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Section 3. Empirical Methodology 

 

3.1  Description of Technical Trading Rules 

Among technical trading rules, we focus on the most well-known type of rule, the 

moving average crossover with two parameters. The idea behind the moving average 

is to smooth out the volatile series. When the short-term trend penetrates the 

long-term trend, a trend is considered to be initiated. It is the simplest, trend-following 

strategy and serves as the basis for more sophisticated trading systems. According to 

the moving average crossover, trading signals are identified when the short-term trend 

rises above or below the long-term trend.  

   The technical trading rules are determined by two moving averages 1tM and 

2tM  with lengths 2 1 1m m> ≥ . Besides, we also design filter percentages which set at 

0 and 1% to fill out the price movement smaller than a specified size and the 

remaining movements are examined. We denote d  to be the band. Throughout the 

paper, we use c
t{ }x to indicate the stock closing price series and{ }ty to indicate the 

continuously compounded returns, where 1log logt t ty x x −≡ −  

Specifications of the moving average trading strategies are as follow: 

A. Definitions  

1. Short-term Moving Average over m1 days at time t  
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t t ii

M x m− +=
= ∑ ,                                        (1) 

2. Long-term Moving Average over m2 days at time t  

   2
11

( 2 ) / 2m c
t t ii

M x m− +=
=∑ .                                       (2) 

B. Trading rules 

1. Go long at xc
t  if c

t 11 2t tM M dx −− > .                            (3) 

2. Go short at xc
t  if c

t-12 1t tM M dx− > .                            (4) 

The technical trading system is the result of parameterizations. There are three 

parameters m1, m2 and d, which may vary greatly in practice. (3) and (4) classify all 

trading day into buying, selling and no action day. When short-term moving average 

penetrates above the long-term moving average from below by a percentage change 

larger than the band d, a buy signal is generated. On the other hand, if the short-term 

moving average falls below the long–term moving average from above by a 

percentages change larger than d, a sell signal is emitted. No signal is generated if the 

short-term moving average is inside the band. To mitigate the danger of data snooping 

problem, we do not search for ex-post successful patterns in the data, but rather use 

the same set of 10 trading rules analyzed in Brock et al. (1992). The most popular 

moving average rule is 1-200, where the short-term is one day and the long-term is 

200 days; other variations include 1-50, 1-150, 5-150, and 2-200, and each rule is 

evaluated with the bands of 0 or 1%, i.e, d=0 or d=0.01. 
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3.2  Measuring Returns of Technical Trading Rule 

We evaluate performances of the 10 technical trading rules based on 

“double-or-out” scheme as suggested by Bessembinderk and Chan (1998) in which a 

trader simply holds the stock index portfolio in the absence of a trading signal, 

liquidates the portfolio in favor of treasure bills in response to sell signals, and 

borrows at T-bill rate to double the equity position in response to buy signals. Let ty  

denote the day t return on stock index, tr  denote the day t risk-free interest rate, and 

t ty r−  denote the stock index return in excess of the interest rate. Let itπ  denote the 

day t excess return (pre-trading cost) earned by a trader relying on technical rule i as 

compared to that earned by an investor who takes the buy-and-hold strategy. Given 

buy signals at 1t − , the trader earns a return of 2 t ty r− , which exceeds the 

buy-and-hold strategy return by t ty r− , so it t ty rπ = − . Given Sell signals at 1t − , 

the trader earns a return of tr , which exceeds the return from passively holding the 

stock price index portfolio by ( )t ty r− − ,so ( )it t ty rπ = − − . When rule i does not 

generate a signal at 1t − , the trader holds the stock price index to earn ty , so 

0itπ = . 

Here, we consider the measurement errors from non-synchronous reporting of 

prices which induce spurious positive autocorrelation in index price changes as 

documented by Lo and MacKinlay (1990). The trading rules we evaluate here exploit 
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positive serial dependence. They initially emit a buy (sell) signal on a day 

characterized by an unusually large upward (downward) market movement. The 

adjustment of index values resulting from non-synchronous trading suggests that the 

measured returns will tend to be biased in the same direction as the prior day price 

change, which means that the prices we observe are not the prices at which 

transactions could actually have occurred at the times the prices supposedly apply to. 

In other words, what looks like unexploited to make profits does not in fact exist. The 

bias will make the profits from those rules overstated. Therefore, we calculate returns 

by implementing a one-day lag between the initial emission of a signal and the 

resulting trade. 

 

3.3  Time Series Models 

Following Fang and Xu (2003), we estimate four autoregressive processes with 

GRACH in mean: AR(1), AR(1)-GARCH(1,1), AR(1)-GARCH(1,1)-M, 

AR(1)-EGARCH(1,1). Nowadays, more researchers are concerned with conditional 

variance, or the second order moment, of a time series because they find that there are 

some stylized facts of the conditional second moment of returns in the financial 

market. For instance, thick tails suggests that large changes are more often to occur 

than a normal distribution would imply. Volatility clustering indicates that in the 
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financial markets large changes tend to be followed by large changes, and small 

changes tend to be followed by small changes. In other words, the financial markets 

are sometimes more volatile, and sometimes less active. Leverage effect indicates that 

the bad news (negative returns) can have a larger impact on volatility whereas the 

good news (positive returns) can have a smaller impact on volatility. We want to 

uncover the so-called “stylized facts” about the volatility of financial time series, and 

the GARCH model is capable of explaining many of those stylized facts. Under 

GARCH(p,q) model, the conditional variance of tε , 2
tσ , depends on the squared 

errors in the previous p periods, and the conditional variance in the previous q periods. 

We take advantage of AR model with GARCH components to predict the variance of 

residuals and hope to capture stylized facts of the conational second moment of 

returns successfully. Moreover, we use other extensions to predict various types of 

GARCH models. The GARCH-M shows that the high risk is often expected to lead to 

high returns. We can find that the interactions between expected returns and risk as 

measured by volatility, and so the conditional volatility can generate a risk premium 

which is a part of the expected returns. The EGARCH components can explain the 

leverage effects well.  

Here are the description of our time series models: The first model is AR(1),  

1t t ty yμ φ ε−= + +  
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t teε σ=  ,  ~ (0 , 1)te IN  

where ty  is the daily continuously compounded return computed as the first 

difference of the log index on day t, te  is independently identically distributed 

normal variables with mean zero and variance one. AR(1) model shows that the daily 

return depends on that of the prior day, and the variance of tε  does not depend on 

the squared residuals or the conditional variance in the previous periods; it just 

follows a constant variance of σ . The parameters (μ ,φ ) are estimated from the six 

Asian market indices using OLS If the asset returns move in a trend, the φ  would be 

positive significantly. In Panel 2A, where the estimated parameter φ  is significantly 

positive at the 5% level of significance except for Japan stock index, of φ  of 0.0034. 

   The second one is AR(1)-GARCH(1,1) model:  

1t t ty yμ φ ε−= + +  

2 2 2
t 0 1 t-1 1 t-1= + +σ α α ε β σ  

t t teε σ=  ,  2
t-1 tVar ( ) = tε σ  ,  ~ (0 , 1)te IN   

In this model, the conditional variance, 2
tσ , is a linear function of the squared of the 

last period’s errors and of the last period’s conditional variance. The specification of 

the conditional variance implies positive serial correlation in the conditional second 

moment of the return process, periods of high (low) volatility are likely to be followed 

by periods of high (low) volatility—volatility clustering. We use GARCH(1,1) which 
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has only three parameters in the conditional variance equation, to capture the 

aforementioned stylized facts. The parameters are estimated from six Asian stock 

indices using Maximum Likelihood. If the volatility clustering do exist in our data 

sample, the parameters ( 1α , 1β ) should be positive. In Panel 2B, the estimated 

parameters ( 1α , 1β ) across six Asian stock markets are all significantly positive at the 

1% level of significance. Take Taiwan for example, ( 1α , 1β ) is (0.0805,0.9112). 

The third one is AR(1)-GARCH(1,1)-M model:  

2
1 tln ( )t t ty yμ φ δ σ ε−= + + +  

2 2 2
t 0 1 t-1 1 t-1= + +σ α α ε β σ  

t t teε σ=  ,  2
t-1 tVar ( ) = tε σ  ,  ~ (0 , 1)te IN   

Under this return-generating process, the model interacts between expected returns 

and risk as measured by volatility. The conditional returns are linear functions of the 

conditional volatility. If the conditional volatility can generate a risk premium, the 

value of δ  would be positive significantly. The parameters are estimated from six 

Asian stock indices using Maximum Likelihood. In Panel 2C, the estimated parameter 

δ  shows significantly positive between conditional mean and conditional variance at 

the 5% level of significance except for Korea, δ  of 0.000085.  

The forth one is AR(1)-EGARCH(1,1) model: 

1t t ty yμ φ ε−= + +  
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t-1 1 t-12 2
t 0 1 1 t-1

t-1

+
log = + + log

ε γ ε
σ α α β σ

σ
 

t t teε σ=  ,  2
t-1 tVar ( ) = tε σ  ,  ~ (0 , 1)te IN  

While this model also tries to capture persistent volatility as does the GARCH model, 

it differs is that the log of the conditional variance is able to capture “leverage effect”. 

The 2
tlogσ  function above presents that when t-1ε is positive or there is “good news”, 

the total effect of t-1ε  would be 1 t-1(1+ )| |γ ε ; on the other hand, when t-1ε  is 

negative or there is “bad news”, the total effect of t-1ε  would be 1 t-1(1- )| |γ ε . If there 

is leverage effect in our samples, the value of 1γ  would be expected to be negative 

significantly. The parameters are estimated from six Asian stock indices using 

Maximum Likelihood. In Panel 2D, the estimated parameters 1γ  is significantly 

negative at the 1% level of significance. In Taiwan, the 1γ  is -0.8566. 

We use a rolling window estimation strategy, in which the parameters are 

estimated on a window consisting of a fixed number of historical data available at day 

t to generate out-of-sample forecasts. The available information is based on historical 

data of 200 days which is the same with the long-term of the last four technical 

trading rules. Suppose that one trading period begins at time 1t − , the information set 

is from 200tI −  to 1tI − . The simple trading strategy can be formulated as follows. 

A. Definitions : A buy (sell) signal is generated at time 1t −  if  

200~ 1( | ) ( )t t tE y I δ δ− − > < −   
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where δ  is a predetermined non-negative constant.  

The constant δ  could be non-zero due to the consideration of some factors such 

as trading costs. In the absence of compelling reasons to choose a specific level, it is 

simply taken to be zero in our empirical analyses. 

 

3.4  Combination Forecasts  

Trading strategies combining the technical trading rules and time series models 

can be defined as follows: 

A. Definitions 

A buy (sell) signal is generated at time t-1 if both technical trading rule and the 

time series model emit buy (sell) signal base on 1tI − . 

 

Due to the predictability of both the technical trading rules and time series 

models—these two strategies may be able to identify periods to be in the market or 

out of the market. Thus, it motivates us to combine the two rules to study whether the 

combined strategies might yield favor excess returns. The combination is not sensitive 

to signals, as that it can lower the number of transactions. It is also able to distinguish 

the right moves over the long run and has high potential to yield excess returns in a 

costly trading environment. 
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Since the GARCH component is meaningful in presenting the second order 

moment and the AR(1)-GARCH(1,1) has better predictability than others, the 

AR(1)-GARCH(1,1) model is used as one part of our combination model in the 

empirical analysis. In order to combine these two methods, we have to evaluate the 

performance of the AR(1)-GARCH(1,1) model with parameters estimated based on 

the available data. We also use rolling technique, in which the window lengths are 

taken to be the length of the long-term moving averages used in the technical trading 

rules, 50 150, and 200 days. 

 

 

 

 

 

 

 

 

 


