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Abstract 

The aim of this thesis is to evaluate the effectiveness of technical analytic indicators 

in the fixed income markets. Technical analysis is a widely used methodology by 

investors in the equity and foreign exchange markets, but the empirical evidence on 

the profitability of technical trading t:>ystems in the bond markets is sparse. There­

fore, this thesis serves as a coherent and systematic examination of technical trading 

systems in the government bond futures and bond yield markets. 

We investigate three aspects of technical analysis. First, we evaluate the profitabil­

ity of 7,991 technical trading systems in eight bond futures contracts. Our results 

provide mixed conclusions on the profitability these technical systems, since the re­

sults vary across different futures markets, even adjusting for data snooping effects 

and transaction costs. In addition. we find the profitability of the trading systems 

has declined in recent periods. Second, we examine the informativeness of technical 

chart patterns in the government benchmark bond yield and yield spread markets. 

We apply the non parametric regression methodology, including the N adaraya-Watson 

and local polynomial regression, to identify twelve chart patterns commonly taught 

by chartists. The empirical results show no incremental information are contained 

within these chart patterns that investors can systematically exploit to earn excess 

returns. Furthermore, we find that bond yield spreads are fundamentally different 

to price series such as equity prices or currencies. Lastly, we categorize and evaluate 

five type of price gaps in the financial markets for the first time. 'Ne apply our price 

gap categorisation to twenty-eight futures contracts. Our results support the Gap­

Fill hypothesis and find that some price gaps may provide additional information 

to investors by exhibiting returns that are statistically different to the unconditional 

returns over a short period of time. 

In conclusion, this thesis provides empirical evidence that broadly support the 

usage of technical analysis in the financial markets 
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Chapter 1 

Introduction 

Modern financial markets are complex and fascinating. One important characteristic 

of the modern financial system is the presence of organized market place for buying 

and selling financial assets. In these early stock exchanges, detailed financial price 

data of stocks and commodities are recorded daily, either updated on ticker tapes or 

chalk boards as brokers and dealers conduct transactions. 1 

Long before the advent of the efficient market hypothesis, market practitioners 

have already begun creating simple statistical methods to analyze these financial data. 

In 1884, Charles Dow developed the Dow Theory and created the Dow Industrial 

Index to track the broad movements of the US stock market2
, 29 years before Louis 

Bachelier (1900) applied the Random Walk theory to describe the movements of 

stock prices! Based on Dow's work and other early pioneers, a new field in finance 

has grown rapidly, one that uses price and volume data solely to predict future stock 

prices. Today, this field is known as technical analysis. 

What roles do technical analysts perform? In surnmary, the practice of technical 

analysis is defined by Pring (1991, p.2) to be: 

The technical approach to investment is essentially a reflection of the idea 

that prices move in trends that are determined by the changing attitudes 

of investors toward a variety of economic, monetary, political, and psycho­

logical forces. The art of technical analysis, for it is au art, is to identify a 

trend reversal at a relatively early stage and ride on that trend until the 

weight of the evidence shows or proves that the trend has reversed. 

1See. for example. !Vlichie (1999) for a11 accou11t of the historical cleveloprne11t of the Lonclo11 stock 
exchauge. 

2 See Ly11ch <mel Rothchild (1995, p.70) for a descriptio11 on the creation of the Dow .Jo11es Indus­
trial Index. 
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(1992) and Brace, Gaterek and I'viusiela (1997) frameworks for relative trading and 

derivatives hedging rather than using technical analysis in forecasting interest rates 

and bond yields. Hence, it would be very interesting to test how effective is technical 

analysis in the fixed income markets in terms of supporting investment strategies. 

For the rest of this chapter, we summarise and discuss the current state of affairs 

m technical analysis with applications to the fixed income markets. The objective 

here is not to provide a literature review of technical analysis since it has already 

been cornprehensively written by Park and Irwin (2004). Rather, we distill a number 

of major results from the literature into several stylized facts. For this purpose, we 

first provide an overview of the technical analytic indicators. Next, we describe and 

discuss three stylized facts about these technical indicators. Lastly, we discuss the 

scope of technical analysis in the fixed income markets. 

1.1 Technical Analysis: Facts and Fantasies 

1.1.1 An Overview of the Technical Indicators 

Developing and implementing technical trading systems require vast amount of efforts 

from traders, not to mention the critical need to keep abreast of the financial markets 

developments that may have an impact on the trading systems. Generally, technical 

analysis is an umbrella term for a myriad of indicators. There are numerous technical 

indicators and methods for investors to choose from. For a more thorough discussions 

of many of these methods, see Edwards and Magee (1966), Murphy (1986), Schwager 

(1996), Pring (1991), Bulkowski (2005) and Kaufman (2005). The following is a brief 

listing of the fundamental building blocks of technical indicators: 

1. Technical Theories. The advocation of technical theories marks the beginning 

of technical analysis. The key theories include Dow Theory, Fibonacci theory, 

Elliot Wave Theory (Prechter (1980)), Kondratieff Wave theory (Kondratieff 

( 1984)) and Gann Lines. Many technical analysts use these theories as a tool 

to track the overall performance of the markets over a period of time. The 

length of historical analysis varies among theories and analysts. See Brown, 

Goetzmann and Kumar (1998) for an analysis of the Dow hypothesis. 

2. Technical Charts and Chart Patterns. Charting is the foundation of tech­

nical analysis. The major chart types include line. bar, point-and-figure and 

candlesticks. Many chart patterns have been developed for ead1 of these charts 

in order to analyse the price actions. The major price patterns for line and bar 

charts include Head-and-Shoulders, Triangles, Broadening, Rectangles, Flags, 

4 



Double and Triple formation, (Bulkowski (2005)) while some of the major pat­

terns in candlestick charts are Takuri, Kubitsuri, Kabuse, Kirikomi, Tsutsumi, 

Hoshi, Narabi Kuro, Tasumi and Doji (Nison (1991)). Lastly, the major pat­

terns in point-and-figure charts include Bullish signals, Bearish signals. Cata­

pults formation, Long taiL Broadening formation, Relative Strength and Bullish 

Percent (Dorsey (2001)). No comparison has been made to see which charting 

method produces better investment results. 

3. Trend Following Indicators. This area provides the most popular technical 

indicators among technical analysts and traders. J\!Jajor trend-following strate­

gies include filters (Alexander (1961, 1964)). moving average and its variants, 

channel breakout, support and resistance, and swing trading. 7 In addition, the 

price distribution trading systems attempt to capture price trends based on the 

moments of the financial prices, with indicators such as skewness and kurtosis. 

4. Breath Indicators. Breath indicators analyse the volume aspect of the finan­

cial markets, usually in a manner that complements trend-following indicators 

or chart patterns. Indicators include volume, On-Balance volume, Accumulator 

and Ad vance-Decline system. (See Kaufman ( 2005)) 

5. Short-term Momentum Indicators. This category includes indicators like 

moving average convergence-divergence (MACD), momentum, Stochastics, rela­

tive strength index (R.SI), rate-of-change, percent R. (%R.), among many others, 

to track the short-term price movements. 

6. Sentiment Indicators. These indicators attempt to measure the broad mar­

ket psychology. Sentiment indicators include short-interest ratio, insider trad­

ing news reports, grouping of advisory services, mutual funds cash/asset ratio, 

analysis of margin debt, put/ call ratio, surveys of investment managers' views, 

investment newsletter sentiment, short interest. Barron's confident index and 

CBOE volatility index (fear gauge). Davis (2003) provides some interesting 

examples of contrarian indicators. 

7. Cycles and Seasons. Observing that financial markets exhibit cycles, tech­

nical analysts use a number of wave-based mathematical tools such as Fourier 

system to model these cycles. Studies of current business cycles are frequently 

couched in the framework of Dow theory or Kondratieff wave t.lwory. 

7 Kaufman (2005, p.l53) defines 'price swing' to be ·'a sustained price movements." Thus, swing 
trading attempts to capti.Jre these price swings. 
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8. Econometric Models. Recent advancements in econometrics techniques have 

popularised the usage of advance statistical tools in analyzing market behaviour. 

Models that technical analysts have employed include linear regression, ARilVIA 

models, stochastic volatility models such as AutoRegressive Conditional Het­

eroskedasticity (ARCH, Engle (1982)) and Generalized AutoRegressive Condi­

tional Heteroskedasticity (GARCH, Bollerslev (1986)), and state space models 

like Kalman Filter. How profitable these models are is yet to be ernpiricall:y 

verified. 

9. Network Models. Advancing computer technology has made complicated 

models like neural network, genetic algorithm, and chaos system popular among 

sophisticated traders, as these network models are able to handle complex, non­

linear multivariate relationships among numerous financial variables. However, 

the majority of the empirical research of these methodologies generally found 

negative results about their profitability. Neural network, ill particular. has 

been shown to generate inconsistent profits over time. (See, for example, vVhite 

(1988), Trippi and Turban (1992), Allen and Karjalainen (1999) and Ready 

( 2002)). Whether these methods are as widely used as simple indicators like 

moving average is not known. 8 

In summary, the number of technical analytic tools available to investors is enor­

mous. It is common for traders to combine one or more of the above indicators into 

a single and coherent trading system. Pring (1991, p.9), for instance, recommends 

that, ''No single indicator can ever be expected to signal trend reversals, and so it 

is essential to use a number of them together to build up a consensus.'' Pruitt and 

White (1988) and Pmitt, Tse and White (1992) combine several technical indicators, 

including Cumulative volume, Relative Strength and J\!Ioving Average indicators and 

assess their profitability. This strategy is commonly known as CRISMA. They find 

this system earned annualized mean excess returns of 1.0 to 5.2 percent after trans­

action costs in US equity markets over period 1986-1988, which outperformed the 

buy-hold strategy. But Goodacre, Bosher and Dove (1999) apply this strategy to UK 

equity market. over 1987-1996 and find little evidence of high exress return aftn tak­

ing transaction costs and risk into account. Similarly, Goodacre and Kohn-Spreyer 

(2001) discover this system generates little profits in the US market in the nineties 

after adding transaction costs and risk. But CRISMA system is only one possible 

8Tlw difficulties in using nenral network for trading pmpose are dne t.o (i) Sophisticated mathe­
matical methods involved, (ii) No a priori hypothesis on selected explanatory variables. The reper­

. cussion. is that neural network provides no explanation as to why the forecasts are inaccurate a11d 
when the network will likely to provide good forecasts, and (iii) Neural network are prone to over­
trainiHg and faulty optimization. (See, for example, McNelis (2005)) 
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( 1994), l'vlenkhoff and Schl umberger ( 1997), Lee and Mathur ( 1996a, 1996b), 

Kho (1996), Szakmary and Mathur (1997), Chang and Osler (1999), LeBaron 

(1999), Maillet and Michel (2000), Okunev and White (2003), Lee, Gleason 

and Mathur (2001), Lee, Pan and Liu (2001), l'vlartin (2001), Neely (2002), 

Saacke ( 2002) and Sapp ( 2004). They report that a variety of technical rules 

are consistently profitable in the currency markets, even during central bank 

intervention. In the equity markets, Brock, Lakonishok and LeBaron (1992), 

Bessembinder and Chan (1995), Huang (1995), Wong (1995), Raj and Thurston 

(1996), Mills (1991, 1997), Hudson, Dempsey and Keasey (1996), Gencay and 

Stengos (1997), Ito (1999), Ratner and Leal (1999), Coutt and Cheung (2000), 

Gunasekarage and Power (2001) and Ready (2002) have found on average that 

technical indicators yield positive returns in developed and developing capital 

markets. But many of these studies conclude that these technical strategies 

become unprofitable once transactions costs and bid-ask spreads are included. 

On the whole, the profitability of technical strategies is found to be weaker in 

equity markets than in currency markets. In fixed income markets, few studies 

has empirically tested the profitability of technical analysis. 

Fact 3: Suitability of Technical Analysis Differs Among Traders. The 

profitability of technical trading system depends on the traders' psychological 

makeup and compatibility. Two issues are certain here. One, not everyone 

is suited tQ be a trader and two, not every trader can be a profitable techni­

cal trader. (See, for example, Schwager (1990, 1992) and Steenbarger (2002)) 

Recently, academic studies by Lo and Repin (2002) and Lo, Repinz and Steen­

bargery (2005) have begun to focus on the behavioral reaction of traders during 

trading hours. However, this is an area that demands further research. 

Discussions 

Stylized Fact 1: Although the first stylized fact is clear and unambiguous, academics 

are intrigued as to why analysts and traders use technical analysis at all. To resolve 

this puzzling behaviour, a number of theoretical models have been proposed, mostly 

within the noisy rational expectations equilibrium framework. These models assume 

that the current asset prices do not fully reveal all available information because 

of market noise. Consequently, technical analysis can aid investors in disentangling 

information from these market noise. Formal models by Brown and. Jennings (1989) 

and Grundy and l'vicNichols ( 1989) show that a series of price patterns help traders 

to make better judgement of the underlying asset through learning behaviour. In a · 

similar framework, Blume, Easley and O'Hara (1994) consider the role of volume and 
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pnce together, arguing that volume provide important information to traders, one 

that is unique front prices. Overall, the economic impact of an increasing number of 

technical investors in the financial market is yet unclear. 

Stylized Fact 2: The second stylized fact, on the other hand, is still controversial. A 

corollary of efficient market hypothesis (EMH) implies that profitability of technical 

trading systems equates market inefficiency and vice versa, as strongly advocated by 

Fama (1970). Since in an efficient market, prices reflect all available information. 

Technical rules that rely on historical prices should not be able to consistently pro­

duce superior results in comparison to passive trading strategies after adjusting for 

risk and transaction costs. (See, for example, Roberts (1967) and Pinches (1970)) 

Many early empirical studies on US equity markets indeed confirm this hypothesis by 

documenting the fact that moving average and filter rules are unprofitable. This led 

to the conclusion that technical strategies cannot help investors in earning excess re­

turns consist<ently and that financial markets are f:fficient, a::; .Jensf:n and Bf:nnington 

(1970, p.470) summarise this vievv: 

Likewise given enough computer time, we are sure that we can find a 

mechanical trading rule which works on a table of random numbers -

provided of course that we are allowed to test the same rule on the same 

table of numbers which we used to discover the rule. vVe realize of course 

that the rule would prove useless on any other table of random numbers, 

and this is exactly the issue with Levy's (1971) results. 

However, there is a possible flaw to this conclusion. There are hundreds, if not 

thousands, of possible technical strategies for traders to choose from, with many new 

ones being developed daily and old ones discarded. Since it is virtually impossible 

to test all trading systems, is it correct. to deduce that the whole fimutcial market 

is pfficient (or inefficient) based on C\ small subset of trading stratPgies testPd on 

a small subset of securities? As Timmermann and Granger (2004) recently point 

out that empirical tests of EMH need to have access to the full set of forecasting 

models available at any given point in time and the search technology used to select 

the best forecasting model. None of the above studies, however, fully satisfies these 

requirements. Furthermore, Grossman and Stiglitz (1980) identify that a perfectly 

efficient market is impossible due to the costs involved in gathering information and 

interpreting these information. 

Besides, it is \vell known that academic research suffers from the so-called pub­

lication bias-only unusual and significant results get published. The exclusion of 

many other technical indicators may affect. the conclusion that financial markets are 
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Figure 1.2: First-Order Autocorrelation Coefficients of the US 30-year Bond Futures 
Weekly Returns Using 3-year Rolling Windows from January 1978 to February 2005. 

1980 198'3 1986 1989 199:? 1995 1998 2001 :!003 

prematurely, as in the arbitrage scenano envisioned by Shleifer and Vishy (1997). 

The optimal leverage level of a fund depends on a number of factors, such as appetite 

(or perhaps disregard?) for risk. So how should one manages his/ her leverage !eve]? 

Theoretically, Grossman and Vila (1992) solve for the dynamic optimal trading strat­

egy of au investor who faces some form of leverage constraint. Their model assumes 

that investors have constant relative risk aversiou, which may not be reflective of 

actual market participants. 12 Liu and Longstaff (2000) study the optimal investment 

strategy in a market where there are arbitrage opportunities. They find the optimal 

leverage for arbitrageurs is determined largely by the volatility and speed of con­

vergence of the pair trades, and the characteristics of the margin requirements. In 

Duarte, Longstafl' and Yu (2005). they also find that the alllount of capital allocated 

to fixed income arbi t rage is correlated to the strategy excess returns. ThP.y suggest 

that having (p.22) "intermediate levels of capital may actually impmve liquidity and 

enable tmdes to conve1ge mor-e rapidly. '' However , no such study has been carried out 

on technical strategies and so we do not know what are the effects of time-varying 

leverage on the final results and whether an optimal leverage level exists 

12 Along t he same line, Getrnansky, Lo and l'vlakarov (2004) develop an econometric model with 
dynamic leverage characteristic to model hedge funds returns. The exogenous factors are market 
volatili ty and prices. De Souza and Smirnov (2004 ), for example, model the leverage as a funct ion of 
the n t a et value of a fund with barriers. In trading underlying Tr a ury ecuritie , high leverage 
is attainable via repo financing. t hat is, using the 1'reasury securi ties as collateral for fundin g over 
a short-term horizon. 

12 



Stylized Fact 3: The third stylized fact is perhaps the most important: Not every 

trader uses technical trading systems, and not every trader who uses them can be 

, successful. Two important but controversial issues need to be addressed here: ( 1) 

Can a successful technical trading system be publicized and still remain successful? 

and (2) \i\fhat makes a successful technical trader and what are their characteristics? 

Regarding the first issue, there are plenty of evidence presented in Schwager (1990, 

1992). For example, two highly successful technical traders, vVilliam Eckhardt and 

Richard Dennis, debat<ed on wlwther a profitable technical trading system can be 

taught to a group of inexperience traders and remain profitable for these new traders. 

To settle this issue, they taught a number of trainees traders about their highly suc­

cessful technical systems and supply these newly minted traders with capital ranging 

from $500,000 to $1, 000, 000 for them to begin trading with their method. (These 

trainees are the so-called Turtles traders.) After two successive experiments, the trad­

ing results accumulated by these traders were labelled as ''outstanding success" by 

William Eckhardt. (Schwager (1990, p.128)), which perhaps settled the question that 

successful technical trading system can be taught from one generation to another, 

and still remain profitable. 

However, would exposing the successful trading system render them ineffective 

since many investors will be using the same indicators? The answer to this question 

is unclear, as from the above-mentioned experiment, it appears that the technical 

system will remain successful. Another such strategy that survive public scrutiny 

is the momentum strategy initially documented by Jegadeesh and Titman (1993), 

which is still found to be profitable nine years later in J egadeesh and Titman ( 2001) 13 

However, observations from arbitrage activities are less supportive as the burgeoning 

hedge fund sector may add impetus for relative mispricing of securities to disappear 

quickly, especially in the fixed income sector. 14 

13 By and large, the momentmn strategy in Jegadeesh and Titman's (1993, 2001) study and the 
trend-following strategy in the above-mentioned experiment are similar, in the sense that both 
strategies chase after recent price trends. De Long et al. (1990) have modeled such a feedback 
!llechanism between asset prices and market participants' psychology. The basic observation is that 
the higher the asset prices, the more bullish market participants becomes, and vice versa. Studies by 
DeBondt (1993), Griffin, Harris aml Topaloglu (2003) and Brunnermeier and Nagel (2004) confirm 
this trend chasing behaviour by showing that forecasters and institutional investors do chase after 
trends once the trend is detectable in asset prices, and attempt to time the market by reducing their 
holding before the bubble burst. Abreu and Bnumenueier (2003) develop a theoretical framework 
that model the dynamics of asset prices when informed and rational agents ride a price bubble until 
it reaches a critical level. 

14 Riskless arbitrage depends fundamentally on the Law of One Price, which implies that two 
securities with similar payutr structure should lwvc the sawe price. The more capital is put t.u 
execute t.hese a.rbit;rage. strategies, especially on . the relative value strategies in- the fixed income 
market, the faster the convergence between the two securities will take place. The positions for 
arbitrage or convergence will be exactly opposite to that of trend-following technical trading system. 

13 






























































































































































































































































































































































































































































































































