at identifying periods of negative returns than positive returns.  In fact, our 

results show that the time-series trading rules are unprofitable and perform worse than the 

technical trading rules in identifying periods of positive and negative returns.  Since we 

examined only linear time-series models in this thesis, one possible explanation is that non-

linearities exist in the Australian stock market data.  The evaluation of trading rules based 

on the forecasts of non-linear models is a possible area for further research.  Sub-sample 
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results for the time-series trading rules are consistent with those for technical trading rules 

in the sense that the trading rules all lose profitability over time, suggesting that the ASX is 

increasingly efficient over time.   

 

The third segment of our thesis examines a trading strategy that combines technical trading 

rules and time-series models.  We examined combinations of the VMA, FMA and TRB 

rules with time-series models.  Combinations of the FMA or TRB rules with time-series 

models are new to the literature on combined trading strategies.  We find that the combined 

strategies only outperform technical trading rules and time-series models individually under 

very specific circumstances that are dependent on (i) the relative performance of the 

technical trading rule and the time-series model components in the combined strategy, (ii) 

which type of technical trading rule is used in the combination and (iii) which type of time-

series model is used in the combination.  Generally, our results show that combining a 

successful technical trading rule with a successful time-series trading rule generates even 

greater profits, whilst combining an unprofitable technical rule with another unprofitable 

time-series trading rule generates even greater losses.  Nevertheless, because of the weak 

performance of the time-series trading rules, the combined strategies generally perform 

worse than technical trading rules, although they are more profitable than the time-series 

trading rules.  Again, our sub-sample results for the combined trading rules also reflect the 

loss of profitability over time.   

 

This thesis shows that when technical trading rules and time-series trading rules are already 

profitable, it is possible to construct a trading strategy that is even more profitable by 

combining the two individual trading methods.  Since the technical trading rules examined 

in this thesis actually generated highly significant losses in the most recent sub-period, it 
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may be possible to construct a profitable trading strategy where the rules for generating buy 

and sell signals are reversed to adapt to current times.   

 

This thesis is, however, subject to some limitations.  Because we have tested our trading 

rules on Australian data, which resulted in unprofitable results, we did not consider 

transaction costs or the need to examine profitability.  If, however, profitable results were 

obtained, a test of profitability will be necessary to examine if the trading rules still remain 

profitable after the consideration of transaction costs.  In addition, this thesis has only 

examined MA rules computed by arithmetic means (i.e. simple moving averages).  In 

reality, however, technical traders are more likely to employ the exponential moving 

averages or weighted moving averages rules, which give greater weight to more recent 

data.  An examination of these technical rules may result in more optimistic results.  

Finally, the results of this thesis are obtained by applying the trading rules to data obtained 

from the Australian All Ordinaries, which is a market index.  More optimistic results may 

be obtained by testing similar trading rules on different sections that comprise the market 

index.  

 

It will also be interesting to examine if trading rules based on non-linear time-series models 

are profitable in further research.   
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Appendix 1 Sub-Sample Standard Test Results for VMA Rules 

STANDARD TEST RESULTS FOR THE VARIABLE MOVING AVERAGES (VMA) 

SUB SAMPLE I                    1980:1:1 – 1985:9:30 

VMA RULES 
bN  sN  BUY SELL BUY-SELL 

(1,50,0) 643 557 0.00086* -0.00100* 0.00186** 

   (2.06350) (-2.27070) (3.75353) 

(1,50,0.01) 564 480 0.00088* -0.00111* 0.00199** 

   (2.01063) (-2.40748) (3.74667) 

(1,150,0) 734 466 0.00044 -0.00069 0.00113* 

   (1.09312) (-1.47813) (2.22691) 

(1,150,0.01) 675 423 0.00048 -0.00082 0.00130* 

   (1.17286) (-1.69530) (2.45581) 

(5,150,0) 736 464 0.00034 -0.00054 0.00088 

   (0.85432) (-1.16059) (1.74508) 

(5,150,0.01) 671 415 0.00033 -0.00078 0.00112 

   (0.80930) (-1.61197) (2.0946) 

(1,200,0) 734 466 0.00037 -0.00058 0.00095 

   (0.91918) (-1.24293) (1.87256) 

(1,200,0.01) 688 418 0.00050 -0.00073 0.00123 

   (1.22391) (-1.49632) (2.31416) 

(2,200,0) 737 463 0.00038 -0.00061 0.00099 

   (0.95315) (-1.29784) (1.94955) 

(2,200,0.01) 685 419 0.00034 -0.00059 0.00093 

   (0.88326) (-1.22065) (1.76021) 

AVERAGE   0.00049 -0.00075 0.00124 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the 
unconditional mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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STANDARD TEST RESULTS FOR THE VARIABLE MOVING AVERAGES (VMA) 

SUB SAMPLE II                    1985:10:1 – 1991:6:30 

VMA RULES 
bN  sN  BUY SELL BUY-SELL 

(1,50,0) 714 486 0.00098 -0.00144** 0.00242** 

   (1.52353) (-1.96755) (3.02347) 

(1,50,0.01) 624 407 0.00114 -0.00174* 0.00288** 

   (1.70467) (-2.23281) (3.33064) 

(1,150,0) 684 516 0.00029 -0.00039 0.00068 

   (0.45111) (-0.54421) (0.86198) 

(1,150,0.01) 620 477 0.00021 -0.00062 0.00083 

   (0.31369) (-0.84020) (1.0014) 

(5,150,0) 683 517 0.00040 -0.00053 0.00093 

   (0.61704) (-0.74271) (1.17759) 

(5,150,0.01) 626 481 0.00042 0.00049 0.00091 

   (0.62634) (-0.66594) (1.10200) 

(1,200,0) 655 545 0.00024 -0.00029 0.00053 

   (0.36422) (-0.41168) (0.67195) 

(1,200,0.01) 623 509 0.00026 -0.00030 0.00057 

   (0.39261) (-0.42376) (0.69966) 

(2,200,0) 654 546 0.00023 -0.00028 0.00051 

   (0.34833) (-0.39284) (0.64188) 

(2,200,0.01) 625 511 0.00019 -0.00033 0.00052 

   (0.28201) (-0.45563) (0.63680) 

AVERAGE   0.00044 -0.00054 0.00108 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the 
unconditional mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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STANDARD TEST RESULTS FOR THE VARIABLE MOVING AVERAGES (VMA) 

SUB SAMPLE III                    1991:7:1 – 1997:3:31 

VMA RULES 
bN  sN  BUY SELL BUY-SELL 

(1,50,0) 740 461 0.00016 -0.00026 0.00041 

   (0.43854) (-0.60044) (0.89985) 

(1,50,0.01) 598 348 0.00018 -0.00031 0.00049 

   (0.45182) (-0.66210) (0.93323) 

(1,150,0) 773 428 0.00013 -0.00024 0.00038 

   (0.37600) (-0.55624) (0.80749) 

(1,150,0.01) 701 375 0.00016 -0.00012 0.00028 

   (0.44760) (-0.25447) (0.56781) 

(5,150,0) 775 426 0.00007 -0.00013 0.00020 

   (0.19595) (-0.29126) (0.42202) 

(5,150,0.01) 702 376 0.00016 -0.00018 0.00034 

   (0.43607) (-0.40089) (0.69489) 

(1,200,0) 789 412 0.00007 -0.00013 0.00020 

   (0.19423) (-0.29854) (0.42686) 

(1,200,0.01) 732 346 0.00006 -0.00021 0.00027 

   (0.17109) (-0.43618) (0.53112) 

(2,200,0) 788 413 0.00006 -0.00011 0.00017 

   (0.16675) (-0.25570) (0.36595) 

(2,200,0.01) 730 348 0.00012 -0.00011 0.00023 

   (0.31719) (-0.23298) (0.44625) 

AVERAGE   0.00012 -0.00018 0.00030 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the 
unconditional mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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STANDARD TEST RESULTS FOR THE VARIABLE MOVING AVERAGES (VMA) 

SUB SAMPLE IV                    1997:4:1 – 2002:12:31 

VMA RULES 
bN  sN  BUY SELL BUY-SELL 

(1,50,0) 697 549 0.00006 -0.00008 0.00014 

   (0.15352) (-0.17997) (0.28881) 

(1,50,0.01) 521 406 0.00011 -0.00004 0.00016 

   (0.26508) (-0.08790) (0.28478) 

(1,150,0) 798 448 -0.00017 0.00031 -0.00048 

   (-0.46303) (0.67881) (-0.98902) 

(1,150,0.01) 666 377 -0.00024 0.00027 -0.00050 

   (-0.59986) (0.55094) (-0.94921) 

(5,150,0) 802 444 -0.00011 0.00019 -0.00030 

   (-0.28584) (0.42290) (-0.61389) 

(5,150,0.01) 664 370 -0.00034 0.00028 -0.00062 

   (-0.85336) (0.57574) (-1.15744) 

(1,200,0) 845 401 -0.00022 0.00046 -0.00067 

   (-0.59211) (0.96848) (-1.35210) 

(1,200,0.01) 763 330 -0.00030 0.00038 -0.00068 

   (-0.79084) (0.74794) (-1.25469) 

(2,200,0) 851 395 -0.00023 0.00049 -0.00072 

   (-0.62729) (1.04082) (-1.44533) 

(2,200,0.01) 766 325 -0.00028 0.00021 -0.00049 

   (-0.73691) (0.40932) (-0.89622) 

AVERAGE   -0.00017 0.00025 -0.00042 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the 
unconditional mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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Appendix 2 Sub-Sample Standard Test Results for FMA Rules 

STANDARD TEST RESULTS FOR THE FIXED MOVING AVERAGES (FMA) 
SUB SAMPLE I                    1980:1:1 – 1985:9:30 

FMA RULES 
bN  sN  BUY SELL BUY-SELL 

(1,50,0) 230 220 0.02343** -0.01307** 0.03651** 

   (6.99917) (-3.86795) (11.71496) 

(1,50,0.01) 4 2 0.03676* -0.01853 0.05529 

   (2.19885) (-0.78831) (1.93189) 

(1,150,0) 150 150 0.02151** 0.00024 0.02127** 

   (5.80367) (0.06470) (5.53753) 

(1,150,0.01) 4 1 0.01156 -0.04075 0.05231 

   (0.69136) (-1.22933) (1.41562) 

(5,150,0) 160 150 0.01818** -0.02310** 0.04128** 

   (4.98852) (-6.23167) (10.99249) 

(5,150,0.01) 0 0 N/A N/A N/A 

   N/A N/A N/A 

(1,200,0) 130 130 0.00682 -0.00762** 0.01444** 

   (1.76917) (-1.97784) (3.52421) 

(1,200,0.01) 7 0 0.02508 N/A N/A 

   (1.96715) N/A N/A 

(2,200,0) 110 110 0.01120** -0.01185** 0.02306** 

   (2.76774) (-2.92821) (5.17500) 

(2,200,0.01) 0 1 N/A -0.04075 N/A 

   N/A (-1.22933) N/A 

AVERAGE   0.01849 -0.01638 0.03488 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the 
unconditional mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   

AVERAGE is the average of the 7 available return results. 
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STANDARD TEST RESULTS FOR THE FIXED MOVING AVERAGES (FMA) 
SUB SAMPLE II                    1985:10:1 – 1991:6:30 

FMA RULES 
bN  sN  BUY SELL BUY-SELL 

(1,50,0) 210 210 0.01069* -0.02475** 0.03545** 

   (2.14872) (-4.97425) (7.54263) 

(1,50,0.01) 2 5 0.00019 -0.00473 0.00492 

   (0.00557) (-0.21645) (0.12213) 

(1,150,0) 150 150 0.00037 -0.01022 0.01058 

   (0.06772) (-1.89121) (1.90307) 

(1,150,0.01) 3 4 -0.00124 -0.05831* 0.05706 

   (-0.04432) (-2.39326) (1.55139) 

(5,150,0) 160 160 0.01315* -0.03352** 0.04667** 

   (2.47599) (-6.30958) (8.66782) 

(5,150,0.01) 0 1 N/A -0.19716** N/A 

   N/A (-4.08174) N/A 

(1,200,0) 90 90 -0.00064 -0.02528** 0.02464** 

   (-0.10212) (-4.02244) (3.43172) 

(1,200,0.01) 2 2 0.01114 -0.06850* 0.07964 

   (0.32516) (-1.99973) (1.65365) 

(2,200,0) 70 70 0.00178 -0.02949** 0.03128** 

   (0.26035) (-4.30913) (3.84244) 

(2,200,0.01) 0 1 N/A -0.12862** N/A 

   N/A (-2.66289) N/A 

AVERAGE   0.00443 -0.03185 0.03628 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the 
unconditional mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   

AVERAGE is the average of the 8 available return results. 
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STANDARD TEST RESULTS FOR THE FIXED MOVING AVERAGES (FMA) 
SUB SAMPLE III                    1991:7:1 – 1997:3:31 

FMA RULES 
bN  sN  BUY SELL BUY-SELL 

(1,50,0) 330 330 0.00215 0.00533** -0.00318 

   (1.07287) (2.66352) (-1.93271) 

(1,50,0.01) 4 5 -0.00035 0.00446 -0.00482 

   (-0.03298) (0.46510) (-0.33949) 

(1,150,0) 160 160 0.00039 0.00151 -0.00112 

   (0.16916) (0.64845) (-0.47287) 

(1,150,0.01) 2 1 -0.01642 0.01187 -0.02829 

   (-1.09144) (0.55962) (-1.09214) 

(5,150,0) 180 180 0.01384** 0.00253 0.01132** 

   (6.11220) (1.11532) (5.07754) 

(5,150,0.01) 0 0 N/A N/A N/A 

   N/A N/A N/A 

(1,200,0) 150 150 -0.00621** -0.00578** 0.00058 

   (-2.61674) (-2.86072) (0.23702) 

(1,200,0.01) 3 1 0.01379 -0.02146 0.03525 

   (1.11906) (-1.01189) (1.44339) 

(2,200,0) 120 120 -0.00389 -0.00302 -0.00087 

   (-1.54230) (-1.19584) (-0.32036) 

(2,200,0.01) 0 1 N/A -0.01564 N/A 

   N/A (-0.73722) N/A 

AVERAGE   0.00041 -0.00057 0.00111 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the 
unconditional mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   

AVERAGE is the average of the 8 available return results. 
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STANDARD TEST RESULTS FOR THE FIXED MOVING AVERAGES (FMA) 
SUB SAMPLE IV                    1997:4:1 – 2002:12:31 

FMA RULES 
bN  sN  BUY SELL BUY-SELL 

(1,50,0) 410 420 -0.00818** -0.00934** 0.00116 

   (-4.00313) (-4.58596) (0.74639) 

(1,50,0.01) 1 6 0.02797 -0.01411 0.04208 

   (1.24707) (-1.51886) (1.74215) 

(1,150,0) 290 300 0.00193 -0.00120 0.00313 

   (0.89157) (-0.55674) (1.69796) 

(1,150,0.01) 3 4 0.00017 -0.00661 0.00679 

   (0.01342) (-0.58450) (0.39738) 

(5,150,0) 200 210 -0.00130 -0.00165 0.00036 

   (-0.55504) (-0.71604) (0.16196) 

(5,150,0.01) 0 0 N/A N/A N/A 

   N/A N/A N/A 

(1,200,0) 240 250 0.00925** 0.00771** 0.00154 

   (4.12144**) (3.46309) (0.76349) 

(1,200,0.01) 7 3 0.00322 0.03672** -0.03350 

   (0.37356) (2.81974) (-2.17121) 

(2,200,0) 190 200 0.00731** 0.00638** 0.00093 

   (3.08995) (2.72979) (0.40964) 

(2,200,0.01) 2 1 0.02023 0.03621 -0.01598 

   (1.27185) (1.61462) (-0.58360) 

AVERAGE   0.00673 0.00601 0.00072 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the 
unconditional mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   

AVERAGE is the average of the 9 available return results. 
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Appendix 3 Sub-Sample Standard Test Results for TRB Rules 

STANDARD TEST RESULTS FOR THE TRADING RANGE BREAKS (TRB) 

SUB SAMPLE I                    1980:1:1 – 1985:9:30 

TRB RULES 
bN  sN  BUY SELL BUY-SELL 

(1,50,0) 520 350 0.00584* -0.01187** 0.01771** 

   (1.99638) (-3.83400) (7.75111) 

(1,50,0.01) 5 4 0.02759 -0.00985 0.03743 

   (1.83953) (-0.58889) (1.68845) 

(1,150,0) 360 190 0.00543 -0.01092** 0.01635** 

   (1.76285) (-3.12475) (5.51773) 

(1,150,0.01) 2 4 0.03953 0.00588 0.03365 

   (1.68172) (0.35183) (1.17571) 

(1,200,0) 350 190 0.00604 -0.01092 0.01696** 

   (1.95049) (-3.12475) (5.69406) 

(1,200,0.01) 2 3 0.03953 0.00630 0.03324 

   (1.68172) (0.32716) (1.10160) 

AVERAGE   0.02066 -0.00523 0.02589 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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STANDARD TEST RESULTS FOR THE TRADING RANGE BREAKS (TRB) 

SUB SAMPLE II                    1985:10:1 – 1991:6:30 

TRB RULES 
bN  sN  BUY SELL BUY-SELL 

(1,50,0) 680 300 0.01647** -0.00933* 0.02581** 

   (3.98018) (2.01532) (7.73243) 

(1,50,0.01) 9 14 0.01801 -0.01912 0.03714 

   (1.09320) (-1.42788) (1.80478) 

(1,150,0) 460 200 0.02010** -0.02050** 0.04060** 

   (4.63959) (-4.07386) (9.95279) 

(1,150,0.01) 4 9 0.03560 -0.02846 0.06406* 

   (1.46135) (-1.72747) (2.21364) 

(1,200,0) 400 160 0.02125** -0.01235* 0.03361** 

   (4.81080) (0.02064) (7.46102) 

(1,200,0.01) 3 7 0.03884 -0.00644 0.04528 

   (1.38461) (-0.34681) (1.36253) 

AVERAGE   0.02505 -0.01603 0.04108 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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STANDARD TEST RESULTS FOR THE TRADING RANGE BREAKS (TRB) 

SUB SAMPLE III                    1991:7:1 – 1997:3:31 

TRB RULES 
bN  sN  BUY SELL BUY-SELL 

(1,50,0) 680 320 -0.00211 -0.00595** 0.00384** 

   (-1.16087) (-2.95903) (2.67877) 

(1,50,0.01) 8 3 -0.01344 -0.00051 -0.01294 

   (-1.75659) (-0.04105) (-0.90349) 

(1,150,0) 550 160 -0.00365 -0.00637** 0.00272 

   (-1.96116) (-2.73072) (1.43311) 

(1,150,0.01) 8 1 -0.00804 -0.00280 -0.00524 

   (-1.05703) (-0.13178) (-0.23367) 

(1,200,0) 480 130 -0.00233 -0.00859** 0.00626** 

   (-1.22973) (-3.48217) (2.99614) 

(1,200,0.01) 7 0 -0.00728 N/A N/A 

   (-0.89294) N/A N/A 

AVERAGE   -0.00614 -0.00484 -0.00107 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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STANDARD TEST RESULTS FOR THE TRADING RANGE BREAKS (TRB) 

SUB SAMPLE IV                    1997:4:1 – 2002:12:31 

TRB RULES 
bN  sN  BUY SELL BUY-SELL 

(1,50,0) 580 440 -0.00502** 0.00417* -0.00920** 

   (-2.71871) (2.18091) (-6.88102) 

(1,50,0.01) 6 6 -0.01131 -0.00150 -0.00981 

   (-1.21730) (-0.16123) (-0.75989) 

(1,150,0) 360 180 -0.00686** 0.01079** -0.01765 

   (-3.48064) (4.76590) (-9.14737) 

(1,150,0.01) 3 3 -0.01232 0.00051 -0.01283 

   (-0.94604) (0.03894) (-0.70264) 

(1,200,0) 280 160 -0.00705** 0.01699** -0.02404** 

   (-3.42448) (7.28496) (-11.47434) 

(1,200,0.01) 3 2 -0.01232 -0.01179 -0.00053 

   (-0.94604) (-0.74138) (-0.02596) 

AVERAGE   -0.00915 0.00320 -0.01234 

bN  and sN  are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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Appendix 4 Sub-Sample Test Results from Random Walk with Drift Simulations 

(Individual Rules) 

TEST RESULTS FROM RANDOM WALK WITH DRIFT SIMULATIONS 

SUB SAMPLE I:     1980:01:01 – 1985:09:30 

RULES BUY SELL BUY-SELL 

VMA (1, 50, 0) 0.08600 1.00000 0.00200 

VMA (1, 150, 0) 0.35200 0.99400 0.11000 

VMA (5, 150, 0) 0.40600 0.97000 0.17000 

VMA (1, 200, 0) 0.39000 0.98200 0.13800 

VMA (2, 200, 0) 0.39400 0.98800 0.16000 

FMA (1, 50, 0) 0.03800 0.96200 0.00000 

FMA (1, 150, 0) 0.04000 0.64600 0.00400 

FMA (5, 150, 0) 0.01800 0.81000 0.00600 

FMA (1, 200, 0) 0.41000 0.87000 0.02600 

FMA (2, 200, 0) 0.19800 0.93000 0.01200 

TRB (1, 50, 0) 0.35400 0.97400 0.06800 

TRB (1, 150, 0) 0.37000 0.96000 0.17800 

TRB (1, 200, 0) 0.35800 0.95800 0.17600 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    
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TEST RESULTS FROM RANDOM WALK WITH DRIFT SIMULATIONS 

SUB SAMPLE II:     1985:10:01 – 1991:06:30 

RULES BUY SELL BUY-SELL 

VMA (1, 50, 0) 0.04200 0.99400 0.00200 

VMA (1, 150, 0) 0.39200 0.86800 0.25000 

VMA (5, 150, 0) 0.30600 0.90200 0.13400 

VMA (1, 200, 0) 0.38400 0.79400 0.31400 

VMA (2, 200, 0) 0.44800 0.82400 0.33000 

FMA (1, 50, 0) 0.30400 0.96600 0.00400 

FMA (1, 150, 0) 0.59600 0.82600 0.10800 

FMA (5, 150, 0) 0.43200 0.94000 0.04600 

FMA (1, 200, 0) 0.61600 0.92800 0.04000 

FMA (2, 200, 0) 0.56200 0.93200 0.03200 

TRB (1, 50, 0) 0.00400 0.88200 0.00800 

TRB (1, 150, 0) 0.01400 0.95800 0.00400 

TRB (1, 200, 0) 0.01600 0.92000 0.01200 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    
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TEST RESULTS FROM RANDOM WALK WITH DRIFT SIMULATIONS 

SUB SAMPLE III:     1991:07:01 – 1997:03:31 

RULES BUY SELL BUY-SELL 

VMA (1, 50, 0) 0.29400 0.79600 0.19000 

VMA (1, 150, 0) 0.34200 0.76800 0.29200 

VMA (5, 150, 0) 0.42200 0.66800 0.37000 

VMA (1, 200, 0) 0.40400 0.68800 0.36600 

VMA (2, 200, 0) 0.42000 0.65400 0.42000 

FMA (1, 50, 0) 0.42800 0.22200 0.79600 

FMA (1, 150, 0) 0.58800 0.49200 0.57200 

FMA (5, 150, 0) 0.59600 0.19200 0.83800 

FMA (1, 200, 0) 0.80600 0.81600 0.48600 

FMA (2, 200, 0) 0.73800 0.67800 0.56800 

TRB (1, 50, 0) 0.63000 0.87000 0.39400 

TRB (1, 150, 0) 0.75600 0.85800 0.61800 

TRB (1, 200, 0) 0.60000 0.86400 0.46200 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    
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TEST RESULTS FROM RANDOM WALK WITH DRIFT SIMULATIONS 

SUB SAMPLE IV:     1997:04:01 – 2002:12:31 

RULES BUY SELL BUY-SELL 

VMA (1, 50, 0) 0.47800 0.73400 0.35600 

VMA (1, 150, 0) 0.75200 0.34000 0.81800 

VMA (5, 150, 0) 0.69600 0.50000 0.68600 

VMA (1, 200, 0) 0.83400 0.24000 0.88200 

VMA (2, 200, 0) 0.83400 0.20600 0.88600 

FMA (1, 50, 0) 0.95200 0.97200 0.35400 

FMA (1, 150, 0) 0.44400 0.65400 0.19200 

FMA (5, 150, 0) 0.49400 0.98600 0.02800 

FMA (1, 200, 0) 0.05600 0.12200 0.37600 

FMA (2, 200, 0) 0.12200 0.13800 0.47000 

TRB (1, 50, 0) 0.75600 0.10400 0.91400 

TRB (1, 150, 0) 0.81400 0.06200 0.95000 

TRB (1, 200, 0) 0.77600 0.01200 0.97200 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    
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Appendix 5 Sub-Sample Test Results from AR(1) Simulations (Individual Rules) 

TEST RESULTS FROM AR(1) SIMULATIONS 

SUB SAMPLE I:     1980:01:01 – 1985:09:30 

RULES BUY SELL BUY-SELL 

VMA (1, 50, 0) 0.06000 0.99600 0.00200 

VMA (1, 150, 0) 0.23000 0.97000 0.07800 

VMA (5, 150, 0) 0.29200 0.96000 0.12000 

VMA (1, 200, 0) 0.32800 0.96800 0.11400 

VMA (2, 200, 0) 0.28200 0.97400 0.08200 

FMA (1, 50, 0) 0.03800 0.96000 0.00000 

FMA (1, 150, 0) 0.04200 0.56800 0.00400 

FMA (5, 150, 0) 0.02000 0.71800 0.01200 

FMA (1, 200, 0) 0.37400 0.81000 0.03400 

FMA (2, 200, 0) 0.20600 0.90000 0.00800 

TRB (1, 50, 0) 0.32600 0.98200 0.06600 

TRB (1, 150, 0) 0.36000 0.92000 0.18200 

TRB (1, 200, 0) 0.30800 0.94800 0.16000 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    
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TEST RESULTS FROM AR(1) SIMULATIONS 

SUB SAMPLE II:     1985:10:01 – 1991:06:30 

RULES BUY SELL BUY-SELL 

VMA (1, 50, 0) 0.03200 0.99000 0.00000 

VMA (1, 150, 0) 0.38400 0.82800 0.23800 

VMA (5, 150, 0) 0.27800 0.88400 0.12400 

VMA (1, 200, 0) 0.42200 0.80000 0.32800 

VMA (2, 200, 0) 0.38800 0.81600 0.27800 

FMA (1, 50, 0) 0.31600 0.96400 0.00200 

FMA (1, 150, 0) 0.58600 0.82600 0.13800 

FMA (5, 150, 0) 0.45400 0.96000 0.03400 

FMA (1, 200, 0) 0.64200 0.90400 0.07800 

FMA (2, 200, 0) 0.55600 0.92000 0.04800 

TRB (1, 50, 0) 0.01200 0.85200 0.01000 

TRB (1, 150, 0) 0.03000 0.97600 0.00600 

TRB (1, 200, 0) 0.01800 0.89600 0.01000 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    
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TEST RESULTS FROM AR(1) SIMULATIONS 

SUB SAMPLE III:     1991:07:01 – 1997:03:31 

RULES BUY SELL BUY-SELL 

VMA (1, 50, 0) 0.28800 0.81000 0.19400 

VMA (1, 150, 0) 0.34000 0.75600 0.27600 

VMA (5, 150, 0) 0.41200 0.65600 0.37800 

VMA (1, 200, 0) 0.40800 0.69000 0.38600 

VMA (2, 200, 0) 0.38600 0.67400 0.35600 

FMA (1, 50, 0) 0.43800 0.25600 0.80600 

FMA (1, 150, 0) 0.61000 0.52800 0.60800 

FMA (5, 150, 0) 0.60600 0.17000 0.84600 

FMA (1, 200, 0) 0.85400 0.64200 0.46000 

FMA (2, 200, 0) 0.72600 0.63200 0.58800 

TRB (1, 50, 0) 0.67400 0.88000 0.40400 

TRB (1, 150, 0) 0.78600 0.83000 0.61800 

TRB (1, 200, 0) 0.59800 0.88800 0.42800 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    

 



 185 

 

TEST RESULTS FROM AR(1) SIMULATIONS 

SUB SAMPLE IV:     1997:04:01 – 2002:12:31 

RULES BUY SELL BUY-SELL 

VMA (1, 50, 0) 0.42600 0.72400 0.31800 

VMA (1, 150, 0) 0.74600 0.32600 0.80600 

VMA (5, 150, 0) 0.67600 0.47200 0.69800 

VMA (1, 200, 0) 0.80400 0.21600 0.86400 

VMA (2, 200, 0) 0.80000 0.20400 0.86800 

FMA (1, 50, 0) 0.97400 0.98400 0.33000 

FMA (1, 150, 0) 0.43200 0.63000 0.18400 

FMA (5, 150, 0) 0.50600 0.96800 0.02400 

FMA (1, 200, 0) 0.06600 0.11200 0.39600 

FMA (2, 200, 0) 0.12200 0.15600 0.44600 

TRB (1, 50, 0) 0.80400 0.10000 0.91800 

TRB (1, 150, 0) 0.81000 0.05000 0.93200 

TRB (1, 200, 0) 0.80200 0.01800 0.98200 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    
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Appendix 6 Sub-Sample Test Results from GARCH(1,1) Simulations (Individual 

Rules) 

TEST RESULTS FROM GARCH(1,1) SIMULATIONS 

SUB SAMPLE I:     1980:01:01 – 1985:09:30 

RULES BUY SELL BUY-SELL 

VMA (1, 50, 0) 0.25000 0.96000 0.04800 

VMA (1, 150, 0) 0.37600 0.90400 0.18400 

VMA (5, 150, 0) 0.38400 0.91200 0.21800 

VMA (1, 200, 0) 0.45200 0.88600 0.22400 

VMA (2, 200, 0) 0.38000 0.94200 0.15400 

FMA (1, 50, 0) 0.07800 0.88200 0.00200 

FMA (1, 150, 0) 0.09000 0.43800 0.07400 

FMA (5, 150, 0) 0.06600 0.71600 0.02600 

FMA (1, 200, 0) 0.54400 0.70400 0.24600 

FMA (2, 200, 0) 0.33000 0.86400 0.05200 

TRB (1, 50, 0) 0.45000 0.91600 0.18000 

TRB (1, 150, 0) 0.45800 0.87800 0.29800 

TRB (1, 200, 0) 0.44600 0.88000 0.27200 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    
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TEST RESULTS FROM GARCH(1,1) SIMULATIONS 

SUB SAMPLE II:     1985:10:01 – 1991:06:30 

RULES BUY SELL BUY-SELL 

VMA (1, 50, 0) 0.18000 0.93600 0.03800 

VMA (1, 150, 0) 0.51800 0.65000 0.47600 

VMA (5, 150, 0) 0.34200 0.83800 0.19000 

VMA (1, 200, 0) 0.51000 0.58600 0.52000 

VMA (2, 200, 0) 0.46600 0.71600 0.42400 

FMA (1, 50, 0) 0.45200 0.89800 0.03000 

FMA (1, 150, 0) 0.68400 0.66600 0.51200 

FMA (5, 150, 0) 0.47800 0.92200 0.06400 

FMA (1, 200, 0) 0.69800 0.78600 0.31200 

FMA (2, 200, 0) 0.64000 0.85400 0.16400 

TRB (1, 50, 0) 0.04400 0.70800 0.06200 

TRB (1, 150, 0) 0.03000 0.87000 0.01400 

TRB (1, 200, 0) 0.05400 0.76000 0.04400 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    
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TEST RESULTS FROM GARCH(1,1) SIMULATIONS 

SUB SAMPLE III:     1991:07:01 – 1997:03:31 

RULES BUY SELL BUY-SELL 

VMA (1, 50, 0) 0.39600 0.57800 0.33200 

VMA (1, 150, 0) 0.38200 0.66600 0.39600 

VMA (5, 150, 0) 0.38000 0.68800 0.33400 

VMA (1, 200, 0) 0.46400 0.62000 0.46000 

VMA (2, 200, 0) 0.46200 0.63600 0.44000 

FMA (1, 50, 0) 0.49000 0.16200 0.93400 

FMA (1, 150, 0) 0.59600 0.41200 0.74000 

FMA (5, 150, 0) 0.60200 0.15000 0.86200 

FMA (1, 200, 0) 0.83000 0.76000 0.61800 

FMA (2, 200, 0) 0.75400 0.61400 0.65400 

TRB (1, 50, 0) 0.72000 0.82000 0.52400 

TRB (1, 150, 0) 0.76800 0.79800 0.63800 

TRB (1, 200, 0) 0.70400 0.84400 0.52600 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    
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TEST RESULTS FROM GARCH(1,1) SIMULATIONS 

SUB SAMPLE IV:     1997:04:01 – 2002:12:31 

RULES BUY SELL BUY-SELL 

VMA (1, 50, 0) 0.51600 0.71000 0.36200 

VMA (1, 150, 0) 0.75600 0.29000 0.82400 

VMA (5, 150, 0) 0.67600 0.45400 0.72600 

VMA (1, 200, 0) 0.83200 0.23000 0.89000 

VMA (2, 200, 0) 0.84000 0.18800 0.89000 

FMA (1, 50, 0) 0.97200 0.97000 0.41800 

FMA (1, 150, 0) 0.40200 0.59600 0.21800 

FMA (5, 150, 0) 0.47600 0.97200 0.04200 

FMA (1, 200, 0) 0.07000 0.08200 0.50000 

FMA (2, 200, 0) 0.13800 0.15000 0.48000 

TRB (1, 50, 0) 0.78600 0.10000 0.92800 

TRB (1, 150, 0) 0.78000 0.06400 0.93000 

TRB (1, 200, 0) 0.76800 0.00400 0.97600 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    
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Appendix 7 Sub-Sample Test Results from EGARCH(1,1) Simulations (Individual 

Rules) 

TEST RESULTS FROM EGARCH(1,1) SIMULATIONS 

SUB SAMPLE I:     1980:01:01 – 1985:09:30 

RULES BUY SELL BUY-SELL 

VMA (1, 50, 0) 0.24800 0.95800 0.03400 

VMA (1, 150, 0) 0.42800 0.89800 0.21400 

VMA (5, 150, 0) 0.37600 0.92400 0.16800 

VMA (1, 200, 0) 0.47000 0.89200 0.27200 

VMA (2, 200, 0) 0.40800 0.93000 0.19600 

FMA (1, 50, 0) 0.07200 0.87400 0.00000 

FMA (1, 150, 0) 0.08600 0.41800 0.08600 

FMA (5, 150, 0) 0.04000 0.70400 0.02000 

FMA (1, 200, 0) 0.50800 0.70000 0.24600 

FMA (2, 200, 0) 0.29800 0.84200 0.05000 

TRB (1, 50, 0) 0.44600 0.92000 0.21200 

TRB (1, 150, 0) 0.45000 0.84600 0.30200 

TRB (1, 200, 0) 0.41600 0.87200 0.24600 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    
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TEST RESULTS FROM EGARCH(1,1) SIMULATIONS 

SUB SAMPLE II:     1985:10:01 – 1991:06:30 

RULES BUY SELL BUY-SELL 

VMA (1, 50, 0) 0.16000 0.90600 0.04800 

VMA (1, 150, 0) 0.51600 0.65800 0.45800 

VMA (5, 150, 0) 0.34200 0.84600 0.18800 

VMA (1, 200, 0) 0.51400 0.63400 0.50800 

VMA (2, 200, 0) 0.49000 0.71400 0.40800 

FMA (1, 50, 0) 0.42200 0.89600 0.02800 

FMA (1, 150, 0) 0.65000 0.66600 0.43600 

FMA (5, 150, 0) 0.47000 0.92400 0.07400 

FMA (1, 200, 0) 0.00524 -0.00311 0.00835 

FMA (2, 200, 0) 0.63600 0.86800 0.15000 

TRB (1, 50, 0) 0.04400 0.69000 0.04800 

TRB (1, 150, 0) 0.04000 0.88800 0.01400 

TRB (1, 200, 0) 0.05000 0.78200 0.04200 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    
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TEST RESULTS FROM EGARCH(1,1) SIMULATIONS 

SUB SAMPLE III:     1991:07:01 – 1997:03:31 

RULES BUY SELL BUY-SELL 

VMA (1, 50, 0) 0.40600 0.66000 0.37600 

VMA (1, 150, 0) 0.39600 0.69200 0.33000 

VMA (5, 150, 0) 0.41200 0.60400 0.37400 

VMA (1, 200, 0) 0.45000 0.59200 0.45600 

VMA (2, 200, 0) 0.41200 0.58400 0.42800 

FMA (1, 50, 0) 0.49200 0.15600 0.91600 

FMA (1, 150, 0) 0.61200 0.43400 0.71200 

FMA (5, 150, 0) 0.61600 0.16200 0.86800 

FMA (1, 200, 0) 0.86400 0.78400 0.65800 

FMA (2, 200, 0) 0.75200 0.63000 0.63600 

TRB (1, 50, 0) 0.71000 0.81600 0.50400 

TRB (1, 150, 0) 0.82000 0.81200 0.66000 

TRB (1, 200, 0) 0.66400 0.87400 0.50200 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    
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TEST RESULTS FROM EGARCH(1,1) SIMULATIONS 

SUB SAMPLE IV:     1997:04:01 – 2002:12:31 

RULES BUY SELL BUY-SELL 

VMA (1, 50, 0) 0.50200 0.65800 0.41600 

VMA (1, 150, 0) 0.77800 0.26000 0.82200 

VMA (5, 150, 0) 0.64000 0.47400 0.70600 

VMA (1, 200, 0) 0.81800 0.22000 0.87000 

VMA (2, 200, 0) 0.83400 0.19400 0.90400 

FMA (1, 50, 0) 0.95000 0.97400 0.46200 

FMA (1, 150, 0) 0.42000 0.63000 0.25600 

FMA (5, 150, 0) 0.51000 0.98800 0.03200 

FMA (1, 200, 0) 0.06800 0.07800 0.46200 

FMA (2, 200, 0) 0.11600 0.17200 0.48000 

TRB (1, 50, 0) 0.77600 0.09000 0.89600 

TRB (1, 150, 0) 0.84200 0.05400 0.95200 

TRB (1, 200, 0) 0.79800 0.01400 0.97800 

Numerical values are the fractions of simulations generating a mean larger than that from the ASX data.    
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Appendix 8 Sub-Sample Results for Time-Series Trading Rules 

RESULTS OF TIME-SERIES TRADING RULE 

SUB SAMPLE I    1980:1:1 – 1985:9:30 

PANEL A: 1 DAY HOLDING PERIOD 

MODEL NB NS BUY SELL BUY-SELL 

AR(1)      

50 Day Window 682 518 0.00011 
(0.28023) 

-0.00015 
(-0.34139) 

0.00027 
(0.53852) 

150 Day Window 687 213 0.00039 
(0.95025) 

-0.00052 
(-1.15904) 

0.00091 
(1.82690) 

200 Day Window 699 501 0.00024 
(0.59396) 

-0.00034 
(-0.74624) 

0.00058 
(1.16088) 

AVERAGE   0.00025 -0.00034 0.00059 

AR(1)-GARCH(1,1)      

50 Day Window 695 505 0.00002 
(0.04893) 

-0.00003 
(-0.06544) 

0.00005 
(0.09925) 

150 Day Window 699 501 0.00043 
(1.04489) 

-0.00060 
(-1.30902) 

0.00102* 
(2.03880) 

200 Day Window 713 487 0.00029 
(0.70747) 

-0.00016 
(-0.91661) 

0.00071 
(1.40678) 

AVERAGE   0.00025 -0.00026 0.00059 

AR(1)-GARCH(1,1)-M      

50 Day Window 700 500 0.19e-06 
(0.00470) 

-4.93e-06 
(-0.01084) 

6.84e-06 
(0.01347) 

150 Day Window 716 484 0.00068 
(1.68551) 

-0.00101* 
(-2.19178) 

0.00169** 
(3.35820) 

200 Day Window 715 485 0.00037 
(0.92618) 

-0.00055 
(-1.20390) 

0.00093 
(1.84501) 

AVERAGE   0.00035 -0.00052 0.00088 

AR(1)-EGARCH(1,1)      

50 Day Window 719 481 0.00024 
(0.60245) 

-0.00037 
(-0.79206) 

0.00061 
(1.20798) 

150 Day Window 699 501 0.00037 
(0.91609) 

-0.00052 
(-1.14828) 

0.00089 
(1.78804) 

200 Day Window 700 500 0.00027 
(0.67582) 

-0.00039 
(-0.85032) 

0.00066 
(1.32191) 

AVERAGE   0.00029 -0.00043 0.00072 
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PANEL B: FIXED 10 DAY HOLDING PERIOD 

MODEL NB NS BUY SELL BUY-SELL 

AR(1)      

50 Day Window 170 169 -0.00044 
(-0.12252) 

-0.00048 
(-0.13229) 

0.00004 
(-0.12252) 

150 Day Window 191 191 -0.00098 
(-0.27783) 

-0.00057 
(-0.16300) 

-0.00040 
(-0.27783) 

200 Day Window 196 195 -0.00248 
(-0.70853) 

-0.00170 
(-0.48546) 

-0.00078 
(-0.70853) 

AVERAGE   -0.00130 -0.00092 -0.00038 

AR(1)-GARCH(1,1)      

50 Day Window 174 96 -0.00416 
(-1.16591) 

0.01191 
(2.82059) 

-0.01608** 
(-3.82581) 

150 Day Window 104 26 0.00445 
(1.08036) 

-0.00954 
(-1.36976) 

0.01399 
(1.93010) 

200 Day Window 110 24 0.00163 
(0.40280) 

-0.00531 
(-0.73674) 

0.00694 
(0.93237) 

AVERAGE   0.00064 -0.00098 0.00162 

AR(1)-GARCH(1,1)-M      

50 Day Window 205 125 -0.00289 
(-0.84018) 

0.01578** 
(4.04695) 

-0.01866** 
(-4.97629) 

150 Day Window 137 45 0.00271 
(0.71409) 

-0.01243 
(-2.24159) 

0.01514 
(2.66628) 

200 Day Window 120 33 0.00158 
(0.39994) 

-0.01463 
(-0.01708) 

0.01866** 
(2.87183) 

AVERAGE   0.00047 -0.00376 0.00505 

AR(1)-EGARCH(1,1)      

50 Day Window 149 148 -0.00229 
(-0.61554) 

-0.00300 
(-0.80759) 

0.00072 
(0.18737) 

150 Day Window 191 190 -0.00024 
(-0.07004) 

0.00016 
(0.04474) 

-0.00040 
(-0.11836) 

200 Day Window 193 192 -0.00100 
(-0.28849) 

-0.00001 
(-0.00297) 

-0.00099 
(-0.29510) 

AVERAGE   -0.00118 -0.00095 -0.00022 

Numbers in parenthesis are t-ratios of a two-tailed test. 

The asterisks *(**) indicate significance at the 5(1) percent level. 
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RESULTS OF TIME-SERIES TRADING RULE 

SUB SAMPLE II    1985:10:1 – 1991:6:30 

PANEL A: 1 DAY HOLDING PERIOD 

MODEL NB NS BUY SELL BUY-SELL 

AR(1)      

50 Day Window 706 494 0.00015 
(0.23232) 

-0.00022 
(-0.30713) 

0.00037 
(0.46775) 

150 Day Window 665 535 -0.00011 
(-0.16320) 

0.00012 
(0.71675) 

-0.00023 
(-0.29406) 

200 Day Window 665 535 -0.00064 
(-0.96748) 

0.00078 
(1.10642) 

-0.00142 
(-1.79571) 

AVERAGE   -0.00020 0.00023 -0.00043 

AR(1)-GARCH(1,1)      

50 Day Window 729 471 -0.00009 
(-0.13390) 

0.00012 
(0.16606) 

-0.00021 
(-0.25909) 

150 Day Window 721 479 -0.00022 
(-0.34476) 

0.00032 
(0.43965) 

-0.00054 
(-0.67870) 

200 Day Window 720 481 -0.00032 
(-0.50435) 

0.00048 
(0.64759) 

-0.00080 
(-0.99700) 

AVERAGE   -0.00021 0.00031 -0.00052 

AR(1)-GARCH(1,1)-M      

50 Day Window 626 574 -0.00027 
(-0.39891) 

0.00028 
(0.41128) 

-0.00055 
(-0.70151) 

150 Day Window 645 555 -0.00004 
(-0.06636) 

0.00004 
(0.06173) 

-0.00009 
(-0.11069) 

200 Day Window 679 521 0.00014 
(0.21734) 

-0.00019 
(-0.27137) 

0.00034 
(0.42366) 

AVERAGE   -0.00006 0.00004 -0.00010 

AR(1)-EGARCH(1,1)      

50 Day Window 692 508 -0.00015 
(-0.23715) 

0.00020 
(0.27900) 

-0.00035 
(-0.44651) 

150 Day Window 717 483 -0.00002 
(-0.03037) 

0.00002 
(0.02678) 

-0.00004 
(-0.04887) 

200 Day Window 706 494 -0.00014 
(-0.34268) 

0.00031 
(0.42201) 

-0.00052 
(-0.66169) 

AVERAGE   -0.00010 0.00018 -0.00030 
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PANEL B: FIXED 10 DAY HOLDING PERIOD 

MODEL NB NS BUY SELL BUY-SELL 

AR(1)      

50 Day Window 137 137 -0.00715 
(-1.29144) 

-0.00647 
(-1.16939) 

-0.00068 
(-1.29144) 

150 Day Window 172 172 -0.00872 
(-1.67194) 

-0.00836 
(-1.60255) 

-0.00036 
(-1.67194) 

200 Day Window 181 181 -0.00732 
(-1.42039) 

-0.00498 
(-0.96732) 

-0.00233 
(-1.42039) 

AVERAGE   -0.00773 -0.00660 -0.00112 

AR(1)-GARCH(1,1)      

50 Day Window 198 112 0.00072 
(0.14341) 

0.00196 
(0.33384) 

-0.00124 
(-0.21701) 

150 Day Window 126 47 -0.00422 
(-0.74500) 

0.00221 
(0.27779) 

-0.00643 
(-0.78105) 

200 Day Window 124 45 -0.00570 
(-1.00024) 

0.00648 
(0.80195) 

-0.01217 
(-1.45260) 

AVERAGE   -0.00307 0.00355 -0.00661 

AR(1)-GARCH(1,1)-M      

50 Day Window 157 173 -0.00295 
(-0.55241) 

0.00533 
(1.02292) 

-0.00828 
(-1.55922) 

150 Day Window 89 81 -0.00216 
(-0.34194) 

0.00759 
(1.16625) 

-0.00975 
(-1.31796) 

200 Day Window 98 60 -0.00094 
(-0.15403) 

0.00637 
(0.87951) 

-0.00731 
(-0.92562) 

AVERAGE   -0.00202 0.00643 -0.00845 

AR(1)-EGARCH(1,1)      

50 Day Window 140 140 -0.00805 
(-1.46201) 

-0.00629 
(-1.14366) 

-0.00175 
(-0.30439) 

150 Day Window 200 200 -0.00567 
(-1.12582) 

-0.00477 
(-0.94775) 

-0.00090 
(-0.18605) 

200 Day Window 216 216 -0.00699 
(-1.41229) 

-0.00573 
(-1.15942) 

-0.00125 
(-0.26987) 

AVERAGE   -0.00690 -0.00560 -0.00130 

Numbers in parenthesis are t-ratios of a two-tailed test. 

The asterisks *(**) indicate significance at the 5(1) percent level. 
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RESULTS OF TIME-SERIES TRADING RULE 

SUB SAMPLE III    1980:1:1 – 2002:12:31 

PANEL A: 1 DAY HOLDING PERIOD 

MODEL NB NS BUY SELL BUY-SELL 

AR(1)      

50 Day Window 691 510 -0.00001 
(-0.03812) 

0.00001 
(0.02074) 

-0.00002 
(-0.04996) 

150 Day Window 720 481 -0.00011 
(-0.29884) 

0.00015 
(0.36380) 

-0.00026 
(-0.57253) 

200 Day Window 767 434 -0.00007 
(-0.20289) 

0.00012 
(0.26717) 

-0.00019 
(-0.40524) 

AVERAGE   -0.00006 0.00009 -0.00016 

AR(1)-GARCH(1,1)      

50 Day Window 717 484 -0.00020 
(-0.53433) 

0.00028 
(0.66705) 

-0.00047 
(-1.03915) 

150 Day Window 720 481 -0.00016 
(-0.43072) 

0.00022 
(0.53625) 

-0.00038 
(-0.83610) 

200 Day Window 752 449 -0.00015 
(-0.42774) 

0.00025 
(0.57411) 

-0.00040 
(-0.86599) 

AVERAGE   -0.00017 0.00025 -0.00042 

AR(1)-GARCH(1,1)-M      

50 Day Window 612 589 -0.00020 
(0.16239) 

-0.00033 
(-0.19017) 

0.00014 
(0.30550) 

150 Day Window 559 642 -5.03e-07 
(-0.001274) 

-7.99e-06 
(-0.02110) 

7.48e-06 
(0.01671) 

200 Day Window 555 646 0.00017 
(0.41895) 

-0.00015 
(-0.40080) 

0.00032 
(0.70951) 

AVERAGE   -0.00001 -0.00016 0.00016 

AR(1)-EGARCH(1,1)      

50 Day Window 693 508 0.00003 
(0.07481) 

-0.00005 
(-0.11798) 

0.00008 
(0.16801) 

150 Day Window 712 489 -0.00016 
(-0.44607) 

0.00023 
(0.54602) 

-0.00039 
(-0.85794) 

200 Day Window 739 462 -5.44e-06 
(-0.01503) 

-3.01e-06 
(-0.00710) 

-2.43e-06 
(-0.00530) 

AVERAGE   -0.00005 0.00006 -0.00010 
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PANEL B: FIXED 10 DAY HOLDING PERIOD 

MODEL NB NS BUY SELL BUY-SELL 

AR(1)      

50 Day Window 158 158 0.00174 
(-0.00121) 

0.00311 
(-0.00016) 

-0.00137 
(-0.51888) 

150 Day Window 181 180 -0.00315 
(-1.39246) 

-0.00190 
(-0.84033) 

-0.00125 
(-1.39246) 

200 Day Window 201 200 0.00070 
(0.31588) 

0.00165 
(0.74742) 

-0.00095 
(0.31588) 

AVERAGE   -0.00024 0.00095 -0.00119 

AR(1)-GARCH(1,1)      

50 Day Window 271 168 0.00085 
(0.41019) 

-0.00197 
(-0.85521) 

0.00282 
(1.35829) 

150 Day Window 220 113 -0.00140 
(-0.64661) 

0.00592* 
(2.30382) 

-0.00732** 
(-2.99037) 

200 Day Window 211 71 -0.00073 
(-0.33629) 

0.00096 
(0.32130) 

-0.00170 
(-0.58422) 

AVERAGE   -0.00043 0.00164 -0.00207 

AR(1)-GARCH(1,1)-M      

50 Day Window 232 231 -0.00136 
(-0.63714) 

-0.00146 
(-0.68263) 

0.00010 
(0.05017) 

150 Day Window 154 203 0.00025 
(0.10800) 

-0.00095 
(-0.43204) 

0.00121 
(0.53359) 

200 Day Window 144 193 0.00188 
(0.78247) 

-0.00383 
(-1.72101) 

0.00571* 
(2.45236) 

AVERAGE   0.00026 -0.00208 0.00234 

AR(1)-EGARCH(1,1)      

50 Day Window 142 141 0.00011 
(0.04670) 

0.00097 
(0.40348) 

-0.00086 
(-0.34237) 

150 Day Window 195 194 -0.00207 
(-0.92960) 

-0.00114 
(-0.51008) 

-0.00093 
(-0.43417) 

200 Day Window 203 202 -0.00010 
(-0.04345) 

0.00083 
(0.37666) 

-0.00093 
(-0.44064) 

AVERAGE   -0.00069 0.00022 -0.00091 

Numbers in parenthesis are t-ratios of a two-tailed test. 

The asterisks *(**) indicate significance at the 5(1) percent level. 
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RESULTS OF TIME-SERIES TRADING RULE 

SUB SAMPLE IV    1980:1:1 – 2002:12:31 

PANEL A: 1 DAY HOLDING PERIOD 

MODEL NB NS BUY SELL BUY-SELL 

AR(1)      

50 Day Window 646 555 -0.00001 
(-0.17971) 

0.00009 
(0.22419) 

-0.00017 
(-0.35032) 

150 Day Window 801 400 -0.00020 
(-0.51946) 

0.00049 
(0.85169) 

-0.00060 
(-1.18937) 

200 Day Window 848 353 -0.00023 
(-0.61355) 

0.00056 
(1.12574) 

-0.00079 
(-1.51049) 

AVERAGE   -0.00015 0.00038 -0.00052 

AR(1)-GARCH(1,1)      

50 Day Window 604 597 -0.00011 
(-0.26232) 

0.00012 
(0.28852) 

-0.00023 
(-0.47709) 

150 Day Window 806 395 -0.00011 
(-0.29277) 

0.00024 
(0.50049) 

-0.00035 
(-0.68970) 

200 Day Window 876 325 -0.00029 
(-0.79474) 

0.00080 
(1.55775) 

-0.00109* 
(-2.04331) 

AVERAGE   -0.00017 0.00039 -0.00056 

AR(1)-GARCH(1,1)-M      

50 Day Window 617 584 0.00017 
(0.41006) 

-0.00017 
(-0.40085) 

0.00033 
(0.70207) 

150 Day Window 730 471 -0.00030 
(-0.78659) 

0.00048 
(1.08058) 

-0.00079 
(-1.61862) 

200 Day Window 792 409 -0.00003 
(-0.34890) 

0.00027 
(0.57103) 

-0.00040 
(-0.79918) 

AVERAGE   -0.00005 0.00019 -0.00029 

AR(1)-EGARCH(1,1)      

50 Day Window 679 522 -0.00002 
(-0.05523) 

0.00004 
(0.09218) 

-0.00006 
(-0.12858) 

150 Day Window 772 429 -0.00009 
(-0.23991) 

0.00018 
(0.38400) 

-0.00027 
(-0.54244) 

200 Day Window 789 412 -0.00019 
(-0.49590) 

0.00037 
(0.79293) 

-0.00056 
(-1.11869) 

AVERAGE   -0.00010 0.00020 -0.00030 
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PANEL B: FIXED 10 DAY HOLDING PERIOD 

MODEL NB NS BUY SELL BUY-SELL 

AR(1)      

50 Day Window 134 135 -0.00458 
(-1.77229) 

-0.00365 
(-1.41371) 

-0.00094 
(-1.77229) 

150 Day Window 158 159 -0.00059 
(-0.23970) 

-0.00048 
(-0.19371) 

-0.00011 
(-0.23970) 

200 Day Window 147 148 0.00143 
(0.56541) 

0.00129 
(0.51184) 

0.00014 
(0.56541) 

AVERAGE   -0.00125 -0.00095 -0.00030 

AR(1)-GARCH(1,1)      

50 Day Window 241 266 0.00102 
(0.45466) 

0.00217 
(0.98682) 

-0.00115 
(-0.57861) 

150 Day Window 284 115 -0.00080 
(-0.36887) 

0.00062 
(0.23059) 

-0.00142 
(-0.57642) 

200 Day Window 317 74 -0.00240 
(-1.12594) 

0.00169 
(0.54165) 

-0.00409 
(-1.41546) 

AVERAGE   -0.00073 0.00149 -0.00222 

AR(1)-GARCH(1,1)-M      

50 Day Window 246 257 0.00125 
(0.55991) 

-0.00027 
(-0.12303) 

0.00152 
(0.76376) 

150 Day Window 265 167 -0.00266 
(-1.20930) 

0.00281 
(1.15148) 

-0.00547* 
(-2.47654_ 

200 Day Window 281 113 -0.00308 
(-1.41291) 

0.00114 
(0.42085) 

-0.00422 
(-1.69382) 

AVERAGE   -0.00150 0.00123 -0.00272 

AR(1)-EGARCH(1,1)      

50 Day Window 160 161 -0.00260 
(-1.05240) 

-0.00010 
(-0.04010) 

-0.00250 
(-1.00035) 

150 Day Window 164 164 -0.00257 
(-1.04856) 

-0.00182 
(-0.74449) 

-0.00075 
(-0.30181) 

200 Day Window 162 163 -0.00190 
(-0.77391) 

-0.00144 
(-0.58592) 

-0.00046 
(-0.18722) 

AVERAGE   -0.00236 -0.00112 -0.00124 

Numbers in parenthesis are t-ratios of a two-tailed test. 

The asterisks *(**) indicate significance at the 5(1) percent level. 
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Appendix 9 Sub-Sample Results for Combined AR(1) Model and Technical Trading 

Rules 

RESULTS FOR COMBINED AR(1) MODEL AND TECHNICAL TRADING RULES 

SUB SAMPLE I                    1980:1:1 – 1985:9:30 

PANEL A:          AR(1) MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 523 398 0.00051 -0.00092 0.00143* 

   (1.13568) (-1.86581) (2.51709) 

(1,150,0) 526 305 0.00060 -0.00090 0.00150* 

   (1.33172) (-1.64910) (2.43691) 

(5,150,0) 515 292 0.00046 -0.00097 0.00143* 

   (1.01210) (-1.74593) (2.28301) 

(1,200,0) 525 292 0.00024 -0.00108 0.00132* 

   (0.53202) (-1.93171) (2.10799) 

(2,200,0) 525 289 0.00028 -0.00105 0.00133* 

   (0.62820) (-1.87069) (2.12229) 

AVERAGE   0.00042 -0.00098 0.00140 

PANEL B:          AR(1) MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 11 14 0.00702 -0.01135 0.01837 

   (0.68278) (-1.23470) (1.37956) 

(1,150,0) 10 8 0.01538 -0.00146 0.01684 

   (1.42953) (-0.12217) (1.07400) 

(5,150,0) 7 6 0.02106 -0.02403 0.04508* 

   (1.65179) (-1.74986) (2.45182) 

(1,200,0) 9 9 0.01098 -0.00871 0.01969 

   (0.97118) (-0.77009) (1.26362) 

(2,200,0) 11 10 0.01120 -0.01231 0.02351 

   (1.08936) (-1.14430) (1.62814) 

AVERAGE   0.01313 -0.01157 0.02470 

Continues on next page. 
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Continued from previous page. 

PANEL C:          AR(1) MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 46 30 0.00551 -0.01164 0.01715* 

   (1.00240) (-1.77753) (2.21097) 

(1,150,0) 30 16 0.00610 -0.01397 0.02007 

   (0.93116) (-1.61633) (1.96162) 

(1,200,0) 30 16 0.00847 -0.01397 0.02244* 

   (1.29321) (-1.61633) (2.19332) 

AVERAGE   0.00669 -0.01319 0.02007 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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RESULTS FOR COMBINED AR(1) MODEL AND TECHNICAL TRADING RULES 

SUB SAMPLE II                    1985:10:1 – 1991:6:30 

PANEL A:          AR(1) MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 586 366 0.00076 -0.00098 0.00174 

   (1.11652) (-1.20567) (1.92517) 

(1,150,0) 517 368 0.00034 0.00011 0.00022 

   (0.46881) (0.14017) (0.23915) 

(5,150,0) 512 364 0.00036 -0.00006 0.00042 

   (0.49518) (-0.07856) (0.44983) 

(1,200,0) 478 358 0.00009 0.00086 -0.00077 

   (0.12272) (1.04534) (-0.80570) 

(2,200,0) 477 358 0.00011 0.00090 -0.00079 

   (0.14405) (1.09467) (-0.83123) 

AVERAGE   0.00033 0.00017 0.00016 

PANEL B:          AR(1) MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 12 9 0.02342 -0.06390** 0.08732** 

   (1.62771) (-3.87847) (4.11167) 

(1,150,0) 7 6 0.01215 -0.02595 0.03810 

   (0.65402) (-1.29718) (1.42205) 

(5,150,0) 3 2 0.01223 -0.11508** 0.12731 

   (0.43605) (-3.35941) (2.89576) 

(1,200,0) 6 5 -0.00337 -0.02774 0.02436 

   (-0.16863) (-1.26914) (0.83539) 

(2,200,0) 5 5 0.00350 -0.02761 0.03111 

   (0.16002) (-1.26332) (1.02123) 

AVERAGE   0.00959 -0.05206 0.06164 

Continues on next page. 
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Continued from previous page. 

PANEL C:          AR(1) MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 63 26 0.01490* -0.01307 0.02797* 

   (2.09599) (-1.28793) (2.49131) 

(1,150,0) 43 13 0.02156** -0.01175 0.03331* 

   (2.62149) (-0.84750) (2.18533) 

(1,200,0) 35 11 0.02168* -0.01557 0.03725* 

   (2.42448) (-1.03874) (2.23768) 

AVERAGE   0.01938 -0.01346 0.03284 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   

 



 206 

 

RESULTS FOR COMBINED AR(1) MODEL AND TECHNICAL TRADING RULES 

SUB SAMPLE III                    1991:7:1 – 1997:3:31 

PANEL A:          AR(1) MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 579 350 0.00002 -0.00029 0.00031 

   (0.05214) (-0.61569) (0.59132) 

(1,150,0) 579 287 6.20e-07 -0.00009 0.00009 

   (0.00158) (-0.18397) (0.16855) 

(5,150,0) 578 284 0.00008 0.00025 -0.00017 

   (0.21550) (0.49090) (-0.29644) 

(1,200,0) 597 242 -0.000147 -0.00035 0.00021 

   (-0.36343) (-0.64142) (0.35425) 

(2,200,0) 598 244 -0.00015 -0.00033 0.00018 

   (-0.37995) (-0.60962) (0.31321) 

AVERAGE   -0.00004 -0.00016 0.00012 

PANEL B:          AR(1) MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 17 15 0.00280 0.01196* -0.00916 

   (0.51947) (2.09807) (-1.22253) 

(1,150,0) 6 7 -0.00069 -0.00400 0.00330 

   (-0.07893) (-0.48987) (0.28068) 

(5,150,0) 4 4 -0.00080 0.00230 -0.00310 

   (-0.07469) (0.21527) (-0.20745) 

(1,200,0) 11 2 -0.00190 -0.01309 0.01119 

   (-0.28809) (-0.87015) (0.68853) 

(2,200,0) 7 5 -0.00256 -0.00897 0.00641 

   (-0.31376) (-0.93413) (0.51724) 

AVERAGE   -0.00063 -0.00236 0.00173 

Continues on next page. 
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PANEL C:          AR(1) MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 60 27 -0.00242 -0.00637 0.00395 

   (-0.76261) (-1.45367) (0.80553) 

(1,150,0) 50 13 -0.00400 -0.00236 -0.00165 

   (-1.17562) (-0.39708) (-0.25007) 

(1,200,0) 38 10 -0.00188 -0.00404 0.00216 

   (-0.49442) (-0.58693) (0.28770) 

AVERAGE   -0.00277 -0.00426 0.00149 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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RESULTS FOR COMBINED AR(1) MODEL AND TECHNICAL TRADING RULES 

SUB SAMPLE IV                    1997:4:1 – 2002:12:31 

PANEL A:          AR(1) MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 507 385 0.00012 0.00014 -0.00002 

   (0.26928) (0.29080) (-0.04097) 

(1,150,0) 642 241 -0.00030 0.00022 -0.00052 

   (-0.75051) (0.39325) (-0.83445) 

(5,150,0) 636 239 -0.00038 0.00025 -0.00063 

   (-0.92705) (0.43448) (-1.00482) 

(1,200,0) 694 203 -0.00021 0.00117 -0.00138* 

   (-0.52409) (1.86817) (-2.08987) 

(2,200,0) 701 204 -0.00023 0.00114 -0.00136* 

   (-0.58432) (1.81783) (-2.07955) 

AVERAGE   -0.00020 0.00058 -0.00078 

PANEL B:          AR(1) MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 12 19 0.01533* -0.00231 -0.01302 

   (-2.29515) (-0.42702) (-1.57931) 

(1,150,0) 16 6 0.00057 -0.00139 0.00196 

   (0.09670) (-0.14967) (0.18272) 

(5,150,0) 10 5 0.00713 -0.02144* 0.02857* 

   (0.97920) (-2.11337) (2.33273) 

(1,200,0) 10 7 0.01447 0.02493** 0.01045 

   (1.98906) (2.89003) (-0.94841) 

(2,200,0) 3 6 0.00073 0.02154* -0.02081 

   (0.05585) (2.31906) (-1.31646) 

AVERAGE   0.00765 0.00427 0.00143 

Continues on next page. 
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PANEL C:          AR(1) MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 49 35 -0.00108 0.00423 -0.00532 

   (-0.29891) (1.01896) (-1.07418) 

(1,150,0) 35 15 -0.00499 0.00600 -0.01099 

   (-1.20201) (0.99642) (-1.59321) 

(1,200,0) 27 13 -0.00613 0.01407* -0.02020* 

   (-1.32263) (2.18697) (-2.67662) 

AVERAGE   -0.00407 0.00810 -0.01217 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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Appendix 10 Sub-Sample Results for Combined AR(1)-GARCH(1,1) Model and 

Technical Trading Rules 

RESULTS FOR COMBINED AR(1)-GARCH(1,1) MODEL AND TECHNICAL TRADING RULES 

SUB SAMPLE I                    1980:1:1 – 1985:9:30 

PANEL A:   AR(1)-GARCH(1,1) MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 522 385 0.00052 -0.00076 0.00128* 

   (1.14896) (-1.52335) (2.22490) 

(1,150,0) 524 292 0.00065 -0.00094 0.00159* 

   (1.44297) (-1.68352) (2.53891) 

(5,150,0) 513 279 0.00051 -0.00101 0.00152* 

   (1.12409) (-1.78450) (2.39156) 

(1,200,0) 530 284 0.00031 -0.00106 0.00138* 

   (0.70404) (-1.88492) (2.19071) 

(2,200,0) 530 281 0.00031 -0.00112 0.00143* 

   (0.69875) (-1.97240) (2.26522) 

AVERAGE   0.00046 -0.00098 0.00144 

PANEL B:     AR(1)-GARCH(1,1) MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 15 18 0.02447** -0.01460 0.03907** 

   (2.74828) (-1.78164) (3.38143) 

(1,150,0) 10 8 0.01538 -0.00146 0.01684 

   (1.42953) (-0.12217) (1.07400) 

(5,150,0) 7 6 0.02106 -0.02403 0.04508* 

   (1.65179) (-1.74986) (2.45182) 

(1,200,0) 10 8 0.00943 -0.00408 0.01351 

   (0.87672) (-0.34091) (0.86157) 

(2,200,0) 11 10 0.01120 -0.01231 0.02351 

   (1.08936) (-1.14430) (1.62814) 

AVERAGE   0.01631 -0.01130 0.02760 

Continues on next page. 
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PANEL C:          AR(1)-GARCH(1,1) MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 42 27 0.00409 -0.01395* 0.01804* 

   (0.71733) (-2.03624) (2.21224) 

(1,150,0) 31 16 0.00685 -0.01397 0.02083* 

   (1.06121) (-1.61633) (2.04700) 

(1,200,0) 31 16 0.00834 -0.01397 0.02232* 

   (1.29224) (-1.61633) (2.19364) 

AVERAGE   0.00643 -0.01396 0.02040 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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RESULTS FOR COMBINED AR(1)-GARCH(1,1) MODEL AND TECHNICAL TRADING RULES 

SUB SAMPLE II                    1985:10:1 – 1991:6:30 

PANEL A:   AR(1)-GARCH(1,1) MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 586 343 0.00094 -0.00025 0.00119 

   (1.37904) (-0.29682) (1.28959) 

(1,150,0) 521 317 0.00010 0.00002 0.00009 

   (0.14650) (0.02079) (0.08947) 

(5,150,0) 509 306 0.00015 -0.00015 0.00030 

   (0.20912) (-0.17224) (0.30540) 

(1,200,0) 488 314 0.00018 0.00049 -0.00031 

   (0.24118) (0.56881) (-0.31939) 

(2,200,0) 487 314 0.00019 0.00054 -0.00034 

   (0.26239) (0.62223) (-0.35018) 

AVERAGE   0.00031 0.00013 0.00019 

PANEL B:     AR(1)-GARCH(1,1) MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 13 14 0.01760 -0.04189 0.05948** 

   (1.26951) (-3.12722) (3.20669) 

(1,150,0) 8 9 0.01001 -0.01850 0.02852 

   (0.57464) (-1.12314) (1.21861) 

(5,150,0) 5 4 0.00980 -0.06269* 0.07249 

   (0.44834) (-2.57301) (2.24366) 

(1,200,0) 6 4 -0.00337 -0.02642 0.02305 

   (-0.16863) (-1.08440) (0.74133) 

(2,200,0) 6 5 0.00090 -0.02761 0.02851 

   (0.04498) (-1.26332) (0.97759) 

AVERAGE   0.00699 -0.03542 0.04241 

Continues on next page. 
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PANEL C:          AR(1)-GARCH(1,1) MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 62 22 0.01642* -0.00421 0.02064 

   (2.29651) (-0.38610) (1.72669) 

(1,150,0) 43 14 0.02156** -0.01652 0.03808* 

   (2.62149) (-1.23343) (2.56991) 

(1,200,0) 34 12 0.02218* -0.01644 0.03862* 

   (2.45016) (-1.14265) (2.38819) 

AVERAGE   0.02005 -0.01239 0.03249 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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RESULTS FOR COMBINED AR(1)-GARCH(1,1) MODEL AND TECHNICAL TRADING RULES 

SUB SAMPLE III                    1991:7:1 – 1997:3:31 

PANEL A:   AR(1)-GARCH(1,1) MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 571 316 -0.00005 -0.00002 -0.00003 

   (-0.12880) (-0.03576) (-0.06113) 

(1,150,0) 574 283 -0.00002 -0.00001 -0.00001 

   (-0.05984) (-0.02138) (-0.02236) 

(5,150,0) 570 277 0.00004 0.00029 -0.00026 

   (0.09555) (0.56991) (-0.45229) 

(1,200,0) 593 254 -0.00016 -0.00013 -0.00003 

   (-0.41696) (-0.24707) (-0.05152) 

(2,200,0) 594 256 -0.00020 -0.00018 -0.00017 

   (-0.50241) (-0.33454) (-0.02905) 

AVERAGE   -0.00008 -0.00001 -0.00010 

PANEL B:     AR(1)-GARCH(1,1) MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 23 17 0.00220 0.00746 -0.00526 

   (0.46818) (1.38674) (-0.77784) 

(1,150,0) 10 9 -0.00284 0.00332 -0.00615 

   (-0.41189) (0.45873) (-0.63330) 

(5,150,0) 6 3 -0.00546 -0.00176 -0.00369 

   (-0.62110) (-0.14322) (-0.24693) 

(1,200,0) 11 3 -0.00093 -0.03490** 0.03397* 

   (-0.14131) (-2.83344) (2.46626) 

(2,200,0) 11 7 -0.00104 -0.00840 0.00736 

   (-0.15789) (-1.02934) (0.71955) 

AVERAGE   -0.00161 -0.00686 0.00525 

Continues on next page. 
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PANEL C:          AR(1)-GARCH(1,1) MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 60 27 -0.00185 -0.00620 0.00435 

   (-0.58245) (-1.41368) (0.88660) 

(1,150,0) 50 13 -0.00404 0.00236 -0.00169 

   (-1.18768) (-0.38708) (-0.25631) 

(1,200,0) 42 9 -0.00233 -0.00385 0.00153 

   (-0.63809) (-0.53267) (0.19658) 

AVERAGE   -0.00274 -0.00256 0.00140 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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RESULTS FOR COMBINED AR(1)-GARCH(1,1) MODEL AND TECHNICAL TRADING RULES 

SUB SAMPLE IV                    1997:4:1 – 2002:12:31 

PANEL A:   AR(1)-GARCH(1,1) MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 453 372 0.00010 0.00014 -0.00003 

   (0.22532) (0.27740) (-0.05768) 

(1,150,0) 644 241 -0.00028 0.00019 -0.00046 

   (-0.68476) (0.32103) (-0.74297) 

(5,150,0) 636 229 -0.00028 -0.00004 -0.00024 

   (-0.69771) (-0.06820) (-0.39018) 

(1,200,0) 689 169 -0.00037 0.00107 -0.00144* 

   (-0.93347) (1.57800) (-2.03001) 

(2,200,0) 694 168 -0.00040 0.00101 -0.00141 

   (-1.01241) (1.48682) (-1.98577) 

AVERAGE   -0.00025 0.00047 -0.00072 

PANEL B:     AR(1)-GARCH(1,1) MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 17 25 -0.01517** -0.00884 -0.00633 

   (-2.66571) (-1.84436) (-0.90040) 

(1,150,0) 19 11 0.00393 -0.00856 0.01249 

   (0.72618) (-1.23067) (1.47454) 

(5,150,0) 12 7 0.00072 -0.02768** 0.02840* 

   (0.10766) (-3.20954) (2.67060) 

(1,200,0) 19 8 0.01047 0.02083* -0.01036 

   (1.93424) (2.57415) (-1.09943) 

(2,200,0) 16 12 0.00965 0.00854 0.00110 

   (1.64932) (1.27897) (0.12914) 

AVERAGE   0.00007 -0.00145 0.00151 

Continues on next page. 
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PANEL C:          AR(1)-GARCH(1,1) MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 46 36 -0.00277 0.01005* -0.01281* 

   (-0.74432) (2.44746) (-2.57519) 

(1,150,0) 34 16 -0.00428 0.00946 -0.01374* 

   (-1.01785) (1.61785) (-2.02688) 

(1,200,0) 26 13 -0.00532 0.01407* -0.01939* 

   (-1.12943) (2.18697) (-2.55350) 

AVERAGE   -0.00412 0.01119 -0.01531 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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Appendix 11 Sub-Sample Results for Combined AR(1)-GARCH(1,1)-M Model and 

Technical Trading Rules 
RESULTS FOR COMBINED AR(1)-GARCH(1,1)-M MODEL AND TECHNICAL TRADING 

RULES 

SUB SAMPLE I                    1980:1:1 – 1985:9:30 

PANEL A: AR(1)-GARCH(1,1)-M MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) 
RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 498 356 0.00051 -0.00081 0.00133* 

   (1.12352) (-1.57639) (2.23366) 

(1,150,0) 539 289 0.00073 -0.00143* 0.00216** 

   (1.65773) (-2.55109) (3.47176) 

(5,150,0) 527 275 0.00057 -0.00159** 0.00217** 

   (1.27873) (-2.78839) (3.40426) 

(1,200,0) 531 282 0.00036 -0.00122* 0.00159* 

   (0.81597) (-2.16321) (2.52001) 

(2,200,0) 531 279 0.00036 -0.00128* 0.00164** 

   (0.81069) (-2.25287) (2.59648) 

AVERAGE   0.00051 -0.00127 0.00178 

PANEL B:     AR(1)-GARCH(1,1)-M MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 9 10 0.01290 -0.00179 0.01469 

   (1.14092) (-0.16604) (0.96707) 

(1,150,0) 10 9 0.02387* -0.00088 0.02476 

   (2.21954) (-0.07812) (1.63030) 

(5,150,0) 7 7 0.02106 -0.02006 0.04112* 

   (1.65179) (-1.57356) (2.32742) 

(1,200,0) 10 7 0.00943 -0.00099 0.01042 

   (0.87672) (-0.07787) (0.63993) 

(2,200,0) 11 9 0.01120 -0.01082 0.02203 

   (1.08936) (-0.95736) (1.48283) 

AVERAGE   0.01569 -0.00691 0.02260 

Continues on next page. 
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PANEL C:          AR(1)-GARCH(1,1)-M MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 55 21 0.01515* -0.00116 0.01631 

   (2.02642) (-0.10400) (1.32015) 

(1,150,0) 30 18 0.00761 -0.00959 0.01720 

   (1.16232) (-1.17012) (1.74545) 

(1,200,0) 31 16 0.00834 -0.01397 0.02232* 

   (1.29224) (-1.61633) (2.19364) 

AVERAGE   0.01037 -0.00824 0.01861 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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RESULTS FOR COMBINED AR(1)-GARCH(1,1)-M MODEL AND TECHNICAL TRADING 
RULES 

SUB SAMPLE II                    1985:10:1 – 1991:6:30 

PANEL A:   AR(1)-GARCH(1,1)-M MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) 
RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 499 359 0.00093 -0.00020 0.00112 

   (1.27953) (-0.24179) (1.19500) 

(1,150,0) 440 311 0.00085 0.00064 0.00021 

   (1.11742) (0.73613) (0.20837) 

(5,150,0) 431 303 0.00094 0.00052 0.00042 

   (1.23031) (0.59166) (0.41416) 

(1,200,0) 445 311 0.00090 0.00047 0.00043 

   (1.19350) (0.53829) (0.43284) 

(2,200,0) 443 310 0.00092 0.00052 0.00041 

   (1.22279) (0.59776) (0.40373) 

AVERAGE   0.00091 0.00039 0.00052 

PANEL B:     AR(1)-GARCH(1,1)-M MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 9 15 0.01904 -0.02679* 0.04583* 

   (1.15587) (-2.06455) (2.25700) 

(1,150,0) 6 9 0.00380 -0.00134 0.00514 

   (0.18979) (-0.08152) (0.20251) 

(5,150,0) 4 5 0.00585 -0.04162 0.04746 

   (0.23993) (-1.90425) (1.46908) 

(1,200,0) 6 4 -0.00337 -0.00123 -0.00214 

   (-0.16863) (-0.05053) (-0.06893) 

(2,200,0) 6 4 0.00090 -0.00235 0.00325 

   (0.04498) (-0.09666) (0.10470) 

AVERAGE   0.00524 -0.01467 0.01991 

Continues on next page. 
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PANEL C:          AR(1)-GARCH(1,1)-M MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 55 21 0.01515* -0.00116 0.01631 

   (2.02642) (-0.10400) (1.32015) 

(1,150,0) 36 12 0.02060* -0.00194 0.02254 

   (2.32994) (-0.13467) (1.40376) 

(1,200,0) 32 11 0.02170* -0.01344 0.03614* 

   (2.33672) (-0.89698) (2.08749) 

AVERAGE   0.01915 -0.00551 0.02500 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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RESULTS FOR COMBINED AR(1)-GARCH(1,1)-M MODEL AND TECHNICAL TRADING 
RULES 

SUB SAMPLE III                    1991:7:1 – 1997:3:31 

PANEL A:   AR(1)-GARCH(1,1)-M MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) 
RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 506 355 0.00019 -0.00018 0.00037 

   (0.45222) (-0.38464) (0.68182) 

(1,150,0) 444 313 -0.00024 -0.00068 0.00044 

   (-0.56565) (-1.38792) (0.76776) 

(5,150,0) 441 308 -0.00015 -0.00039 0.00025 

   (-0.34481) (-0.79698) (0.42694) 

(1,200,0) 448 305 -0.00001 -0.00050 0.00049 

   (-0.02357) (-1.01172) (0.85629) 

(2,200,0) 448 306 -0.00005 -0.00053 0.00048 

   (-0.11064) (-1.06899) (0.84043) 

AVERAGE   -0.00005 -0.00046 0.00041 

PANEL B:     AR(1)-GARCH(1,1)-M MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 16 19 0.00541 0.01342** -0.00800 

   (0.97862) (2.62166) (-1.11516) 

(1,150,0) 5 12 0.00280 -0.00377 0.00656 

   (0.29160) (-0.59602) (0.58310) 

(5,150,0) 4 6 -0.00080 0.01363 -0.01443 

   (-0.07469) (1.55163) (-1.05714) 

(1,200,0) 9 10 -0.00438 -0.00780 0.00342 

   (-0.60562) (-1.13283) (0.35149) 

(2,200,0) 6 12 0.00376 -0.00302 0.00677 

   (0.42749) (-0.47720) (0.64031) 

AVERAGE   0.00679 0.01246 -0.00568 

Continues on next page. 

 



 223 

 
Continued from previous page. 

PANEL C:          AR(1)-GARCH(1,1)-M MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 59 29 -0.00169 -0.00524 0.00355 

   (-0.52873) (-1.23254) (0.73984) 

(1,150,0) 44 12 -0.00275 -0.00039 -0.00236 

   (-0.76925) (-0.06171) (-0.34317) 

(1,200,0) 33 11 -0.00424 -0.00282 -0.00142 

   (-1.05353) (-0.42902) (-0.19246) 

AVERAGE   -0.00868 -0.00845 -0.00023 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   

 



 224 

 

RESULTS FOR COMBINED AR(1)-GARCH(1,1)-M MODEL AND TECHNICAL TRADING 
RULES 

SUB SAMPLE IV                    1997:4:1 – 2002:12:31 

PANEL A:   AR(1)-GARCH(1,1)-M MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) 
RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 460 366 0.00022 -0.00018 0.00039 

   (0.48145) (-0.35679) (0.68102) 

(1,150,0) 565 238 -0.00019 0.00104 -0.00123 

   (-0.46214) (1.76955) (-1.92984) 

(5,150,0) 561 230 -0.00019 0.00085 -0.00104 

   (-0.45650) (1.43421) (-1.61658) 

(1,200,0) 613 177 -0.00038 0.00030 -0.00068 

   (-0.91744) (0.45240) (-0.96057) 

(2,200,0) 613 171 -0.00035 0.00048 -0.00083 

   (-0.85145) (0.70722) (-1.15710) 

AVERAGE   -0.00018 0.00050 -0.00068 

PANEL B:     AR(1)-GARCH(1,1)-M MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 22 24 -0.00246 -0.00531 0.00285 

   (-0.48583) (-1.08850) (0.43139) 

(1,150,0) 18 13 0.00090 -0.00054 0.00144 

   (0.16182) (-0.08367) (0.17639) 

(5,150,0) 9 7 -0.00107 -0.01063 0.00956 

   (-0.14043) (-1.23267) (0.84813) 

(1,200,0) 15 13 0.01009 0.00172 0.00837 

   (1.67484) (0.26723) (0.98780) 

(2,200,0) 13 13 0.01006 0.00968 0.00038 

   (1.56337) (1.50460) (0.04313) 

AVERAGE   0.00350 -0.00102 0.00452 

Continues on next page. 
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PANEL C:          AR(1)-GARCH(1,1)-M MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 47 40 -0.00217 0.00569 -0.00786 

   (-0.58960) (1.44634) (-1.63417) 

(1,150,0) 27 16 -0.00663 0.00845 -0.01508* 

   (-1.43053) (1.44467) (-2.13747) 

(1,200,0) 25 14 -0.00406 0.01489* -0.01895* 

   (-0.84755) (2.39425) (-2.53883) 

AVERAGE   -0.00429 0.00968 -0.01396 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   



 226 

Appendix 12 Sub-Sample Results for Combined AR(1)-EGARCH(1,1) Model and 

Technical Trading Rules 

RESULTS FOR COMBINED AR(1)-EGARCH(1,1) MODEL AND TECHNICAL TRADING RULES 

SUB SAMPLE I                    1980:1:1 – 1985:9:30 

PANEL A:  AR(1)-EGARCH(1,1) MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) 
RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 524 362 0.00062 -0.00112* 0.00174** 

   (1.38130) (-2.18543) (2.97579) 

(1,150,0) 538 305 0.00059 -0.00087 0.00146* 

   (1.33019) (-1.58438) (2.38038) 

(5,150,0) 527 292 0.00045 -0.00094 0.00139* 

   (1.01523) (-1.67950) (2.22945) 

(1,200,0) 526 292 0.00033 -0.00099 0.00132* 

   (0.73646) (-1.77967) (2.11900) 

(2,200,0) 526 289 0.00033 -0.00104 0.00137* 

   (0.73115) (-1.86496) (2.19109) 

AVERAGE   0.00046 -0.00099 0.00146 

PANEL B:     AR(1)-EGARCH(1,1) MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 11 12 0.00821 -0.01332 0.02153 

   (0.79799) (-1.34947) (1.56067) 

(1,150,0) 10 8 0.01538 -0.00146 0.01684 

   (1.42953) (-0.12217) (1.07400) 

(5,150,0) 7 6 0.02106 -0.02403 0.04508* 

   (1.65179) (-1.74986) (2.45182) 

(1,200,0) 10 8 0.00943 -0.00408 0.01351 

   (0.87672) (-0.34091) (0.86157) 

(2,200,0) 11 10 0.01120 -0.01231 0.02351 

   (1.08936) (-1.14430) (1.62814) 

AVERAGE   0.01306 -0.01104 0.02409 

Continues on next page. 



 227 

 
Continued from previous page. 

PANEL C:          AR(1)-EGARCH(1,1) MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 42 29 0.00461 -0.01298 0.01759* 

   (0.80877) (-1.95372) (2.20403) 

(1,150,0) 32 16 0.00738 -0.01397 0.02136* 

   (1.15876) (-1.61633) (2.11039) 

(1,200,0) 30 16 0.00847 -0.01397 0.02244* 

   (1.29321) (-1.61633) (2.19332) 

AVERAGE   0.00682 -0.01364 0.02046 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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RESULTS FOR COMBINED AR(1)-EGARCH(1,1) MODEL AND TECHNICAL TRADING RULES 

SUB SAMPLE II                    1985:10:1 – 1991:6:30 

PANEL A:  AR(1)-EGARCH(1,1) MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) 
RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 565 359 0.00082 -0.00036 0.00118 

   (1.18603) (-0.44083) (1.28948) 

(1,150,0) 516 315 0.00034 -0.00005 0.00038 

   (0.47208) (-0.05379) (0.39519) 

(5,150,0) 506 306 0.00034 -0.00029 0.00063 

   (0.47689) (-0.33284) (0.64341) 

(1,200,0) 476 315 0.00017 0.00025 -0.00008 

   (0.23143) (0.28601) (-0.07670) 

(2,200,0) 475 315 0.00019 0.00029 -0.00011 

   (0.25297) (0.33933) (-0.10692) 

AVERAGE   0.00037 -0.00003 0.00040 

PANEL B:     AR(1)-EGARCH(1,1) MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 11 13 0.02058 -0.04892** 0.06950** 

   (1.37337) (-3.52905) (3.52252) 

(1,150,0) 7 10 0.01679 -0.01549 0.03227 

   (0.90382) (-0.98800) (1.35988) 

(5,150,0) 5 3 0.00980 -0.07525** 0.08505 

   (0.44834) (-2.68265) (2.41815) 

(1,200,0) 6 4 -0.00337 -0.02642 0.02305 

   (-0.16863) (-1.08440) (0.74133) 

(2,200,0) 6 5 0.00090 -0.02761 0.02851 

   (0.04498) (-1.26332) (0.97759) 

AVERAGE   0.00894 -0.03874 0.04768 

Continues on next page. 
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Continued from previous page. 

PANEL C:          AR(1)-EGARCH(1,1) MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 62 24 0.01634* -0.00664 0.02298 

   (2.28506) (-0.63208) (1.98482) 

(1,150,0) 44 12 0.02118* -0.01346 0.03465* 

   (2.59897) (-0.93571) (2.20901) 

(1,200,0) 36 10 0.02238* -0.01275 0.03513* 

   (2.53137) (-0.81378) (2.04081) 

AVERAGE   0.01997 -0.01095 0.03092 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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RESULTS FOR COMBINED AR(1)-EGARCH(1,1) MODEL AND TECHNICAL TRADING RULES 

SUB SAMPLE III                    1991:7:1 – 1997:3:31 

PANEL A:  AR(1)-EGARCH(1,1) MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) 
RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 565 333 0.00015 -0.00016 0.00031 

   (0.37765) (-0.34079) (0.58437) 

(1,150,0) 566 282 -0.00006 -0.00007 0.00002 

   (-0.14022) (-0.14367) (0.03235) 

(5,150,0) 560 274 2.18e-06 0.00022 -0.00022 

   (0.00550) (0.43239) (-0.38884) 

(1,200,0) 575 248 0.00002 -0.00018 0.00019 

   (0.03834) (-0.32535) (0.32431) 

(2,200,0) 575 249 -0.00005 -0.00030 0.00025 

   (-0.13008) (-0.55026) (0.41811) 

AVERAGE   0.00001 -0.00010 0.00011 

PANEL B:     AR(1)-EGARCH(1,1) MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 20 20 0.00348 0.00755 -0.00407 

   (0.69607) (1.51017) (-0.60876) 

(1,150,0) 10 10 -0.00284 -0.00002 -0.00282 

   (-0.41189) (-0.00225) (-0.29811) 

(5,150,0) 6 4 -0.00546 0.00230 -0.00776 

   (-0.62110) (0.21527) (-0.56844) 

(1,200,0) 11 4 -0.00177 -0.00619 0.00442 

   (-0.26922) (-0.57865) (0.35787) 

(2,200,0) 11 8 -0.00104 -0.00457 0.00353 

   (-0.15789) (-0.59703) (0.35916) 

AVERAGE   -0.00153 -0.00019 -0.00314 

Continues on next page. 
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Continued from previous page. 

PANEL C:          AR(1)-EGARCH(1,1) MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 61 28 -0.00115 -0.00809 0.00694 

   (-0.36439) (-1.87490) (1.43742) 

(1,150,0) 50 13 -0.00387 -0.00120 -0.00267 

   (-1.13551) (-0.19683) (-0.40521) 

(1,200,0) 40 10 -0.00277 -0.00404 0.00127 

   (-0.74481) (-0.58693) (0.16986) 

AVERAGE   -0.00260 -0.00444 0.00185 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   
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RESULTS FOR COMBINED AR(1)-EGARCH(1,1) MODEL AND TECHNICAL TRADING RULES 

SUB SAMPLE IV                    1997:4:1 – 2002:12:31 

PANEL A:  AR(1)-EGARCH(1,1) MODEL AND VARIABLE LENGTH MOVING AVERAGES (VMA) 
RULES 

VMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 524 368 0.00014 0.00007 0.00007 

   (0.32078) (0.14560) (0.11938) 

(1,150,0) 621 252 -0.00025 0.00019 -0.00044 

   (-0.61654) (0.33641) (-0.72008) 

(5,150,0) 620 247 -0.00023 0.00004 -0.00027 

   (-0.56682) (0.06114) (-0.42931) 

(1,200,0) 649 216 -0.00013 0.00113 -0.00126 

   (-0.31881) (1.85194) (-1.94015) 

(2,200,0) 653 214 -0.00012 0.00121 -0.00133* 

   (-0.30272) (1.98146) (-2.05341) 

AVERAGE   -0.00012 0.00053 -0.00065 

PANEL B:     AR(1)-EGARCH(1,1) MODEL AND FIXED LENGTH MOVING AVERAGES (FMA) RULES 

FMA RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 26 24 -0.00505 -0.00952 0.00447 

   (-1.07287) (-1.95236) (0.70608) 

(1,150,0) 15 15 0.00253 -0.00177 0.00430 

   (0.41969) (-0.29334) (0.52609) 

(5,150,0) 7 8 0.00420 -0.02143** 0.02563* 

   (0.48659) (-2.64908) (2.21465) 

(1,200,0) 10 14 0.00879 0.00971 -0.00092 

   (1.20782) (1.56076) (-0.09898) 

(2,200,0) 13 12 0.00887 0.01218 -0.00330 

   (1.37858) (1.82286) (-0.36919) 

AVERAGE   0.00387 -0.00217 0.00604 

Continues on next page. 
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PANEL C:          AR(1)-EGARCH(1,1) MODEL AND TRADING RANGE BREAKS (TRB) RULES 

TRB RULES bN  sN  BUY SELL BUY-SELL 

(1,50,0) 50 39 -0.00243 0.00641 -0.00884 

   (-0.67553) (1.61449) (-1.85155) 

(1,150,0) 35 18 -0.00476 0.01295* -0.01770** 

   (-1.14511) (2.33514) (-2.72931) 

(1,200,0) 25 13 -0.00498 0.01407* -0.01905* 

   (-1.03931) (2.18697) (-2.49213) 

AVERAGE   -0.00406 0.01114 -0.01520 

bN and sN are the number of BUY and SELL signals respectively. 

BUY(SELL) is the difference between the mean return in BUY(SELL) periods and the unconditional 
mean.  

BUY-SELL is the difference between the mean BUY period return and mean SELL period return.    

Numbers in parentheses are test statistics for a two-tailed test. 

Figures marked *(**) are significant at the 5(1) percent level of significance.   

 

 


